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Abstract 

Computer programming is regarded as a complex and difficult set of cognitive 

challenges influenced by a number of internal and external variables, and so the 

teaching and learning of computer programming has continually proven problematic. 

Even graduate software developers are often considered ill-equipped for industry. 

 

The purpose of the research project was to determine whether the personality and 

problem-solving skills of novice programmers could determine potential suitability for 

specific software development roles, having first examined the personality types and 

problem-solving skills of professional software development personnel, considering 

relative personality trait strengths in relation to specific software roles; analysis, design, 

development and testing. Problem-solving skills acquisition, selection and application 

were considered in relation to each role, and data from both studies triangulated. 

 

Data was collected from software development personnel in industry and from HNC 

computing students at Moray College UHI. The Keirsey Temperament Sorter was used 

to collect and analyse personality data, while HNC computing student problem-solving 

skills were tested via a computer programming aptitude test (CPAT). Participants from 

both samples were interviewed to determine how they acquired, selected and applied 

problem-solving skills. 

 

While some research findings matched prior research, several new and important 

observations were made in this work. 1) Certain personality types, traits or trait 

strengths, can be associated with specific software development roles. 2) SD personnel 

and HNC computing students share many problem-solving skills, although SD 

personnel are more effective in selecting and applying them. 3) Strategy-gaming, 

puzzle-gaming, playing music and disassembly/reassembly, are key sources of 

problem-solving skills, rather than education. 4) SD personnel with leadership positions 

tend towards extraversion, while other roles tend strongly towards introversion. 5) 

Sensing and judging were the most dominant personality traits, while thinking/feeling 

appeared less important. 6) Suitability for specific roles can be determined by problem-

solving capability and associated personality trait strengths. 
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1. Introduction 

Computer programming education effectively began in 1968 at MIT, expanding initially 

from there, to a limited number of North American universities, before extending to 

many higher education institutions following the advent of the home computer around 

1984 (Tomayko, 1998). By the mid-to-late 1980's, computer programming was being 

taught in the senior school phase, and in the 21st century has found its way into the 

junior school phase. Technological and societal changes have continually shaped the 

teaching of computer programming, and while the mode and medium may have 

evolved and adapted, the core concepts remain relatively unchanged. Some issues in 

teaching and learning have persisted since those early days, while new concerns have 

materialised as the demand for skilled software developers began to surge 

exponentially.  

 

1.1. Problems Learning and Teaching Computer Programming 

There are several long-recognised historic difficulties inherent in the teaching and 

learning of computer programming (Ala-Mutka, 2004) and learning to program has long 

been considered a complex process, requiring a broad range of skills and incorporating 

significant cognitive load (Mayer, 1981; Pea and Kurland, 1984; Eckerdal and Berglund, 

2005; Li, 2016). Educational theorists focussed heavily on the cognitive aspects of 

learning to program while the discipline was in its infancy (Soloway, 1985), and while 

there has been significant research into the difficulties of learning to program 

(Weinberg, 1971; Sheil, 1981; du Boulay, 1989; Winslow, 1996; Rahmat et al., 2011; 

Pieira and Costa, 2013), with diverse approaches tested, very few interventions have 

been considered successful (Pears et al., 2007). 

 

Nearly half a century after computer programming was introduced as a taught subject 

and with incredible technological leaps in the intervening period, the root problems 

identified by early researchers persist (Mason, 2012; Teague and Lister, 2014; Ahadi 

et al. 2014; Teague, 2015). Computer programming has seen significant development, 

especially within the last decade, as advances in mobile technology have opened up a 

whole new market to software developers, catering for different device types and 

platforms (Gartner, 2016). This rapidly expanding market has pushed recruiters to the 
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limit (Savage, 2015; Baker, 2017; Jadav, 2018). An increased choice of programming 

languages and Integrated Development Environments (IDEs) have become available 

and continue expanding, but from a theoretical perspective the essential elements of 

learning to program persist (Eng, 2013). An understanding of the constructs and 

abstract processes involved remains essential (Teague et al., 2015). Language syntax 

and environmental tools play a significant role in the learning process, but only a strong 

grasp of fundamental programming concepts can lay the foundations for a software 

development career (Eng, 2013). 

 

While the high attrition rate in introductory computer programming courses may have 

been traditionally viewed as a necessary evil for retaining only the very best 

programmers (Bills and Biles, 2005), over the last two decades this factor has become 

a growing concern as the demand for programming graduates has increased sharply 

(Southworth, 2015; Parcellis, 2015; World Economic Forum, 2018). A persistent and 

unproven ideology holds that only a certain stereotypical individual meets the 

necessary criteria to make it as an expert programmer (Palamountain, 2013; Porter, 

2014), and while this archaic notion is now largely dismissed in academic circles, the 

image continues to persist in popular culture (Henn, 2014) and is often reinforced in the 

media (García-Crespo et al., 2009). There is almost always a gender imbalance on 

computer programming courses, often perceived as a male-orientated domain (Sankar, 

2015). This perception, possibly linked to the programmer stereotype, appears self-

fulfilling, as it deters females from enrolling on computer programming courses (Henn, 

2014) or following ICT careers in general (Corbin, 2014). There is hope however that 

the gender balance is showing signs of improvement (EQUALS Research Group, 

2018). 

 

Software development industry experts insist that there is a graduate shortage from 

which to recruit (Gorman, 2014; The Edge Foundation, 2019; Full Scale, 2019). The 

notion stems perhaps from a period of significant decline in computer programming 

course enrolments (Mason and Cooper, 2014), however there has been a steady 

upward trend, starting around 2010 (Thibodeau, 2013), to reach a level where 

institutions are now struggling to cope with the number of prospective students (Bruce, 

2018).  The graduate gap stemmed from a period in which fewer numbers were 
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studying computer programming (Denholm, 2014) coupled with considerably increased 

industry demand (Hinsliff, 2015). There is a seeming disparity in the recruitment 

process however, with recruiters often finding prospective candidates either simply 

unsuitable for positions, or lacking experience (Gorman, 2014). Baker (2017) reported 

that the US had seen nine years in which software development positions were the 

hardest posts to fill, but that the issue was one of quality, not quantity. The author 

indicated that companies were willing to pay up to 20% higher salaries for desirable 

talent, but that if they missed out on recruiting in the first phase, then would 

subsequently struggle to fill positions. Many software development companies provide 

their own in-house training programs, through which graduates can progress to become 

fully functioning members of software development teams (ATOS, 2015), although 

most appear to prefer off-the-shelf programming experts, ready to begin coding 

immediately (Gorman, 2014).  

 

Organisations unable to procure suitable candidates for software development 

positions may consider themselves suitably entitled to complain about declining 

educational standards, however most graduate applicants are highly unlikely to be 

industry-ready. “It takes ten years to turn a novice into an expert” programmer, 

suggesting that progression on “a four year undergraduate program is limited, at least 

for most students”, and the best we can do in this respect is to “prepare the student to 

make the rest of the progress on his/her own” (Winslow, 1996, p.18). Presumably the 

author envisioned any further advancement as taking place within an industry context 

or through further study, and may have been referencing Simon (1979, p.82), who 

defined the acquisition of problem-solving expertise as follows; “No one, no matter how 

intelligent, skilled in problem solving, or talented, becomes a master without 10 years 

of intense exposure to the task environment”. 

 

Headhunting in the software development industry is fiercely competitive, with many 

developers, having found gainful employment, reticent to leave, and often receiving 

significant incentives to remain (Savage, 2015). Many organisations have turned to out-

sourcing to meet their software demands, with some having encountered serious 

limitations and financial implications in out-sourcing software contracts (Vaihansky, 

2012). Ali and Shubra (2010) suggested that software industry out-sourcing could result 
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in a feedback cycle, by creating a perception that less developer positions are available, 

so that courses accept fewer enrolments, resulting in less graduates to fill positions and 

further driving the need to out-source contracts (Saini et al., 2006; Zaidi, 2018). 

 

There has been a trend in recent years, for secondary schools in the UK and perhaps 

further afield, to place greater emphasis on IT soft-skills than on computer science 

(Wells, 2012; Wakefield, 2017). In many instances, this has resulted in computing no 

longer being delivered as a discrete subject, with large numbers of school leavers never 

encountering any formal computer programming study throughout their educational 

experience (Computing at School, 2012; McDonald, 2017; McEnaney, 2019). This 

trend has been somewhat reversed by the recent introduction of new curricula in 

England and Scotland, with a stronger emphasis on coding skills (Dredge, 2014), 

however the impact may have been severely constrained by the lack of trained 

professionals available to deliver it (NASUWT, 2012; Bateman, 2014; Shein, 2019). 

These measures were aimed at addressing a growing shortfall in developers and the 

notion that the UK was being left behind in this field (Shepherd, 2011), with a national 

perception that the UK should be at or near the forefront of the software development 

industry (NESTA, 2011). Some would argue that these educational initiatives arrived 

too late and that until the current generation enters the job market, the graduate 

programmer shortage will remain a persistent concern (Gartner, 2016). In the UK, the 

digital tech sector is currently out-growing the non-digital sector by double the rate and 

while European Economic Area migrants have contributed to narrowing the gap 

(techUK, 2017), concerns over Brexit will undoubtedly impact future recruitment (The 

Edge Foundation, 2018). 

 

One measure aimed at lessening the impact of the graduate shortfall has been the 

introduction of ‘coding boot camps’ (Hinsliff, 2015; Latham, 2015). These purport to add 

to the pool of available skilled programmers, but a cynic might suggest that they simply 

exploit the out-of-work or out-skilled and are generally ruthless in ejecting anyone failing 

to make the grade (Wilson, 2017).  

 

The issue of failure rates has always been a topical one for computer programming 

teachers, institutions, and researchers, however the seemingly high failure rate could 
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be a misconception exaggerated by the perceived graduate shortage, in itself a 

possible product of  a period of dwindling enrolment figures (Mason and Cooper, 2014) 

and sustained low-trending female enrolments (Sankar, 2015). 

 

Computer programming is widely considered a cognitively demanding discipline (Sheil, 

1981; Eckerdal and Berglund, 2005; Ahadi et al., 2014), but the ‘art of programming’ 

demands a far broader skillset than programming language comprehension alone. 

Industry experts often rate soft skills such as communication, teamwork and business 

skills as of equal or greater importance when recruiting (Hamilton et al., 2015; Capretz 

and Ahmed, 2018). For most employers, problem-solving appears to be the most 

desirable skill in computer programming (Winslow, 1996; Ferguson, 2019). An inherent 

difficulty encountered in further and higher education is that students rarely come 

equipped with good problem-solving skills (Daly and Waldron, 2002). As with 

algorithmic skills and logic, problem-solving is something which as school pupils, 

students might have encountered in a subject-specific context, but rarely been taught 

discretely (Milková and Hůlková, 2013). Even those with well-developed problem-

solving skills have difficulties transferring those skills to a programming context (Kwon, 

2017). 

 

1.2. Research Context 
Teaching computer programming from 2008, to the first year of secondary school up to 

third year BSc level, the difficulties in teaching and learning computer programming 

have been a constant focus. From a subjective and observational viewpoint, there 

appear to be a number of external and internal factors influencing learner progress, 

although even minor successes sometimes appear to be enough in themselves to spur 

on the novice. While a proportion of students appear to have a natural affinity for it, 

some through forceful determination and prolonged practice eventually become 

reasonably competent, while others seem to endlessly struggle.  

 

The nature of the individual may determine the likelihood of success and not just in 

terms of ability. Factors such as self-efficacy, motivation and attribution are aspects of 

personality that could be influential as barriers or drivers to achievement. The reasons 

for embarking on a course may be pivotal, while the psychological aspect of computer 
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programming suggests that these facets of personality endure significant stress when 

learning to program, owing in particular to the cognitively demanding nature of the 

discipline. External factors may also impact student capability or willingness to engage. 

Students have other demands on their time; other units of study, part-time work and a 

social life to balance, and unfortunately learning to program can eat up considerable 

chunks of time, so is often the easiest element to sacrifice.  

 

1.3. Research Rationale 
The duration of any programming course or unit is almost always insufficient to cover 

anything other than the basic concepts. Those who teach programming must be aware; 

that to teach the syntax of a language and the fundamentals within it, are the likely 

extent of what can be achieved, and to do so means neglecting many associated 

aspects of software development or simply glossing over them. It could be argued that 

considerable time should be set aside for problem-solving and examining the types of 

problem that a programmer might encounter, but with no time for problem-solving 

training, the teacher must assume that students’ already possess adequate problem-

solving skills or attempt to teach problem-solving in parallel through suitable 

programming tasks. The former option is inherently dangerous, as in any group the 

range of problem-solving ability of novice programmers is likely to be diverse. Teaching 

problem-solving alongside programming also possesses inherent dangers, with a 

significant additional time overhead, but perhaps more problematic is the significant 

associated risk of cognitive overload.  

 

The problem-solving aspects of learning to program, associated with; analysis, design 

and testing tasks, generally receive little attention, with most courses or units focussed 

purely on the development aspect. There appears to be a general disregard for the fact 

that these other roles, although not as stimulating or exciting as pure development, do 

account for a significant number of industry positions. As with problem-solving, it may 

be possible to briefly cover each aspect within a course or unit, but a great deal must 

be omitted to cater for the core programming material.  

 

Having observed these issues first-hand in the classroom and having investigated the 

suitability of different problem-solving approaches through an action research project 
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as part of a Masters dissertation, it became apparent that the problem-solving capability 

of novice programmers was generally very limited and that students had significant 

difficulty in transferring whatever skills they did possess to a programming context. 

There are serious questions to address regarding the transferability of generic problem-

solving skills to a programming context and around programming specific problem-

solving skills, how they are acquired and how they map to specific industry roles. The 

relationship between personality and problem-solving also merits closer examination, 

as it would seem that the two are closely connected. Within the individual software roles 

of; analysis, design, development and testing, problem-solving and personality deserve 

closer inspection, to determine if specific problem-solving skills, personality types or 

traits, can be associated with specific roles. 

 

The personal insights gained from teaching computer programming to a range of ability 

levels, and observation of individual behaviours and reactions when encountering 

difficulties, formed the basis for this project. The evaluation of similarities in 

relationships between personality and problem-solving strategies in novice computer 

programming students, and those observed in professional software development 

personnel, is the core aspect of this research, characterised by three relational 

components (Fig. 1.1): 

 

• The role of personality and its relationship to software development task/role 

preference 

• Potential links between personality and problem-solving strategy selection and 

application 

• Potential links between problem-solving strategy selection and application with 

software development task/role preference 
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Figure 1.1 - Inter-connected Aspects of the Research 

 

From the viewpoint that novice computer programming students often encounter 

difficulties when problem-solving (McCracken et al., 2001; de Raadt et al., 2009; Kwon, 

2017), while certain personality trait groupings appear to be more successful in 

computer programming education and in professional software development than 

others (Sach et al., 2010), this research examined possible links between these 

aspects. 

 

1.4. Research Questions 

Plausible connections between personality types/traits and individual suitability for 

software development, both in industry and education, were posited by Capretz and 

Ahmed (2010) and tentatively investigated by Schaubhut and Thompson (2008) and 

Capretz et al. (2015). It was proposed by Varona et al. (2014) that certain personality 

types might not be suitable for software development, while other authors have 

proposed that certain personality characteristics or trait combinations could indicate 

individual suitability for specific software development roles (Capretz, 2003; Sach et al., 

2010; Montequin et al., 2012). Problem-solving ability is an important factor in software 

development and has been strongly linked to aspects of personality (Robertson and 

Tinline, 2007; Da Cunha and Greathead, 2007). The aim of this research was to 

investigate the plausibility of these links and whether they could be applied to novice 

computer programming students to determine their potential suitability for industry 

specific software development roles. 
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The following research questions were proposed in order to investigate the roles of 

personality and problem-solving ability in software development personnel, before 

extending the investigation to examine the same factors in novice computer 

programming students, considering potential similarities or differences across both 

studies: 

 

To what extent do personality type, traits or trait groupings and problem-solving 

strategy skills, indicate suitability for specific roles within the software 

development industry? 

 

1. How influential are personality types, traits or trait groupings in 

determining suitability for specific roles within the software development 

industry? 

2. How do software development personnel recognise, acquire, select and 

apply problem-solving strategies? 

3. How influential are problem-solving strategy skills in determining suitability 

for specific roles within the software development industry? 

 

What relationships exist between personality type, traits, or trait groupings and 

problem-solving strategy selection in novice computer programming students? 

 

1. How influential are student personality types, traits or trait groupings in 

determining suitability for specific software development roles? 

2. How do HNC computing students recognise, acquire, select and apply 

problem-solving strategies? 

3. To what extent do student problem-solving strategy skills determine 

potential suitability for specific roles within the software development 

industry? 
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What relationships exist between novice computer programming students and 

software development personnel, in terms of personality type/traits and problem-

solving expert strategy skills? 

 

1. What similarities are there in personality type, traits or trait groupings, 

between novice computing students and software development personnel 

that can be associated with a specific software development role? 

2. What similarities are there in problem-solving strategy skills, between 

novice computing students and software development personnel that can 

be associated with a specific software development role? 

 

In the following literature review section, consideration is given to historical issues 

encountered in the learning and teaching of computer programming, particularly 

concerns regarding the potential for cognitive overload and how problem-solving ability 

and personality impact learner performance. Valid industry and educational concerns 

regarding the suitability of courses are explored, including differing approaches to 

course delivery and the suitability of graduates, as well as what it means to be an expert 

problem-solver and how that relates to learning to program and software development 

as a profession. The literature review further examines studies considering personality; 

in learning to program and in the software industry, as well as relationships between 

personality and problem-solving, and how they might relate to specific industry roles. 
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2. Literature Review 

This literature review examines some historical difficulties observed in learning and 

teaching computer programming, particularly the associated problem-solving concerns. 

It also demonstrates how many of those learning and teaching issues continue to be a 

major concern, focussing on the perceived intellectual and cognitive challenges 

presented as well as the potential influence of personality in learning to program: 

 

• Enrolments (Mason and Cooper, 2014; CRA, 2017; Soper, 2014; Bruce, 2018; 

Roberts, 2016; DEEWR, 2011; Hinsliff, 2015). 

• Rate of attrition (Kinnunen and Malmi, 2006; Watson and Li, 2014; Raigoza, 

2017; Bennedsen and Caspersen, 2019). 

• Industry concerns (Hagan, 2004; Thomson, 2008; Capgemini consulting, 2013; 

Gorman, 2014; Southworth, 2015; Parcellis, 2015; Hinsliff, 2015; Hamilton et 

al., 2015; Jadav, 2018; World Economic Forum, 2018). 

• Student Personality, Attitude, Motivation and Perceptions ((Myers, 1962; 

Keirsey and Bates, 1984; McKeachie, 1988; Goold and Rimmer, 2000; 

Kinnunen and Malmi, 2006; McCartney et al., 2007; Gifford and Nilsson, 2014; 

Settle et al., 2014). 

• Learning strategies (McKeachie, 1988; McCombs, 1988; Johansson, 2015; 

Shibli and West, 2018). 

• Cognitive difficulties (Linn and Dalbey, 1989; du Boulay, 1989; Miliszewska 

and Tan, 2007; de Raadt et al., 2009; Anderson and Gegg-Harrison, 2013; 

Awbi et al., 2015). 

• Mental Models (Sheil, 1981; Linn and Dalbey, 1989; Kurland et al., 1989; 

Winslow, 1996; Mason and Cooper, 2014). 

• The Notional Machine (du Boulay, 1989; Ragonis and Ben-Ari, 2005; Bornat et 

al., 2008; Sorva, 2013; Bower and Falkner, 2015). 

• Properties of expert programmers (Pea and Kurland, 1984; Soloway, 1986; 

Dreyfus and Dreyfus, 1986; du Boulay, 1989; Guindon, 1990; Pillay and Jugoo, 

2005; Thuné and Eckerdal, 2009). 

• Problem-solving concerns (Reif, 2008; Smith and Sullivan, 2012; Garneli et al., 

2015; Gragueb and Edelman, 2018). 

• Expert V Novice problem-solving (Simon, 1979; Resnick, 1985; Bloom, 1985; 
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Winslow, 1996; Mayer, 1998; Hollingworth and Mcloughlin, 2000; Zimmerman 

and Campillo, 2003; Brechner, 2003; Ala-Mutka and Järvinen, 2005; Bubica 

and Boljat, 2014; Veerasamy et al., 2018). 

• Problem-solving in different software development roles (Capretz et al., 2015; 

Lozančič, 2016; Wilson, 2017; BRG, 2018; Hakes, 2018). 

 

This literature review also examines issues inherent within introductory computer 

programming courses, such as; cognitive load, problem-solving concerns and 

difficulties transitioning to industry, as well as interventions aimed at attempting to 

resolve these. The aims of those intervention attempts can be loosely categorised as 

pedagogical, curricular, student-focussed, industry-focussed, or addressing cognitive 

learning development concerns (du Boulay, 1989; Lakanen and Isomöttönen 2015), 

particularly in problem-solving and algorithmic thinking (Sun et al., 2011; Falkner et al., 

2014). These interventions have cited a number of justifications for attempting to 

improve the student learning experience (Adams et al., 2006; Corney et al., 2010): 

 

• To better prepare students for transition to relevant employment (Teague and 

Roe, 2008; Koppi et al. 2009; Mohtadi et al., 2014; Hamilton et al., 2015; 

Garousi et al., 2018; Tüzün et al., 2018). 

• Improving pass rates (de Raadt et al., 2009). 

• Developing problem-solving skills (Allan and Kolesar, 1997; Cook, 2008; 

Luxton-Reilly et al., 2013, Michaelson, 2015; Kwon, 2017). 

• Encouraging critical-thinking and self-reflection (Friese, 2010; Aureliano, 

2013). 

 

This literature review will therefore also consider the following: 

• The role of problem-solving skills in learning to program and in enhancing 

student engagement (Winslow 1996; Soloway and Spohrer, 1989; McCracken 

et al., 2001; Whalley et al., 2007; Da Cunha and Greathead, 2007; Lopez et 

al., 2008; Simon et al., 2009b; Kumar 2013; Pasqualis, 2018). 
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• The role of personality in an educational (Montequin et al., 2012; Varona et al., 

2014; Gnambs, 2015) and industry context (Lyons, 1985; Thomsett, 1990; 

McConnell, 2003; Schaubhut and Thompson, 2008; Feldt et al., 2010; Wiesche 

and Krcmar, 2014; Capretz et al., 2015; Smith et al., 2016). 

• Issues encountered in the transition of graduates to industry (Begel and 

Simon, 2008; Sixsmith and Litchfield, 2010; Mason and Cooper, 2013; Capretz 

and Ahmed, 2018; Tüzün et al., 2018). 

• The potential advantages and disadvantages of pair-programming or team-

based learning, and the influence of personality on teamwork (Katira et al., 

2004; Lasserre, 2009; Lewis and Shah, 2015; Zarb et al., 2015). 

• Problem-solving skills and application (Winslow, 1996; Lakanen and 

Isomöttönen, 2015; Falkner et al., 2015; Kwon, 2017).  

• Attributes that define an expert programmer (Baltes and Diehl, 2018) 

• Comparisons of novice and expert problem-solving strategy application 

(Soloway, 1986; Aureliano, 2013; PISA, 2010).  

• Potential links between software development roles and specific personality 

types/traits (Gorla and Lam, 2004; Schaubhut and Thompson, 2008; Sach et 

al., 2010; Wiesche and Krcmar, 2014; Capretz et al., 2015; Gilal et al., 2017). 

 

2.1. Search Strategy 
The search strategy for this literature review comprised two distinct elements. The first 

of which was a review of the perceived issues and concerns associated with learning 

to program:  

 

• Historical concerns 

• Personality and learning ability concerns 

• Cognitive concerns 

• Problem-solving concerns 

 

To locate resources covering the specified topics, search terms included keywords 

such as; “difficulties, learning, program, novice, cognitive, problem-solving, 

programming, software development, education, personality” 
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The second element of the literature review examined inherent issues in computer 

programming courses and interventions aimed at attempting to resolve them: 

 

• The educational perspective 

• The industry perspective 

• The skills required for industry 

• Novice problem-solving in learning to program 

• Expert problem-solving in programming 

• Personality in learning to program 

• Personality in industry 

• Problem-solving and personality in programming 

• Software development roles and personality 

 

In addition to the keywords used when considering the perceived issues and concerns 

associated with learning to program, searches for these topics included the following 

additional keywords: “industry, expert, MBTI, KTS-II, transition, pair-programming, 

notional machine, mental models”. 

 

The UHI electronic library system and ACM Digital Library in particular, were major 

sources used in searching for articles. Research gate was also a useful resource for 

access to a broader range of research. Having exhausted these resources, Google 

Scholar provided a number of sources. The Google search engine was also used 

extensively, especially when searching for up-to-date business and industry 

information or perspectives. Including “pdf” in the search parameters was also helpful 

in restricting the results to journal articles, proceedings and subject-specific books. 

 

Legitimate, authoritative, academic journal articles and publications were sought for the 

most part, although certain topics relied on news, business or specialist subject 

websites to provide information on the latest trends, insights and concerns. This was 

especially the case when examining the state of the industry, current working practices, 

recruitment, and the transition of graduates to industry. 
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A broad spectrum of resource types were accessed for the literature review. These 

included: 

 

• Academic, educational, business and scientific research journal articles  

• Literature reviews and surveys 

• Conference, symposium and workshop proceedings / transactions / bulletins 

• Masters dissertations, PhD and doctoral theses 

• Government / educational / technical and special interest group reports 

reviews and policy documents 

• Essays, manuals, books and book chapters 

• News, media, business and specialist subject websites 

 

The examination of sources for the literature review was in part determined by the 

nature of the topics identified for inclusion, however at all times, well-written journal 

articles, publications or books, were considered suitable for inclusion, as long as they 

contributed something meaningful to the discussion and helped build a representative 

picture of the topic under consideration. Articles were individually critiqued, considering 

their merits in terms of the validity of their research question, methodology, data 

gathering techniques, analysis and findings, and where a paper demonstrated weak 

research approach or findings, it was excluded from the literature review or these 

aspects highlighted in the literature review. Generally, a range of sources were included 

for a topic, demonstrating a perspective across a natural timeline where appropriate, 

as demonstrated in the first part of the literature review, which examined; the historical 

difficulties of learning to program from the early 1980’s up to the present day, student 

enrolment figures and rates of attrition across a similar timespan. 

 

2.2. Historical Difficulties 

Pea and Kurland (1984, p.149) defined computer programming as a “set of activities 

involved in developing a reusable product consisting of a series of written instructions 

that make a computer accomplish some task”. Perceiving the inherent difficulties 

involved in teaching computer programming, the authors noted that a, “constellation of 

skills which comprise programming has long been a major problem for industry” (Pea 

and Kurland,  1984, p.149), and that expert programmers possess; knowledge 

schemas, memory organisations, debugging strategies and sets of rules for solving 
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programming problems. The authors identified a need to establish a developmental 

cognitive understanding of how novices construct working mental models, through 

programming instruction and repeated practice, linked to prior instruction.  

 

Robins et al. (2003, p.138) carried out a significant and detailed review of research into 

learning and teaching programming, particularly that which operated from a 

“psychological/educational perspective”. While acknowledging that “programming is a 

very useful skill and can be a rewarding career”, the authors also recognised that 

“learning to program is hard” and that “novice programmers suffer from a wide range 

of difficulties and deficits” (Robins et al., 2003, p.137). 

 

Ala-Mutka (2004) undertook a full literature review of the difficulties encountered in the 

learning and teaching of programming. Key findings suggested that novice 

programmers tend not to make much progress, possess “limited to surface knowledge”, 

treat code on a “line-by-line” basis and tend to apply “small local fixes instead of more 

thoroughly reformulating programs” (Ala-Mutka, 2004, p.2). The author proposed that 

while teacher perceptions of novice difficulties tend to be borne out in the long run, the 

students themselves appear unable to recognise the gaps in their own understanding. 

Individual characteristics in terms of; learning strategies, attitude, motivation and prior 

knowledge, were considered to be factors potentially dictating how a student might 

respond when “confronting a problematic situation” (Ala-Mutka, 2004, p.3).  

 

One of the key difficulties identified by Ala-Mutka (2004) relates to the concept of a 

notional machine (du Boulay, 1989). The ability to articulate a mental model of the 

underlying mechanisms involved in program execution appears to be difficult for novice 

programmers, and many educational researchers have invested a great deal of time 

and effort developing algorithm visualisation tools to help make the process graphically 

explicit (Lahtinen et al., 2008; Kalia et al., 2010; Sorva et al., 2013; Hoffswell et al., 

2018). Ala-Mutka (2004) determined that code-reading and code-writing skills were vital 

for program comprehension, in conjunction with an ability to build mental models of 

running programs, anticipating program behaviour. Linked to the development of 

mental models, the author stressed the need for explicit instruction of testing and 

debugging strategies. 
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The final area for consideration by Ala-Mutka (2004) concerned the choice of 

programming approach; object-oriented or procedural. While object-oriented 

programming languages are seen as a; “natural way of conceptualising real-world 

problems” by implementing a structured approach, they undoubtedly add a level of 

abstract complexity above that of procedural paradigms (Wiedenbeck et al., 1999). 

Novice mental representation of control flow and data flow processes are more easily 

achieved by adopting a procedural approach, yet many institutions still prefer to employ 

an objects-first approach, citing industry relevance and employability skills as reasoning 

(Mason and Cooper, 2014). Employers are always mindful to stress the importance of 

an object-oriented programming approach, highlighting relevance to mobile application 

development, where it is particularly dominant (Weisfeld, 2013; Onu et al., 2015).  

 

The links between mainstream education, further education, and industry recruitment, 

were scrutinised by Shepherd (2011), who contended that “ICT in schools only teaches 

pupils word processing and spreadsheets, and not the technical knowledge of 

computer science, such as coding, programming”. In a lecture statement, Eric Schmidt, 

chairman of Google claimed that the UK “had failed to capitalise on its record of 

innovation in science and engineering” (Shepherd, 2011), to which David Cameron 

(BCS, 2011) responded by admitting that Britain was “not doing enough to teach the 

next generation of programmers”. The Livingstone-Hope skills review of 2011 warned 

that “if the government failed to address the problem, the UK would no longer remain 

globally competitive in these fields” (NESTA, 2011). There can therefore be seen to be 

a direct correlation between the neglected teaching of computing science in schools, a 

period of declining enrolment figures in computing science degrees, and a subsequent 

lack of graduates for industry software development positions (Nock, 2015). The 

problem may be more complex however, with Heath (2016) suggesting that universities 

think they are teaching the latest technologies, but that, at graduation, students are ill-

equipped for industry, with the pace of technology rendering their skills redundant. The 

author suggested that tech companies are themselves largely responsible for the 

perceived graduate shortage, owing to their reluctance to provide on-the-job training 

and their over-zealousness in obtaining visas for overseas workers, who are paid 

considerably lower salaries than their US counterparts. 
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2.2.1. Enrolments  

Mason and Cooper (2014), surveying university courses in introductory computer 

programming in Australia and New Zealand, found that a steady decline in enrolments 

from 2001, or perhaps even earlier and continuing until 2010, had been dramatically 

reversed by 2014, with an almost 30% average increase per course of study. In the 

USA and Canada, the Computing Research Association (CRA, 2017), reported a 

steady increase in CS majors enrolments from 2006 onwards, over-taking the dot.com 

average by 2012-2013 and reaching almost double that by 2015. While there are clear 

indications that the decline in enrolments may have been linked to a general recognition 

of how difficult learning to program is (Teague, 2015), there is no apparent explanation 

for the reversal in the decline, other than an increased public awareness of improved 

job opportunities in the sector (Andor et al., 2013) or increased and earlier access to 

computing science taster courses (McGee et al., 2017). 

 

Soper (2014) demonstrated that the most recent decline in computer science degree 

awards reached its lowest in the United States during the period 2007-2009, but that a 

third surge had subsequently commenced. Figure 2.1 demonstrates clearly the first 

surge in enrolments taking place in the mid-80’s, attributed to the huge sales in home 

computers at that time (Soper, 2014).  

 

 

Figure 2.1 CS Bachelors’ Degrees awarded in US (Soper, 2014) - Picture reproduced with permission of GeekWire 
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Peter Harsha, director of government affairs for the American Computing Research 

Association (CRA) held a different perspective on the most recent upward trend in 

computer science enrolment figures, suggesting that “students are much more aware 

of the importance of computational thinking in just about every other field of science 

and technology” (Thibodeau, 2013). The increased interest can therefore be linked to 

a perception amongst non-computer programming majors that training in computer 

programming may enhance their employability opportunities in other fields (Simon et 

al., 2009a). A report presented by the CRA in 2013 reported a 23% increase in US 

undergraduate computer science majors from 2010 to 2011, followed by a 22% 

increase in 2011 to 2012 and a further 13.7% increase the subsequent year (Brown, 

2014). By 2018, computer science had become such a popular choice of study, that 

many universities lacked the staff to cope with the numbers and were having to increase 

class sizes or turn away prospective enrolments (Bruce, 2018). According to Roberts 

(2016), the prospect of a capacity collapse as happened in the first two surges, has 

been very real since 2009.  

 

In the mid-80’s, the number of unfilled teaching posts left universities unable to meet 

the massive demand, so caps were introduced on numbers and restrictive admission 

policies adopted, resulting in a counter-intuitive but inevitable slump in enrolment 

figures. The enrolment crash following the dot.com boom also stemmed from an 

inability to retain teaching staff, who, attracted by the opportunities of the dot-com 

boom, were leaving faster than they could be replaced. Industry and education were 

competing for the same pool of professionals and enrolments inevitably suffered. With 

the dot.com crash in 2001, trust in the industry was seriously damaged and it was not 

until 2007 (the third surge), that enrolment figures started to increase again. Roberts 

(2016) suggested that current enrolment patterns and increasingly unfilled positions, 

demonstrate an unsustainable momentum that will almost inevitably result in another 

potentially more catastrophic capacity collapse. 

 

The number of female enrolments in computer science remains a continual concern, 

with DEEWR (2011) reporting 9,106 male enrolments compared to 1,997 female 

enrolments in ICT bachelor degrees in 2009. Despite many ‘tech-giant’  initiatives to 

stimulate female interest in computer programming (Smith, 2014; Microsoft, 2014; 
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Mendoza, 2015), female enrolments were steadily declining, with Roberts et al. (2012) 

observing an average 20% female enrolments in computer science classes, but Hinsliff 

(2015) reporting an average of only 10%, a significant and alarming drop. The EQUALS 

Research Group (2018) figures appear more promising, demonstrating a 27% global 

female enrolment rate in ICT studies for 2016, although ‘ICT studies’ may be all-

encompassing and the figure not necessarily representative of computer science 

enrolments. 

 

2.2.2. Rate of Attrition 

For as long as computer programming has been taught to novices, a popular notion 

has persisted amongst academics and researchers that failure and dropout rates are 

generally high, principally attributed to the perceived difficulty of learning to program 

(Bergin et al., 2005; Teague and Roe, 2008; Bovull, 2018). An average drop-out rate 

of between 30-50% in a cohort of 300-500 on the first year of the computing science 

course at Helsinki University of Technology and continuing for a period of years, was 

observed by Kinnunen and Malmi (2006). This was clearly a dramatic fall in student 

numbers, even before taking into account the subsequent number of fails. The issue of 

failure rates was later revisited by Watson and Li (2014), by Raigoza (2017) and by 

Bennedsen and Caspersen (2019), who had previously examined the phenomenon in 

2007. 

 

Bennedsen and Caspersen (2007) endeavoured to discover the reality of pass and fail 

rates on introductory computer programming courses (CS1), and whether failure rates 

were actually high or not, by conducting a study to find the average fail rate on courses 

worldwide. The study discovered an average pass rate of 67%, and the authors 

questioned whether this figure truly represented a high failure rate. In fact, only 13% on 

average were failing, with the remainder either aborting or skipping. The choice of 

programming approach appeared to have little impact on pass rates, however the 

figures did demonstrate that smaller class sizes tended to deliver higher than average 

pass rates, as did college courses over university courses (Bennedsen and Caspersen, 

2007). The notion that roughly one-third of students fail is clearly not a true 

representation of reality, with the significant fluctuations in results across different 

institutions, suggestive of extreme localised issues. 
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Watson and Li (2014) set out to determine whether the findings of Bennedsen and 

Caspersen (2007) were still relevant in 2014 and what impact language choice had on 

pass rates. The analysis of the data collected by Watson and Li (2014) proved 

consistent with the previous average pass rate determined by Bennedsen and 

Caspersen (2007), returning an almost identical pass rate average of 67.7%, and 

reflecting very little overall change in pass rates over the intervening seven year period 

between the studies. Watson and Li (2014) observed that this figure appeared to have 

remained consistent despite a significant decline in enrolments commencing around 

2001 and continuing until 2012, although enrolment figures appeared to be in recovery 

(Mason and Cooper, 2014). While noting that a pass rate of 67.7% is not “alarmingly 

low”, yet the figure appears relatively consistent, Watson and Li (2014, p.43) suggested 

that declining enrolments figures could stem from the perceived difficulty of the 

discipline. However, by the authors’ own admission, there was a significant likelihood 

that much of the data used in the study may have been identical to that used by 

Bennedsen and Caspersen (2007).  

 

Assuming that pass rates are fairly consistent and that external factors relating to 

teaching context do not produce any significant moderating effect, Watson and Li 

(2014, p.44), suggested that any future studies should focus on why the “internal 

characteristics of certain students enables them to acquire programming skills whilst 

others endlessly struggle”. Roberts et al. (2012) contrasted the unusually high attrition 

rates in ICT courses (28-30%) with those in Medicine (5%) and education (14%), noting 

that although there appeared to be parity in the attrition rates of male and female 

students on ICT courses, the low enrolment figures for female students made the 

impact of attrition appear exaggerated. 

 

2.2.3. Industry Concerns  

Industry experts and recruiters are rightfully concerned over the perceived high attrition 

rates in introductory computer programming courses, as staffing shortfalls in the ICT 

sector are a reality and education appears to be an easy target (e-skills UK, 2011; 

Rossi, 2014; ACS, 2015). Microsoft first warned about a looming skills crisis in the UK 

in 2006 (Barker, 2006) and industry experts have continued to voice increasing alarm 

over a growing recruitment crisis throughout the intervening period (Thomson, 2008; 
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Capgemini consulting, 2013; Southworth, 2015; Parcellis, 2015; Jadav, 2018). In their 

‘The Future of Jobs Report 2018’, the World Economic Forum, reflecting on 

technological advances, predicted that “as workforce transformations accelerate, the 

window of opportunity for proactive management of this change is closing fast and 

business, government and workers must proactively plan and implement a new vision 

for the global labour market” (World Economic Forum, 2018, p.7). They cautioned 

however, that although a quarter of companies were unlikely to retrain employees, and 

that two-thirds would expect workers to gain the skills of their own accord, while 

between a half and two-thirds of businesses would have to engage with contractors, 

temporary or freelance staff, to address the impending skills gap. 

 

Some recruiters have questioned whether there really is a programmer shortage, or in 

fact, “a chronic shortage of good software developers” (Gorman, 2014). Arguing that 

advertisements for software developers attract hundreds of applications, however, only 

one or two might be considered suitably skilled. The author was scathing in his 

assessment of the situation; “the market is flooded with not-competent programmers, 

and recruitment is handled by people who can't tell the difference”. 

 

Hagan (2004) surveyed potential employers of ICT graduates in Australia, to determine 

their satisfaction levels with graduates and what shortcomings they had observed. The 

survey was limited in that most potential ICT graduate employers in Australia are small 

businesses and prefer to employ experienced applicants. As a result, 76% of applicants 

were deemed unsuitable, although large city-based organisations were found to be 

more inclined to hire ICT graduates. The main deficiencies observed by employers 

included: “Ability to benefit from on-the-job training, written and oral business 

communication skills, initiative, leadership qualities, personal presentation, numeracy, 

and problem solving”. Organisations employing graduates were largely satisfied and 

would continue to employ future graduates, however, were generally dissatisfied with; 

poor communication skills, lack of knowledge of business processes and poor problem-

solving abilities (Hagan, 2004). This corresponds to the assertions of Sonmez (2015) 

and Tanner and Seymour (2014) that neither academic achievement, nor ICT skills, 

are of primary importance to industry recruiters, while also adding team working skills 

to the former list. This seeming disparity could be attributed to the rise in use of rapid 
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application development methodologies (RAD) for software development (Murphy et 

al., 2013). This type of approach places significant emphasis on the generic soft skills 

identified, however, in suggesting possible ways in which graduates could be better 

prepared for industry, only 14% of prospective employers considered that teaching 

generic skills would be beneficial, with 30% preferring work experience and real-life 

projects (Hagan, 2004). 

 

With the UK Commission on Employment and Skills reporting a recruitment crisis in the 

UK IT sector, Hinsliff (2015) considered a growing skills gap, with 11% of computer 

science graduates unemployed, the “highest unemployment rate of any subject 

identified by the Higher Education Statistics Agency”. The author quotes Dame Wendy 

Hall, former president of the British Computer Society (BCS) and professor of 

computing science at the University of Southampton, in stating: 

 

“There are a number of universities, and I’m not going to name them, 
that take a lot of candidates who don’t have the kind of qualifications 
ours have. They just aren’t employable at the end of the course, for all 
sorts of reasons; they haven’t got the background” (Hinsliff, 2015). 

 

The author noted that changing immigration policies were making it difficult for UK 

software companies to recruit from outside of Europe, resulting in large pools of 

experience (in the US) and talent (in the Far East), being rendered largely inaccessible 

owing to stringent visa regulations (Baldwin, 2013; Arnstein, 2015). Regarding software 

development start-ups, Hinsliff (2015) quoted Guy Levin, executive director of Coadec: 

 

“The sort of people they want are experienced. You’ll start with a very 
small, lean team; you get venture capital funding, you use that to hire 
in the best people from around the world” (Hinsliff, 2015). 

 

Winslow (1996) attempted to identify whether a four-year undergraduate course could 

turn a novice programmer into an expert. The author observed that the way in which 

experts become experts and the characteristics of experts are largely unrelated to their 

field of expertise, concluding that from a psychological and programming perspective, 

that turning a novice into an expert within four years was virtually impossible, and that 

in reality “it takes approximately ten years to turn a novice into an expert” (Winslow 
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1996, p.18). If this is true, then industry recruiters should perhaps consider hiring 

competent programmers rather than seeking out-of-the-box experts. However, start-

ups continue in their determination to recruit ‘amazing’ talent that is largely non-

existent, while ignoring a significant pool of competent graduates, that with access to 

further training and experience, could go on to achieve the desired level of expertise 

(Hinsliff, 2015). 

 

Hamilton et al. (2015, p.29) observed that “in an increasingly globalised and competitive 

economy, there is a need to ensure that graduates have the skills, knowledge and 

attitudes to be not only work ready for today but work ready PLUS for tomorrow”. ICT 

graduates need to possess a mixture of technical and generic or soft skills such as; 

communication, teamwork and business skills, however personal attributes such as; 

attitude, flexibility and adaptability are also highly prized by employers (Hamilton et al., 

2015). Additionally, personal skills such as; self-management, punctuality, time 

management, and ability to adhere to workplace expectations, are considered 

employability prerequisites (UKCES, 2010; Doyle, 2019), while Rayome (2019) adds 

empathy, negotiations skills and openness to emerging technologies, to the list. 

 

Traditionally, software development projects have followed a linear ‘waterfall 

approach’, a sequential series of steps, through analysis, design, development and 

testing, in which client involvement was limited and risk was high. Most software houses 

now employ dynamic ‘agile’ methodologies, a client-centred series of rapid 

development cycles, aimed at increasing efficiency, while reducing risk and 

development time. Agile development, initially a response to market pressures, has 

significantly altered the way in which employers positively identify with prospective 

employees for ICT related posts (Hamilton et al., 2015). Cognitive abilities such as 

“problem solving, strategic and critical thinking and creativity”, are highly desirable 

attributes alongside programming ability (Hamilton et al., 2015, p.30), and often the 

subject of testing alongside interview (Piggins, 2015). Fullan and Scott (2014) identified 

six ‘C’s’; character, citizenship, collaboration, communication, creativity and critical 

thinking, as core employability skills. It should be noted that these particular skills are 

not traditionally associated with computer programming when following the waterfall 

approach, but definitely in keeping with the often frenzied interactivity ascribed to the 

increasingly popular ‘Agile’ approach (Japikse, 2011; Kaikkonen, 2018). 
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Hamilton et al. (2015) held focus groups with eleven large ICT multi-nationals to classify 

desirable employability skills and attitudes. Motivation and flexibility were listed as the 

two most desirable attributes, while the top-rated employability skills were: 

 

1. Communication 

2. Teamwork 

3. Problem-solving 

4. Business Acumen 

5. Technical Ability 

6. Leadership 

7. Work Experience 

 

When asked to identify undesirable attributes, employers rated inflexibility as the least 

desirable, followed by lack of professionalism, poor communication skills, under-

preparedness, arrogance, lack of initiative, and lack of confidence. Employers agreed 

that listening was the most important communication skill (Hamilton et al., 2015). In 

teamwork skills, being able to listen was again seen as vital, alongside ability to 

contribute and recognise the individual and team contributions of others. Employers did 

not want to hire individuals who would place themselves above the group or try to 

control it. They had to be confident, but not arrogant.  

 

The findings of Hamilton et al. (2015, p.35) demonstrated that generic skills and 

personal attributes were of greater importance to ICT employers than technical abilities 

when recruiting graduates, and were “vital for sustained, successful careers in their 

organisations”. ICT industry employers perceive a need for academic staff to furnish 

undergraduates with the necessary additional employability skills alongside purely 

technical skills, which are “only deemed important during the selection process for 

highly technical roles” (Hamilton et al., 2015, p.35). 

 

The rapidly changing face of the ICT industry requires graduates to be equipped with 

the latest skills and to keep their skills up-to-date in a competitive job market (Smith, 

2014). The “expectation gap” between education and employment can be perceived in 

two ways, according to Smith (2014, p.207); the curriculum gap, separating industry 
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expectation from the practicalities of education (McGill, 2009), and the skills gap; the 

generic soft-skills which employers expect graduates to possess (Scott-Bracey, 2013). 

That actual programmers working on real projects lack soft-skills, is all too apparent 

(Sonmez, 2015). While educators generally focus on the technical hard-skills 

necessary to promote employability, as their students would expect, addressing the 

gap in soft-skills appears problematic for practical reasons (Koppi et al., 2009), 

although some educators have noted current industry preferences and attempted to 

integrate relevant training within their curricula (Burns et al., 2012; Abramovich, 2013; 

Garousi et al., 2018).  

 

The transition from education to employment is not always straight forward, and for ICT 

graduates can often prove extremely challenging (Koppi et al., 2009; Mulcahy, 2019). 

The gaps between education and industry are perceived on all sides, however the 

expectations of industry seem particularly high and fail to take into account the range 

of challenges faced by educators (Radermacher et al., 2014; Heath, 2016). Some 

educators have perceived the drive to provide readymade programmers for the 

software industry as damaging, while others have rejected the consideration entirely in 

favour of an increasingly student-focussed approach (Pears et al., 2007), although 

some have endeavoured to implement measures aimed at bridging the gap between 

education and industry more effectively (Hamilton et al., 2015; Tüzün et al., 2018). 

 

2.3. Student Personality, Attitude, Motivation and Perceptions 

In appreciating the difficulties encountered by students on an introductory computer 

programming course, it is worth considering how many of them ought to be there in the 

first place (Clear et al., 2011). Students are often influenced in their choice of course 

by a variety of factors; employability prospects, personal interest, choices of friends, or 

external influences (Jenkins, 2001; Alshahrani et al., 2018). It is unfortunate that many 

students fail to realise that a particular course is unsuitable for them until it has already 

commenced (Sheard and Hagan, 1998; Roberts et al., 2012). Questions regarding the 

nature of personality and how well suited an individual is for a particular role, have been 

researched from a psychological perspective (Layman et al., 2006; Mason and Cooper, 

2013; Gifford and Nilsson, 2014).  

 



27 
 

Many employers have applied personality testing to determine suitable training for 

employees (POST, 2015), although the reliability of such tests in categorising 

(stereotyping) individuals into a restricted number of personality types, has been 

questioned (Stabilet, 2009). For hiring purposes, personality type testing proposes to 

be mutually beneficial to hirer and prospective employee (CEB, 2013). While employers 

can often insist upon personality testing as a required component of a job application 

(Rothenberg, 2009), there is very little evidence of personality testing being used to 

screen applicants for further or higher education, perhaps owing to the perceived 

discriminatory nature of such tests (De Armond, 2012; Anderson, 2018; O’Neil, 2018). 

Irrespective, many employers have abandoned personality testing, consulting social 

media usage of prospective candidates instead, which they perceive as encapsulating 

a more realistic snapshot of personality, behaviour, and crucially, employment 

suitability (Wright, 2011; ACAS, 2018). Although consulting the social media usage of 

prospective college or university enrolments would be considered unacceptable to 

most, there is little doubt that personality influences students in deciding which course 

to apply for (Porter and Umbach, 2006; Rosiers and Eyckmans, 2015).  

 

Two of the most popular personality tests are the Keirsey Personality Sorter (KTS-II) 

and the Myers-Briggs Type Indicator (MBTI®), upon which the KTS-II is based (Keirsey 

and Bates, 1984). The MBTI® was founded upon the work of Carl Jung regarding 

psychological types. Jung and Fordham (1971) identified dichotomous pairs of 

cognitive functions: 

 

• Rational functions: thinking and feeling (judging) 

• Irrational functions: sensation and intuition (perceiving) 

 

Jung believed that while all these functions are commonly used, most individuals would 

be inclined to let one particular function dominate. The author considered everyone as 

either extroverted or introverted, and that this factor influenced their decisions so that 

they would tend towards rational or irrational decision-making (Jung and Fordham, 

1971).  
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The Myers-Briggs (Myers, 1962) theory proposed that individuals are inclined towards 

certain careers or interests based upon their personal preferences. These preferences 

are formed from a combination of options found in the following category pairs, resulting 

in sixteen possible personality types: 

 

• People and things (Extraversion or "E"), or ideas and information 

(Introversion or "I") 

• Facts and reality (Sensing or "S"), or possibilities and potential (Intuition or 

"N") 

• Logic and truth (Thinking or "T"), or values and relationship (Feeling or "F") 

• A well-structured lifestyle (Judgment or "J"), or one that goes with the flow 

(Perception or "P") 

 

The resulting four character trait combinations are assumed to equate to a measure of 

individual personality, determining suitability in employment, relationships and leisure 

pursuits (Stewart, 2018). These measures are not hard and fast however, and while 

some individuals recognise themselves in their personality type descriptions, others 

perceive an inaccurate reflection. Trait pairings can be split 50/50, suggesting that an 

individual might possess characteristics overlapping two different types, and 

theoretically all four pairings could be split. It could be argued that personality is multi-

faceted and not so easily distilled, that human behaviour is not entirely dependent on 

the individual, but also influenced by external factors, such as environment, human 

interactions, social, cultural and economic motivations or pressures, as well as 

experiential conditioning (Gifford and Nilsson, 2014). 

 

The Personality Type Test developed by Keirsey and Bates (1984) further categorised 

individuals based upon their Myers Briggs type into four broad personality types, with 

subcategories for each:  
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Figure 2.2 demonstrates the distribution of KTS-II personality types in relation to 

individual inclinations (Kusakawa, 2014). Based upon the personality type of an 

individual, it is possible to get recommendations on the most suitable career choice 

(Melton, 2014). An individual could question the accuracy of the recommendation, 

however many businesses do recommend training for staff based upon the results of 

personality testing (Cunningham, 2012). 

 

Figure 2.2 Keirsey Personality Types (Kusakawa, 2014) 
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The KTS-II is based upon words and actions. These can be considered as ether; 

concrete or abstract. Those who fall into the concrete category prefer to talk about 

reality, while those in the abstract category are more interested in ideas. In our actions, 

Keirsey and Bates (1984) identified co-operative or utilitarian personalities. Utilitarian 

personalities are instinctive and do what they have to do, while co-operative types will 

attempt to do what they consider to be right. These traits can be seen to blend well with 

the MBTI® personality types (Myers, 1962). 

 

Regardless of the reasons why a student opts for a particular course choice, once 

embarked upon it, if sufficiently motivated and determined, they may well still be able 

to pass the course, even where their personality type would suggest otherwise (Settle 

et al., 2014). However, sustaining a suitable level of motivation and engagement might 

prove difficult if it becomes apparent that the choice of course was entirely unsuitable, 

and individuals who find themselves in such a position are increasingly liable to drop-

out (Falkner and Falkner, 2012). Rosati (1997) observed that successful students on 

an engineering course fell into two distinct personality types; mechanical engineering 

or electrical engineering, with both rating highly in the ‘judging’ trait, while those rating 

significantly in ‘perception’ often withdrew from the course. 

 

Even when a student has selected the right course in introductory computer 

programming, they can encounter strong emotional feelings of self-doubt and anxiety 

(Goold and Rimmer, 2000). These feelings can cloud their judgement when it comes 

to the selection and application of appropriate study strategies (Falkner et al., 2014). 

Notions of negative self-efficacy can be deep-rooted in personality and can 

dangerously inhibit learning ability (Ramalingam et al., 2004). 

 

McKeachie (1988) linked student motivation to possible theories students held 

regarding themselves, that learning ability is innate and unchangeable. Self-efficacy 

and anxiety are two factors linked to competence in developing study strategies, with 

motivation determining how those strategies are subsequently selected and effectively 

implemented (McKeachie, 1988). Rountree et al. (2002) demonstrated that the grade 

predicted by a student for themselves on an introductory programming course, was in 

fact the most reliable predictor of success, and only two weeks into a course a student 
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could predict the grade they would achieve with reasonable accuracy (Wiedenbeck et 

al., 2004). This suggests that students intrinsically know what time, effort and 

commitment they will be prepared to invest in a subject and the likely return on that 

investment.  

 

Kinnunen and Malmi (2006) adopted a qualitative approach in aiming to identify 

possible reasons for high drop-out rates of CS1 students on a programming course, 

hoping to gain some insight into what it takes to succeed in a first year program. A 

questionnaire was given to students who had dropped-out, followed by interviews with 

eighteen of those. While the authors were aware that many students had personal 

reasons for dropping out, those who dropped the programming element of the course 

specifically, appeared to do so based on two principal areas of difficulty; time 

management and/or motivation. In terms of time management, it seemed that time 

spent programming was not always a priority, compared to employment, hobbies, or 

other preferred subjects. For many, the unanticipated difficulty level meant a substantial 

time investment that they were simply unable, or unwilling to commit to. From a 

motivational perspective, some students exhibited a general lack of motivation to study, 

or perceived the reward for completing the programming element unworthy of the effort 

and workload required, while others found the course too difficult and lost motivation 

as a result (Kinnunen and Malmi, 2006). 

 

Noting the clear correlation between motivation and student success in introductory 

computer programming, Settle et al. (2014) identified several factors which could 

maintain motivation or be detrimental to it. Appropriate tasks and clear goals, supported 

by positive encouragement were deemed primary motivating factors, while overly 

difficult tasks risked demotivating students. The authors proposed that program 

visualisation tools if used effectively, could increase engagement through deeper 

learning, highlighting the importance of stressing to students that, “it is not only how 

you engage with a visualisation that matters but also how you engage with what is 

being visualised” (Settle et al., 2014, p.322). 

 

As with any type of study, in learning computer programming, meaningful effort and a 

determined positive attitude contribute significantly towards achieving success 
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(McCartney et al., 2007). It could be argued that these factors take on greater 

magnitude in computer programming because of the significant cognitive load placed 

upon students (Eckerdal and Berglund, 2005; Ahadi et al., 2014). It would appear that 

students can discern relatively early and fairly accurately in a programming course, 

their likely achievement outcome, and that students most positive about their course 

are liable to attain the best outcome (McCartney et al., 2007). This correlates with the 

observations of Dehnadi and Bornat, (2006) and Ahadi et al. (2014) that students who 

make consistent use of mental models or consistent reasoning, are inclined to perform 

in a consistent manner. 

 

2.4. Learning Strategies 

McKeachie (1988, p.5) asserted that students entering higher education have seldom 

acquired meaningful learning strategies, at home or at school, or have developed 

inadequate: “abilities and strategies that handicap them in achieving success”. 

Teacher-led classwork can encourage students to “conform to the teacher’s directions 

without any conscious thought about why the teacher directs them to carry out certain 

activities” (McKeachie 1988, p.5). Rather than receive explicit instruction of learning 

strategies, most assessments tend to focus on “correctness of outcome” observed. 

Citing typical assessment feedback in this regard, McKeachie (1988) noted that 

assessment very rarely takes account of how the learning outcome was arrived at, and 

as learning strategies are rarely explicitly taught, it is often left to students for the most 

part to stumble upon effective strategies, either through chance or trial and error. 

 

McCombs (1988, p.141) considered strategic behaviour from a motivational standpoint, 

observing that, 

 

“In order for learners to accept responsibility for their own learning, they 
must be motivated as well as possess the skills and abilities to actively 
engage appropriate metacognitive, cognitive and affective 
(motivational) strategies.” 

 

The importance of knowing what constitutes “the skills and the will” in learning 

situations, is vital according to McCombs (1988, p.142), as self-control and self-

motivation are necessary for selecting appropriate learning strategies linked to 
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goal/plan analysis. The author indicated the importance of three motivational theories 

in this regard; competence motivation theory, self-efficacy theory and attribution theory. 

These three aspects of learning behaviour are intrinsically linked with student response 

mechanisms activated through cognitive load (Shibli and West, 2018), a significant 

factor for novice computer programmers (Salleh et al., 2018). 

 

2.5. Cognitive Difficulties 

2.5.1. The Intellectual Challenge 

The demanding cognitive nature of learning computer programming has been studied 

continually since the (first surge) advent of the home computer (Pea and Kurland, 1984; 

Soloway, 1986; Eckerdal and Berglund, 2005; Ahadi et al., 2014). Blackwell (2002) 

noted that early definitions of conventional computer programming had been surpassed 

to incorporate a greater cognitive and social context, particularly in the software 

industry. Blackwell (2002, p.6) considered the abstract nature of computer 

programming, where the user must define “some abstract behaviour which is not 

directly observable because it will take place in the future”. The cognitive ability to 

mentally represent an abstract state connects to the proposition of a ‘notional machine’ 

(du Boulay, 1989; Sorva, 2013). These states represent “multiple effects”, resulting 

from actions “distributed either in space, in time or in both” (Blackwell, 2002, p.6).  

 

While many teachers of introductory computer programming have remained focussed 

on programming language choice (Mason and Cooper, 2013), syllabus (Corney et al., 

2010), or assessment (Sheard et al., 2008), others have recognised that language 

choice is largely irrelevant, and that “what is difficult about programming is the mind set 

– the thought process that goes into developing a program” (Thompson, 2006). 

Microsoft developer and computing teacher Alfred Thompson contended; “the hard part 

of programming is not programming languages but programming thinking” (Thompson, 

2006). Matthias Petter Johansson, software engineer at ‘Spotify’ suggested that 

programming is difficult because it is an art, it is invention, “you are doing what has not 

been done before” (Johansson, 2015). The problem-solving element is central to 

computer programming, noted Johansson (2015), and the difficulty element of any 

problem lies in its being “chaotic and unpredictable”.  
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2.5.2. Cognitive Theory 

A common teaching approach in introductory computer programming, is teaching by 

example (de Raadt et al., 2009). Fundamental aspects of computer programming are 

generally taught in isolation, then gradually combined, offering a structured approach, 

however in order to assess student understanding or to encourage problem-solving 

skills, students may be asked to write programs combining elements that they have not 

previously seen combined (Miliszewska and Tan, 2007). This approach draws parallels 

with the theories of Vygotsky (1978), in trying to close the gaps in student understanding 

and encouraging them to internalise their learning. The following teaching approaches 

are also popular in introductory computer programming;  

 

• Teaching by example (Salden et al., 2009; Skudder and Luxton-Reilly, 2014) 

• Presenting partially completed programs for completion (Iskander, 2008) 

• Asking students to predict program output (Kumar, 2013) 

• Asking students to detect errors in code (Whalley and Philpott, 2011; Kumar, 

2013) 

• Pair-programming (Zarb et al., 2015; Lewis and Shah, 2015) 

• Use of visualisations (Sorva et al., 2013; Isohanni and Järvinen, 2014) 

 

Vygotsky (1978) proposed that learning must become internalised in order to activate 

developmental processes. The gaps between learning and development are the zones 

of proximal development, which with assimilation, can be closed. This is achieved 

through mastering understanding of specific learning objectives (Vygotsky, 1978). The 

importance of cognitive science in the teaching and learning of computer programming 

is all too evident (Bringsjord et al., 2012), and while some researchers have made 

comparisons with learning theorists (Arievitch and Van der Veer, 1995; Anderson and 

Gegg-Harrison, 2013; Awbi et al., 2015), some have considered computer 

programming from the perspective of behavioural psychology, particularly in the 

formation of mental models (Linn and Dalbey, 1989; du Boulay, 1989). 

 

2.5.3. Mental Models 

In a review examining behavioural research studies of the underlying cognitive 

processes of computer programming, Sheil (1981) noted a shortage of research into 
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language learning with only an untested model of abstraction as proposed by Mayer 

(1979) to consider. For coding, the work of Brooks (1977) was rated as significant by 

the author, in observing the actual complex behaviour of an expert programmer on a 

complex task. In terms of debugging, Sheil (1981) pondered the discoveries of Young 

(1974), when comparing expert and novice debugging strategies, where despite 

making a similar number of errors, experts were able to quickly identify syntactical or 

semantic errors and move on to debugging less obvious logic errors, while the process 

significantly hampered novices. 

 

The notion of a ‘chain of cognitive accomplishments’ was proposed by Linn and Dalbey 

(1989). The three-link chain bears some similarity to the knowledge domains identified 

by du Boulay (1989). These are; features of the language, design skills, and problem-

solving skills, however the chain represents an idealised course in introductory 

computer programming instruction, proposing that teaching pedagogy should be built 

around the links of the chain in order to develop deep-learning (Linn and Dalbey, 1989). 

The use of schemas, designs, plans and strategies as educational tools in a language-

specific context, can be subsequently applied to new problems and with new 

languages, however the authors noted that novice programmers seldom make it 

beyond the first link in the cognitive chain of accomplishments. This assertion was 

supported by Kurland et al. (1989) and Winslow (1996), on encountering clearly 

unrealistic expectations in most course design, over-reliance on textbooks and lectures, 

and a general need for simplicity in instruction and language choice. If the student is 

truly the intended beneficiary of programming instruction, then greater realism might be 

required by educators regarding what can be accomplished in the short time-frame of 

an introductory course (Winslow, 1996), and an acceptance by recruiters that the 

benefits of industry-level programming languages are not so easily explicated to novice 

instruction (Mason and Cooper, 2014). 

 

2.5.4. The Notional Machine 

The concept of a notional machine is a representative abstract perspective of the 

intrinsic software processes inherent in a programming language environment at 

execution time, summarised as the “general properties of the machine one is learning 
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to control” (du Boulay, 1989). An appreciation of the functionality of the behaviour of 

the notional machine is necessary in determining program actions which are 

inconsistent with expectations (Bornat et al., 2008) and novices who do not possess a 

correct mental model of the notional machine,  often ascribe to it a will of its own (Bower 

and Falkner, 2015). Ragonis and Ben-Ari (2005) observed that some students 

possessed unreasonable expectations of the notional machine, considering it capable 

of making assumptions or drawing conclusions from the source code as to how to 

perform on execution. Sorva (2013, p.7) proposed that “the novice needs to learn what 

the notional machine does for them on the one hand, and what their own responsibility 

as a programmer is on the other hand”. 

 

Mental models of a notional machine as perceived by novices are likely incomplete, 

deficient, based on guesswork, and drawn from superficial program characteristics. 

Misconceptions of the notional machine often characterise novice errors, although 

programming teachers seldom give much attention to the notional machine as a topic, 

preferring to focus on the instruction of syntax and semantics (Sorva, 2013). Noting the 

relevance to research on incomplete mental models and failure to comprehend 

threshold concepts in introductory computer programming, the author proposed that 

the notional machine should be explicitly taught to novice programmers as part of a 

broader approach to tackling basic misconceptions.  

 

2.5.5. Properties of Expert Programmers: 

Pea and Kurland (1984) carried out an exhaustive review of the mental activities and 

cognitive benefits derived from learning computer programming, observing glaring 

inadequacies in the two prevailing notions of the time; the “naïve technoromanticism 

[sic] that postulates spontaneous higher order cognitive skills as outcomes from 

programming experiences” and the concept of “an extreme knowledge-building 

account of learning to program” (Pea and Kurland, 1984, p.139). Considering the 

perspectives of developmental psychology (Piaget and Inhelder, 1969; Vygotsky, 1978) 

alongside cognitive science (Papert, 1972; Feurzeig et al., 1981), Pea and Kurland 

(1984, p.139) attempted to synthesize these into a “hybrid developmental framework”, 

stating that the principal concept of developmental theory proposes, 
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“Cognitive development consists not of an accumulation of facts, but 
of a series of progressive reorganisations of knowledge driven by the 
child’s active engagements with physical and social environments”. 

 

The authors suggested that following on from the learning theories of Piaget and 

Inhelder (1969) and Vygotsky (1978), developments in cognitive science had revealed, 

 

“The enormous importance of extensive, highly structured domain-
specific knowledge and the difficulty of developing general purpose 
problem solving strategies that cut across different knowledge 
domains (Pea and Kurland, 1984, p.140).” 

 

Soloway (1986, p.851) observed that “experts are not necessarily conscious of the 

knowledge and strategies they employ to solve a problem”, however in order to convey 

an understanding of expert knowledge and strategies, tacit expert knowledge must be 

extracted. Observing that the objective of the instructor is to; “make explicit that which 

was implicit” (Soloway, 1986, p.851), the use of simulation was expounded by Soloway 

(1986, p.857) as a means of “uncovering unwanted causal interactions between 

components”. This appears to anticipate the advent of software visualisation tools, 

designed to present an animated perspective of program execution, while noting that 

“simulation has its detractors” (Parnas et al., 1985; Soloway, 1986, p.857), as indeed 

do visualisation tools (Knobelsdorf et al., 2012). 

 

Dreyfus and Dreyfus (1986) examined skill acquisition and the development of 

expertise from a phenomenological perspective, identifying five stages (Fig. 2.3).  
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Figure 2.3 Five Stages of Skill Acquisition (Dreyfus and Dreyfus, 1986) - Picture reproduced with permission of S. Dreyfus 

The authors proposed that the novice must learn the basic features of instruction in a 

context-free approach and begin to apply that learning with the expectation of making 

mistakes, as long as those mistakes facilitate further knowledge building. The 

advanced beginner begins to learn and apply maxims and develop an appreciation of 

when it is correct to do so. The competent learner begins to consider the decision-

making process and consciously plan how to proceed, adapting or discarding plans as 

necessary. Dreyfus and Dreyfus (1986) considered this stage of development as 

extremely frustrating, yet entirely necessary in developing proficiency. The proficient 

learner understands rules and maxims and has experience of a variety of positive and 

negative outcomes, allowing them to narrow down their decision-making to a small 

number of possibilities and accurately assess the viability of each. The authors 

concluded that an expert does not need to consider rules or maxims, as a novice does, 

but owing to talent and experience can make spontaneous yet deliberate choices, and 

even in unfamiliar situations the expert will attempt what “normally worked and, 

naturally, it normally works” (Dreyfus and Dreyfus, 1986). Guindon (1990) noted that 

experts possess general problem solving strategies and domain-specific or specialist 

strategies for problem decomposition, and as indicated by Dreyfus and Dreyfus (1986), 

the ability to readily adapt existing mental models to fit novel problems is a defining 

trait, as is the ability to avoid ‘thrashing’ (Lopez et al., 2012), by readily abandoning a 

strategy which is not working. 
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The optimism of cognitive theorists during the infancy of programming education 

proved, as Pea and Kurland (1984) had surmised it would, to be severely curtailed by 

the numerous difficulties that students would encounter. The authors observed, that 

although novices can achieve relative mastery of language and syntax, they often 

exhibit “deep misunderstandings of programming concepts”, suggesting that the 

effectiveness of programming instruction is largely reliant upon; teacher capability, 

appropriateness of learning activities, current level of understanding, and features of 

the programming environment. Lister and Leaney (2003) observed what they 

considered a major flaw in the way introductory computer programming is traditionally 

taught at universities, with a focus on the higher levels of Bloom’s taxonomy, tending 

to neglect the lower levels of knowledge and comprehension (Bloom et al., 1956).  

 

Five overlapping domains of difficulty for novice programmers were identified by du 

Boulay (1989): 

 

• General orientation - an understanding of what a program is and does 

• The notional machine - constructing a mental image of the intrinsic hardware 

and software processes inherent to programming execution 

• Syntax and semantics - the features and applications of a programming 

language 

• Structures – possession and understanding of knowledge schemas 

• Pragmatics - the associated tasks of planning, developing, testing and 

debugging 

 

du Boulay (1989, p.284) proposed that these five domains were inseparable from each 

other and mastery of them all was required by the novice in order to be able to program 

effectively, noting however that novices encounter all five domains simultaneously and 

dramatically. The psychological impact of this cognitive overload can be overwhelming, 

and the author suggested that a study of early withdrawals owing to the effect could 

provide valuable insight. It could be contended that the cognitive overload observed by 

the author relates to the novice programming difficulties witnessed by Perkins et al. 

(1989) in the forms of the ‘stopper’ and ‘tinkerer’, or the ‘thrashers’ witnessed by 

Freeman et al. (1991) and Lopez et al. (2012). Such students are clearly at risk of falling 
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behind at a very early stage, as observed by Ahadi and Lister (2013), Ahadi et al. (2014) 

and Teague et al. (2015). 

 

Thuné and Eckerdal (2009) conducted a phenomenological study of student 

perceptions regarding how they experience “what it means to program”, interviewing 

fourteen non-major students with varied backgrounds and interests, on an introductory 

Java programming course. The interview transcripts were used to develop five 

qualitative categories of experiential description. The categories were hierarchically 

ranked (in order of ascending importance), with each category adding “richness or 

depth”, while requiring an understanding of the preceding categories: 

 

1. Syntax – compared to writing in a foreign language, not trivial and requiring 

structure and correctness 

2. Applying syntax to a problem - a different way of thinking that shifts focus from 

syntax to semantics, requires a novel form of thinking to devise step-by-step 

solutions, so that the program will perform the intended actions when executed 

3. Real-life software applications – realisation that these are encountered 

everywhere and understanding when such processes are observed 

4. Intrinsic links between programming and problem-solving - a systematic 

thinking process, understanding the abstract concepts underlying a 

programming language 

5. Recognising potential benefits of programming knowledge beyond the sphere 

of the course - understanding its usefulness regardless of future profession 

and that such an understanding was in some way empowering 

 

The categories identified by Thuné and Eckerdal (2009), whether by accident or by 

design, appear to correlate with the overlapping domains of du Boulay (1989) and the 

‘chain of cognitive accomplishments’ identified by Linn and Dalbey (1989). If the 

categories specified equate to a learning taxonomy, it would be worthwhile determining 

how they apply to different learning approaches, or in identifying which categories prove 

most problematic and why. 
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2.6. Problem-solving Concerns 

The ability to solve non-trivial problems and constantly improve on existing problem 

solutions, is a distinction which has fostered continual human development (Frensch 

and Funke, 2005). Problem-solving requires planning, ability to visualise and 

comprehend multiple possible outcomes and their effects (Unterrainer and Owen, 

2006). In this respect, computer programming is quite unique. It is a problem-solving 

tool that is also used to develop effective problem solutions (Papaspyrou and Zachos, 

2013). Many teachers of introductory computer programming have considered the 

difficulties novices encounter in learning to program and associated such problems with 

poorly developed problem-solving skills and strategies (Pillay and Jugoo, 2005). For 

many introductory computer programming teachers, there is an assumption that 

students will arrive in their class with fully-formed problem-solving skills, yet constant 

reminders that they do not (Reif, 2008; Gragueb and Edelman, 2018). 

 

Another increasingly popular teaching approach is the use of ‘real world examples’, or 

contextualised learning (Thevathayan and Hamilton, 2015; Garneli et al., 2015). This 

approach is considered to give meaning to learning in introductory computer 

programming (Thevathayan and Hamilton, 2015). Connecting aspects of learning to 

recognisable real-life objects or scenarios can potentially pave the way for deeper 

understanding, and programming through games design is one such popular 

contextualised approach (Smith and Sullivan, 2012; Garneli et al., 2015). Computer 

games are popular, and teachers of programming want to latch on to that positivity, 

considering computer games largely problem-based (Garneli et al., 2015). Given the 

rapid advances witnessed in computer games technology, the notion of problem-

solving through graphical representation can be seen to have its merits, however there 

is a real danger of raising student expectations too high, as the product is often unlikely 

to match expectations, particularly if it requires a significant effort to elicit (Smith and 

Sullivan, 2012). 

 

2.6.1. Expert v Novice Problem-solving 

Expert problem solvers are defined by their ability to solve problems in an optimal way 

(Zimmerman and Campillo, 2003). Simon (1979) demonstrated that while experts and 
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novices possess similar generic problem-solving skills, a key difference lies in the 

quality of domain-specific knowledge of the expert. Substantive domain-specific 

knowledge and understanding allow the expert to perceive the whole nature of the 

problem, where novices cannot see beyond surface detail (Resnick, 1985; Ala-Mutka 

and Järvinen, 2005; Bubica and Boljat, 2014). Heuristically, experts are able to take 

effective “strategic short-cuts” to a solution, dramatically reducing the time required to 

problem-solve (Zimmerman and Campillo, 2003). Novice inability to see past the 

surface of the problem leads towards feelings of being overwhelmed and demotivated 

(Mayer, 1998), while expert ability to self-monitor, self-regulate and adapt performance, 

appear crucial in sustaining problem-solving effort and effectiveness (Zimmerman, 

1998). 

 

Perhaps the most critical component of expert problem-solving ability is the intrinsic 

motivation which has drawn the expert to the domain from an early age (Bloom, 1985). 

This personal early interest has likely stimulated extensive and maintained periods of 

in-depth personal study and practice, to reach the point of becoming an ‘expert’, 

distinguished from others through breadth of domain-specific knowledge and depth of 

understanding (Ericsson and Charnes, 1994). The features of expert problem-solving 

strategy selection link to learning theories on motivation (Zimmerman, 1998), self-

regulation (Pressley and McCormick, 1995) and self-evaluation (Bandura, 1977), and 

broadly encompass the skills differentiating experts and novices in any discipline.  

 

Problem-solving is a key component of learning computer programming and it is 

genuinely surprising how often that those who teach it are caught out by the lack of 

problem-solving skills and strategies that incoming students possess (Hollingworth and 

Mcloughlin, 2000; Veerasamy et al., 2018). This is frequently greeted by resignation 

that a lack of time to teach problem-solving means that students will just have to learn 

them as they progress (Reif, 2008, p.251). That this is a frequent occurrence can clearly 

be seen in the cognitive overload observed in many students and an increasing 

disenchantment that serves to render problem-solving development irrelevant (Goold 

and Rimmer, 2000). Other than problem-solving ability and technical skills, industry 

recruiters want graduates to arrive with fully-developed skills in communication, team 

work, business understanding and leadership (Hagan, 2004; UKCES, 2010; Hamilton 
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et al., 2015), although crucially, they want experience (Gorman, 2014). The demands 

on programming education are substantial and given the “sociotechnical” 

characteristics required (Li et al., 2015), it can hardly be surprising that very few 

students go on to become expert (Winslow, 1996; Brechner, 2003).  

 

2.6.2. The skills required for distinct Software Development roles 

While software development is often considered simply from a computer programming 

perspective, there are actually a number of roles attainable within the industry, 

sometimes distinct or overlapping and dependent on organisational scale. The most 

common roles are analyst, designer, developer and tester, although roles in project 

management, document control, quality assurance, team leadership, technical support, 

and more specialised roles also exist. The focus in education tends to be largely on 

discrete technical programming skills, often neglecting or marginalising those aspects 

of development required for other roles (Wilson, 2017).  

 

Considering the four key software development roles, a set of generic problem-solving 

skills may be required regardless of role, however each role clearly requires its own 

specific subset of problem-solving skills. According to BRG (2018), an analyst must 

have knowledge of programming languages, attention to detail and technical expertise. 

The author suggested that “Good software analysts end up with a dual nature”, as they 

must engage productively with those on the technical side of the project, but also with 

consumer, business and executive interests. This requires strong communication and 

inter-personal/social skills. 

 

A design role requires the most discrete skillset, setting it apart from other roles. Reddy 

(2015) suggested that empathy and communication skills were essential, but that 

prototyping and coding skills, or at least an understanding of code was also necessary. 

Creativity, practice and self-motivation were also considered crucial, in further 

developing design skills. 

 

A role as a software developer is clearly the goal of most who study software 

development, however, there are skills considered essential for the role that are not 
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always fostered by the curriculum. The key elements of practice and experience must 

be developed in the workplace, and according to Hakes (2018), that requires dedication 

and a very singular mind-set. For problem-solving, communication and teamwork skills 

were highly rated by the author, along with curiosity, innovation and a healthy 

scepticism. Pattern-recognition and lateral thinking were linked to problem-solving, as 

was an ability to innovate, and a resilience associated with the ability to learn from 

failure was also proposed. 

 

While testing roles are often regarded with some disdain (Capretz et al., 2015), they 

are a vital part of the software development process. Lozančič (2016) quoted David 

Whalen in claiming; “When a virtually flawless application is delivered to a customer, 

no one says how well tested it was. Development teams will always get the credit. 

However, if it is delivered with bugs, everyone will wonder who tested it!” The author 

also indicated that observational skills and an eye for detail, are important testing skills, 

however, technical knowledge, including mathematics and an understanding of 

programming code, are also vital. Other skills indicated by Lozančič (2016) included; 

creativity, communication, persistence, and ability to prioritise. However, Capretz et al. 

(2015) indicated that software engineers appear to consider testing and maintaining 

software their least popular tasks.  

 

2.7. Computer Programming in Education 

2.7.1. Identifying the Problem 

While considerable work has been aimed at making computer programming more 

appealing to students though gamification (Li et al., 2013), contextualisation (Smith and 

Sullivan, 2012; Garneli et al., 2015) and pair-programming (Katira et al., 2004; Salleh 

et al., 2010; Montequin et al., 2012), and with varying degrees of perceived success, 

these endeavours have generally failed to consider the deeper underlying issues 

inherent in the discipline (Tew, 2010). In a systematic review of introductory computer 

programming teaching approaches, Vihavainen et al. (2014) attempted to determine 

possible best teaching practices. The authors demonstrated that on average, teaching 

interventions accounted for up to one-third realised improvement, noting that media 

computation and other contextualised approaches appeared most successful and 
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gamification approaches least successful. This matched the findings of Forte and 

Guzdial (2004) who considered a media computation approach as having improved 

retention rates, although Tew (2010) demonstrated that students of such approaches 

held consistent misconceptions. Allan and Kolesar (1997) and Vihavainen et al. (2014) 

noted benefits accrued from delivering preparatory (bootstrapping) problem-solving 

courses, aimed towards at-risk students, while collaborative approaches such as pair-

programming, peer support, and group work, also appeared to deliver improved pass 

rates (Vihavainen et al., 2014).  

 

Vihavainen et al. (2014) observed strong variations in improvement across sampled 

institutions, although some returned negative results, accrediting these to student 

population, different semesters, different grading criteria, and different student 

workloads. While collaborative learning and content-change approaches delivered 

relatively high pass rate increases, where the two were combined, an average 9.7% 

pass rate decrease was observed. The authors indicated that their findings could have 

been inaccurate, owing to possible selective reporting of negative results and 

significantly different measurements of assessment criteria and pass mark 

classification. 

 

While there are clearly honourable sentiments behind the majority of teaching 

interventions, most have failed to tackle the root concerns of industry employers 

(Mason and Cooper, 2013). Soft skills, communication, organisation, professionalism 

and attitude, are aspects seldom considered in the teaching of computer programming, 

yet are skills that employers value highly, often over programming ability (Li et al., 

2015). The role of personality may be one of the most important factors determining 

suitability for software development roles (Wiesche and Krcmar, 2014), however factors 

such as self-efficacy, motivation and attributional style, could also heavily influence the 

development of computer programming skills and problem-solving aptitude (Robertson 

and Tinline, 2007), as well as potentially mediating aspects of personality (Coffield et 

al., 2004). 
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2.8. Developing the Skills required for Industry  

Hagan (2004) surveyed potential employers of Australian computer programming 

graduates and noted that greater interaction between industry and education could 

prove beneficial, highlighting also, the need to develop generic skills in communication, 

problem-solving, teamwork and business. Fifty-nine Microsoft software engineers were 

interviewed by Li et al. (2015) for their opinions on what attributes constituted a great 

software engineer. The authors classified the reported attributes as internal or external; 

internal characteristics related to personality and decision-making abilities; external 

characteristics related to team-working and product development contribution (Fig. 

2.4). 

 

 

Figure 2.4 Characteristics of a great software engineer (Li et al., 2015) - Picture reproduced with permission of © [2015] IEEE 

 

The authors identified fifty-three attributes defining a great software engineer, with 

programming ability forming only one of four key categories of attribute; characteristics 

loosely matching the desirable attributes identified by software industry employers 

(Hagan, 2004; Mason and Cooper, 2013; Hamilton et al., 2015; Baltes and Diehl, 2018), 

The authors suggested that work experience, real-life projects, and use of industry 

lecturers, could better prepare students for industry (Li et al., 2015). 

 

Tüzün et al. (2018) observing how software companies lamented the skills of new 

recruits, launched a pre-employment initiative at Havelsan Academy in Ankara, Turkey, 

hoping to make the transition to industry smoother for new graduates and prospective 
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employers. The establishment of a summer school initiative aimed to provide highly-

qualified and suitably skilled work-ready graduates, by targeting the gap between 

employer expectation and the reality of graduate skills. A number of industry-specific 

units were delivered by instructors with suitable industry experience to sixteen 

interested 3rd and 4th year undergraduates recruited from thirty-seven Turkish 

universities. The process was considered a success, with the majority of graduates 

being hired and retained, employer satisfaction increased and the need for on-the-job 

training drastically reduced. However, 3rd year students struggled on the course and in 

subsequent years only 4th year undergraduates were admitted. The initiative, while 

clearly beneficial, was relatively small scale and the students invited to participate were 

carefully screened, accepting only those with the best grades, relative experience such 

as internships and good English. While such initiatives are clearly beneficial and can 

prove successful, a selection process that aims to recruit only the best-suited, must 

devalue the impact considerably.  

 

2.8.1. Transition to Industry 

Begel and Simon (2008) compared novice computer programmers with industry 

experienced professionals, observing that those entering industry “may be surprised to 

find that the soft skills are a major component of their new jobs”. While “academia has 

long kept up with the rapidly changing software development industry when it comes to 

languages, tools, and processes”, “the social and hierarchical aspects of working in the 

software development industry have not been as well addressed in the curriculum” 

(Begel and Simon, 2008).  

 

Employer opinions on the difficulties of transition from an educational to working 

environment, were considered by Mason and Cooper (2013) and also Hamilton et al. 

(2015), identifying a number of attributes found lacking in graduates. Industry 

advances, such as agile and extreme programming methodologies, were factors 

observed by Begel and Simon (2008), as emphasising “poor communication skills and 

social naïveté” in novices whom, in going straight from education to industry, 

possessed “significant mismatches between their job expectations and reality” (Begel 

and Simon, 2008). Courte and Bishop-Clark (2005, p.175) suggested that industry, 

educators, and students, should work together, “in order to keep curriculums relevant” 
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and to “expose students to “real-world” problems and practices at all levels of their 

education”. While soft and hard skills can be suitably developed in an educational 

context, “a well-rounded ICT graduate requires relevant technical know-how, workplace 

experience, problem solving skills and ability to work in a team for success in 

professional employment” (Koppi et al., 2009; Department for Business Innovation & 

Skills, 2016). 

 

Sixsmith and Litchfield (2010) pondered the contributing role of team-work skills in 

developing graduate employability. The team-working benefits proposed by the authors 

closely matched the employer concerns identified by Mason and Cooper (2013), 

primarily:  

 

• Communication 

• Problem-solving 

• Planning and organisation 

• Self-management 

• Professionalism 

 

The authors distributed a group problem-solving activity to undergraduate and post-

graduate teams, and although most students reported the exercise as being useful 

preparation for the team assignment, feedback indicated that from an employability 

perspective, post-graduates valued the experience more, offering detailed and valid 

survey feedback while under-graduates tended to offer only ‘yes/no’ responses. The 

authors’ findings suggested that post-graduates wanted to develop their personal 

attributes for industry, while under-graduates were uninterested in this aspect. This 

could relate to the observations of Begel and Simon (2008), that graduates are often 

surprised by industry expectations, and Koppi et al. (2009), that even where students 

are exposed to the skills necessary for employment in an educational context, they 

neglect them to focus on technical skills development.  

 

Capretz and Ahmed (2018, e1) observed that while professional software engineers 

placed great value upon their technical expertise, soft-skills such as “collaboration, 

communication, problem-solving and similar interpersonal and critical thinking” skills, 
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although secondary, were expected by employers. The authors suggested that 

software professionals tended to lack expertise in soft-skills because those dealt with 

human interaction and the social sciences, often perceived to be irrelevant in the 

provision of training for the technical nature of the role. The authors highlighted the 

potentially traumatic shift experienced by a software engineer when moving from a 

technical to a managerial role, from a reliance on technical skills, to a role in which 

social and interpersonal skills dominate. The implication is that software managers tend 

to be drawn towards practicing what they have trained for and are comfortable with, the 

technical aspects, because they understand “the predictable behavior of software, 

whereas the behavior of people is less predictable” (Capretz and Ahmed, 2018, e2). 

 

The constraints placed upon educators in delivering any software development course 

or module, inevitably require them to focus on technical skills, with an implicit 

expectation that students will already possess the associated soft skills, will develop 

them as they go, or pick them up elsewhere (Wilson, 2018). Meeting with software 

engineering team leaders to discuss the skills gap, the need for inclusion of teamwork 

and soft skills into software development curricula was strongly conveyed to Capretz 

and Ahmed (2018). 

 

2.9. Pair-programming or Collaborative Learning 

Teague and Roe (2008) proposed that the ideal way to learn computer programming 

would be through one-to-one tuition, but, as that was “unrealistic and impractical”, 

collaborative learning might provide a viable alternative. Pair-programming is widely 

used in industry for mentoring purposes and some instructors have considered it a 

suitable approach for novice computer programming (Katira et al., 2004; Salleh et al., 

2011; Lewis and Shah, 2015). While mentoring benefits are immediately apparent 

(Miliszewska and Tan, 2007; D’Souza et al., 2008), implementing pair-programming in 

a classroom environment requires one half of the pair to possess sufficient experience 

to mentor the other (Katira et al., 2004), not immediately feasible in introductory classes 

where the teacher alone possesses the requisite knowledge and experience to offer 

the appropriate level of support (Berglund and Lister, 2010). 
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Equity levels within a pair-programming environment were considered by Lewis and 

Shah (2015), noting that the approach had demonstrated increased learning, sense of 

belonging, and student retention in CS1 courses (Salleh et al., 2011; Esmonde, 2009), 

but that a competing dichotomy between a desire to learn and a desire to complete, 

fostered a gross inequity in some pairs (Lewis and Shah, 2015). The authors split 

students aged 11-12 into the paired roles of ‘driver’ and ‘navigator’ on five minute 

rotations. One particular student; ‘Jason’, perceived from prior interactions to vary 

between equitable and inequitable, was selected to work with four other students and 

the interactions were recorded. Two pair-programming partnerships were perceived as 

equitable and two inequitable. The authors examined inequitable pair interactions for 

patterns of observable behaviour, which for ‘Jason’ included use of command-clarify 

sequences, shortcuts, and peer comparison. 

 

In inequitable dyads ‘Jason’ dominated and marginalised his partners, however it was 

noted that tasks assigned to inequitable dyads may have been more difficult than for 

equitable dyads. When questioned, Jason expressed a solo programming preference, 

citing the frustration of slow partners, being interrupted or dominated, and annoyance 

at having to explain things (Lewis and Shah, 2015). The two female students who 

successfully collaborated with Jason, demonstrated greater pro-social tendencies and 

consideration for their partners, in line with instruction, while the two inequitable male 

students displayed a competitive focus, competing with peers and over-riding 

instruction. Although students were permitted to work at their own pace, emphasising 

task mastery rather than progression, as some progressed more quickly, those who fell 

behind became increasingly aware of the pace variance and responded with increasing 

competitiveness (Lewis and Shah, 2015). 

 

There is no doubt that the equity issues observed by the authors could be generalised 

to adolescent or mature pair-programming dyads, indeed similar issues have been 

observed in higher education (Katira et al., 2004), although less so in industry where 

mutually accepted goals are more likely to promote equity (Tarricone and Luca, 2002). 

The sample of Lewis and Shah (2015) was restrictive, as was the scope of the 

investigation, focussing on the pair interactions of a singular individual and possibly 

introducing bias to the research, as ‘Jason’ was equally inclined towards equity and 
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inequity (Lewis and Shah, 2015).  The pro-sociable qualities of equitable partners and 

competitive nature of inequitable partners, could have been investigated further for 

observable patterns of behaviour between similar types.  

 

Katira et al. (2004) examined student compatibility in pair-programming based on 

personality type, actual skill level, perceived technical competence, and self-esteem. 

They examined three cohorts: a semester one CS1 introductory programming unit; a 

second semester software engineering unit; and a graduate year object-oriented (OO) 

programming class. The authors determined a high likelihood that students with 

identical Myers-Briggs test (MBTI®) personality types would prove incompatible and 

that different personality types would complement each other. Although personality 

type did not appear to influence achievement, “the results revealed that sensing and 

judging students performed better than intuitive and perceptive students respectively 

on programming assignments” (Katira et al., 2004, p.8). This assertion was supported 

by Montequin et al. (2012), who found that amongst fourth year undergraduate software 

engineering students, the ISTJ type performed best. A preference for working with 

students of similar skill levels appeared true for higher level OO tasks (Katira et al., 

2004), correlating with the findings of Lewis and Shah (2015), demonstrating the 

competitive goal-oriented nature of more skilled students, while there was a clear 

intolerance for pairings perceived as inhibiting own performance. The authors linked 

this factor to the ‘Zone of Proximal Development’ (Vygotsky, 1978), noting that, where 

there is no overlap in zones between peers, the lower-ability peer can often become 

confused and unable to improve, while the higher-ability peer perceives little challenge 

and quickly loses interest. 

 

Katira et al. (2004) observed that students with low self-esteem preferred pair-

programming at introductory level, producing their best work when paired with other 

low self-esteem students, however, high and low-level esteem pairings demonstrated 

incompatibility. On average, 90% of students reported compatibility in introductory level 

pairs, suggesting that random pair allocation at introductory level would prove just as 

effective as any other means of determining compatibility. At a higher level however 

(the OO group), perceived partner technical ability played a significant role in pair 

compatibility, suggesting that introductory computer programming students should be 
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paired by personality type dissimilarity, and graduate pairs by skill level similarity (Katira 

et al., 2004). 

 

The concept of a mutual support system is highly appealing, however, where it has 

been attempted with novice computer programmers, the negatives often outweigh the 

positives. Students prefer pairings with partners of equal ability, but different learning 

speeds and prior programming experience make that difficult to achieve (Lewis and 

Shah, 2015). Many students just want to pass the course and fail to grasp the benefits 

gained from supporting someone they perceive to be of lesser ability (Katira et al., 

2004). Skills such as explaining and demonstrating have proven to be beneficial to both 

parties, helping to clarify concepts and meanings (de Raadt et al., 2009; Friese, 2010), 

however misconceptions can arise where the explaining student has not fully grasped 

a concept themselves (Arshad, 2009). 

 

While employers value team-working ability in graduate employees (Hagan, 2004; 

Mason and Cooper, 2013; Hamilton et al., 2015; Baltes and Diehl, 2018) and an 

educational approach based around pair-programming or TBL would appear 

appropriate (Katira et al., 2004; Lasserre, 2009; Radermacher et al., 2012; Zarb et al., 

2015), team-working ability is only one of a range of desirable employee attributes 

valued by employers (Mason and Cooper, 2013; Li et al., 2015; Wilson, 2018). Pair-

programming and TBL have demonstrated potential for improved student retention 

(Lasserre, 2009), but there are potentially serious issues surrounding the role of 

personality (Katira et al., 2004; Karn and Cowling, 2005; Lewis and Shah, 2015). 

Personality factors such as ‘openness’ may influence communication levels (Salleh et 

al., 2010; Radermacher et al., 2012); ‘conscientiousness’, individual work ethic 

(Furnham et al., 2002; Gnambs, 2015), and ‘extraversion’, willingness to engage with 

others and feelings of intellectual superiority (Feldt et al., 2010; Ginevra et al., 2014; 

Wiesche and Krcmar, 2014).  

 

Effective teamwork requires leadership, discipline, and an appropriate blend of team 

members, otherwise a team can easily become fragmented (Coutu, 2009). Katira et al. 

(2004) demonstrated difficulties in assigning pairs based on personality type, while 

Karn and Cowling (2005) suggested that in setting teams, achieving a balance of 
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personalities was extremely problematic. Coutu (2009) proposed that an ideal team 

would possess a natural leader, a deviant, and someone prepared to speak up when 

no-one else would. 

 

2.10. Problem Solving and Computer Programming 

2.10.1. Novice Problem-solving Concerns 

Observing a tendency for programming students to focus on achieving program output, 

an approach out-of-line with industry practice, Soloway (1986) contended that,  

 

“If introductory programming courses are to teach students something 
more than a job skill, the underlying abstractions of programming must 
be made explicit. That is, students must be taught what programming 
has in common with other problem-solving tasks” (Soloway, 1986, 
p.853). 

 

Winslow (1996, p.16) observed that at all levels of learning to program, “problem 

solving by analogy is common”, however “choosing the proper analogy may be difficult”, 

asserting that “people progress to the next level by solving problems” and that “the old 

saw that practice makes perfect has solid psychological basis”.  

 

The capacity of an individual to engage cognitively in the problem-solving process was 

considered in the PISA Framework (PISA, 2010): 

 

“Problem solving occurs internally in an individual’s cognitive system 
and can only be inferred indirectly by the person’s actions and products. 
It involves representing and manipulating various types of knowledge 
in the problem solver’s cognitive system” (PISA, 2010, p.13). 
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Figure 2.5 PISA Framework (PISA, 2010, p.11) - Picture reproduced with permission of J. Funke 

 

Overcoming the barriers posed by a problem (achieving the goal state) using the tools 

available (Fig. 2.5), may correlate with the motivational, affective, and cognitive factors 

involved, while potentially further enhancing these (PISA, 2010). This implies that 

learning theories: competence motivation theory (McCombs, 1988); self-efficacy theory 

(Bandura and Schunk, 1981); and attribution theory (Weiner, 1976), are intertwined 

with problem-solving skills development (PISA, 2010), forming an essential component 

of learning to program (Winslow, 1996). These learning theories also link to aspects of 

personality (Salleh et al., 2010; Radermacher et al., 2012; Ginevra et al., 2014; 

Wiesche and Krcmar, 2014; Gnambs, 2015), highlighting plausible inter-connections 

between problem-solving, personality and learning theories. 

 

Sands (2019) observed that students had to “address programming syntax and 

functionality while concurrently engaging in the problem-solving process”, liable to 

result in cognitive overload unless possessing prior experience that might mitigate the 

effect. The author suggested that varying ability levels in an introductory programming 

class required practical strategies that bridged the gap between those possessing 

programming or problem-solving experience and those who did not. 

 

2.10.2. Evaluating Novice Problem-solving Ability 

The ‘McCracken working group’ formed at ‘ITiCSE 2001’, were tasked with assessing 

novice programming abilities across a large sample of students, who were given a set 

of related programming tasks to complete, but returned decidedly poor results across 
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the board, failing in some instances to complete any of the ascribed tasks (McCracken 

et al., 2001). Unable to determine specific reasons for student difficulties, the authors 

speculated that they possessed weak problem-solving skills, identifying a five-step 

iterative process of problem-solving capability that students generally appeared 

lacking: 

 

1. Problem abstraction 

2. Sub-problem generation 

3. Transformation of sub-problems into sub-solutions 

4. Re-composition 

5. Evaluation of solution and iteration if necessary 

 

The ‘Leeds working group’ formed at ‘ITiCSE 2004’, endeavoured to test the validity of 

the McCracken working group findings, by studying student performance in 

programming-related tasks, free of any problem-solving aspect. The test was multiple-

choice, partly comprising code-tracing and code-completion tasks (Lister et al., 2004) 

and while students generally performed well at the tasks, 25% appeared to be guessing 

answers, demonstrating that a multiple-choice test may not be a suitable measure of 

programming understanding (Fidge and Teague, 2009). While observing that code-

reading ability is a likely precursor to novice programmer problem-solving ability, the 

Leeds group hinted at the possible existence of a hierarchical taxonomy of abilities 

comprising both elements (Lister et al., 2004).   

 

The ‘BRACElet’ group formed in 2006 conducted a project employing a similar test 

instrument to the ‘Leeds group’, but with additional questions formulated to correlate in 

difficulty level with the revised Bloom’s taxonomy (Bloom et al., 1956; Anderson et al., 

2001) and the SOLO taxonomy (Biggs and Collis, 1982). The group aimed to construct 

a cognitive framework, identifying possible intermediate stages in the hierarchical 

taxonomy alluded to by the ‘Leeds working group’ (Whalley et al., 2007). In analysing 

responses to ‘explain in plain English’ type questions, it was deduced that some 

students gave line-by-line explanations while others summarised the overall purpose 

of code segments, akin to academic responses. Participants giving relational type 

responses performed better on other tasks than those giving line-by-line descriptions, 



56 
 

indicating that ability to give relational descriptions of code purpose forms an 

intermediary stage between code-reading and problem-solving (Whalley et al., 2007). 

 

Lopez et al. (2008) surveyed students after their final examination to determine whether 

the hierarchical framework proposed by the ‘Leeds’ group could be extended (Whalley 

et al., 2007). Using the tests conducted by the ‘McCracken’ and ‘Leeds’ groups 

(McCracken et al. 2001; Whalley et al., 2007) as a foundation to test the framework 

against, Lopez et al. (2008) created a set of thirteen questions with sub-questions 

comprising a range of task types and difficulty levels: 

 

• Basic code-reading – matching terms and descriptions 

• Sequencing – locating missing lines of code and ordering them 

• Tracing – iterative and non-iterative constructs 

• Data types and assignment – scope and errors 

• Writing – method calls, parameters and testing 

• Explaining – purpose of code blocks, rather than lines of code 

 

Students performed highly on code-reading and missing line type questions, and while 

performance on non-iterative constructs proved high, it was mediocre for iterative 

constructs. Student performance was rated poor or mediocre on code writing tasks, 

with data question responses also scoring highly, while writing and explaining marks 

were poor or mediocre (Lopez et al. 2008). The explaining type questions were based 

on the ‘explain in plain English’ question types used by Whalley et al. (2007) and 

although students had previously been presented with these question types and model 

answer relational descriptions, they still averaged only 40% on that question type. 

 

On analysis, Lopez et al. (2008) determined a likely association between ability to 

explain tasks in plain English and ability to write code, with a strong correlation between 

code-tracing and code-writing ability, particularly for iterative constructs (loops). Figure 

2.6 illustrates a hypothetical hierarchical framework based on their findings, with 

questions on ‘Data’ and ‘Basics’ as predictors for non-iterative tracing (Tracing1) and 

‘Sequencing’ questions. Further up the hierarchy, iterative tracing questions (Tracing2) 
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present a strong predictor for ability to give relational code explanations, with both 

serving as predictors for arguably the most difficult task of ‘Writing’ code. Non-iterative 

tracing outlined simple line-by-line coding, while iterative tracing indicated lines of code 

contained within a loop, with values updated on each iteration and possibly including 

conditional statements within the loop. 

 

Figure 2.6 Path Diagram (Lopez et al., 2008) - Picture reproduced with permission of J.L. Whalley & P. Robbins 

 

The authors observed that this is not a strict hierarchy of programming skills and that 

multiple lower-levels could combine to influence higher-level skills, potentially reflecting 

the five overlapping domains of novice programmer difficulty identified by du Boulay 

(1989).  

 

Kwon (2017) examined the problem-solving plans of a selection of undergraduate pre-

service teachers with little or no programming experience, to evaluate the effectiveness 

of their problem-solving skills. The participants were considered likely to be teaching 

programming in the future, however, for the purpose of the study, were introduced to 

programming concepts in a syntax and semantic-free context. In pairs, the participants 

were required to develop natural language solution plans to set problems. Several 

issues were detected in the devised solutions, which although correct, were generally 

static, problem-specific, and could not be dynamically extrapolated to similar problems.  

Kwon (2017) identified the “misuse of variables, redundancy of codes, and weak 
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strategic knowledge”, demonstrating that the participants lacked the mental models 

required to develop program-compatible pseudo-code (Winslow, 1996), with no 

appreciation of the notional machine (du Boulay, 1989). The experiment indicated that 

there may be several layers of difficulty faced by novice programmers, who not only 

require effective problem-solving skills, but also a syntactical and semantic 

understanding of a programming language (the notional machine), to successfully map 

a problem-solving solution to the programming language (mental model). Although the 

sample of Kwon (2017) was relatively small, it did demonstrate the potential cognitive 

load placed upon novice programmers when required to develop a programming 

solution to a relatively complex problem. 

 

2.10.3. Problem-solving in Code Reading and Writing  

Soloway (1986) proposed that alongside teaching syntax and semantic constructs, 

instructors’ should alert students to the nature of high-frequency bugs, demonstrating 

strategies for putting code-blocks together, further emphasised by Linn and Dalbey 

(1989), who noted that novices: spend little time on planning or testing; exhibit poor 

error tracking skills; and tend to apply local ‘fixes’, to avoid major code re-working. The 

propensity of novices to copy-and-paste code was highlighted by Lomako (2007, 

p.143), as highly likely to cause errors in subsequent programs, especially where they 

lacked “a level of knowledge which allows the person to describe the structure and 

elements of the environment”. Lomako (2007, p.144) proposed an error-based 

approach, where “tests for problems and errors are performed in parallel to 

development stages”, aiming to significantly reduce the number of errors occurring at 

implementation. 

 

Bossé and Nandakumar (2000, p66) investigated a seeming disconnect between 

programming pedagogy and real-world software engineering, noting that “the 

instruction and learning of computer programming is intrinsically fraught, with numerous 

pedagogical and epistemological complexities”. Students have access to a wide variety 

of tools and algorithm options which “complicate rather than simplify the problem-

solving process”. Busjahn and Schulte (2013, p.9) observed that code-reading might 

be given insufficient consideration by instructors; “regarded as important, but seldom 

taught”. 
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Simon et al. (2009b) examined possible correlations between code-reading and code-

writing as part of the ‘BRACElet project’, observing that prior studies by Denny et al. 

(2008) and Lopez et al. (2008) had indicated a potential relationship between code-

tracing and writing in the former and code-explanation and writing in the latter. The 

implication of these former studies was that in order to write code, students first had to 

be able to effectively read and comprehend code, contradicting Winslow (1996, p.21), 

who reported “little correspondence between the ability to write a program and to read 

one”. Simon et al. (2009) reasoned that ordinarily, computer programming instructors 

expect students to develop code-reading ability in tandem with code-writing, however, 

if code-writing ability is reliant on code-reading ability then it follows that it must be 

factored into course design (Lopez et al., 2008; Busjahn and Schulte, 2013). 

 

2.10.4. Problem-solving in Code Tracing - Error-detection / Correction 

Linked to the concept of a notional machine, Perkins et al. (1989) proposed “hand-

tracing” viewed from the computer system perspective, as vital in planning, coding, 

testing, or debugging a program effectively. Winslow (1996 p.17) however, observed 

that even when hand-tracing an effective solution to a problem, translating the planned 

solution into a coded equivalent could prove troublesome. Robins et al. (2003) agreed 

with Winslow (1996) that novices lacked design focus, while Soloway and Spohrer 

(1989) witnessed a novice expectation that a program would perform in a predictable 

manner when executed, as they lacked understanding of the hidden mechanisms 

residing within the computer or language environment (the notional machine). Fragile 

programming knowledge and strategies could result in flawed plans/strategies for 

programming solutions (Soloway and Spohrer, 1989; Sorva, 2013), unlikely to produce 

a viable working solution (Winslow 1996). 

 

Kumar (2013) aimed to determine whether development of code-tracing abilities could 

result in improved student code-writing skills, by measuring the benefits of code-tracing, 

in a problem-solving session sandwiched between two code-writing tests. The author 

observed five post-test improvements, all syntactical, with no observable improvement 

in semantics understanding. Unfortunately, Kumar (2013) failed to provide any question 

examples or elaborate on what students were taught in the problem-solving sessions. 

If the emphasis in the sessions was on syntactical errors, then the improved post-test 
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syntax could be explained, although the purpose and benefits of code-tracing could 

have been associated with logic-errors and sequencing as well as syntax (Linn and 

Dalbey, 1989). No clear rationale for undertaking the study, nor any explanation for the 

findings, was offered by Kumar (2013). 

 

2.10.5. Developing Problem-solving Strategies 

The strategies used by expert programmers when problem-solving were studied by de 

Raadt et al. (2009). The authors argued that programming knowledge and the ability to 

apply that knowledge to a new problem, were distinct skills. Textbook analysis 

demonstrated that students are generally shown problem case studies, given an 

explanation of how a solution was arrived at, then asked to solve other similar problems 

by themselves. Students are expected to devise their own problem-solving strategies 

as a by-product of the problem-solving process, however de Raadt et al. (2009) argued 

that explicit instruction of problem-solving strategies might serve better (Arshad, 2009). 

 

Previous experimental studies have demonstrated that while implicit learning can 

produce improved results over time, explicit learning delivers faster learning and 

consistently better performance (Biederman and Shiffrar, 1987; Reber, 1993; Berry and 

Dienes, 1993), by developing an understanding of why something happens, while 

implicit instruction only demonstrates what could happen (Sun et al., 2011).  

 

Soloway (1986) considered expert programmers as possessing a bank of strategies 

honed over a period of time through problem-solving experience, which could be 

integrated and applied to new problems. The author devised a ‘Goal/Plan’ framework, 

to test novice problem-solving strategies. To apply explicit problem-solving strategies 

in computer programming and test the Soloway (1986) framework, de Raadt et al. 

(2009) endeavoured to capture strategies applied by experts, posing a short series of 

increasingly complex problems to a panel of twenty-five and had them draft their 

individual solutions on paper under timed conditions. Outline sequences were prepared 

for each problem, with the ordering of instructions considered crucial in determining the 

validity of the Soloway (1986) ‘Goal/Plan’ framework (de Raadt et al., 2009). 

 

de Raadt et al. (2009) found that all the experts ordered their plans in the correct 

anticipated sequence and in accordance with the ‘Goal/Plan’ framework (Soloway 
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1986), proposing that the problem solving strategies applied by experts, could be 

explicated to devise other plans similar to that of Soloway (1986) and incorporated 

directly into the curriculum. While de Raadt et al. (2009) confirmed the validity of the 

Soloway (1986) ‘Goal/Plan’ framework when applied to expert programmers, the 

experiment could have been extended to test the plans against a panel of novices or 

less experienced programmers, to determine the extent to which they could emulate 

the experts using the same plans and problems. Proposing that a typical pedagogical 

approach to demonstrating problem-solving in computer programming might include 

the use of varied worked examples, Luxton-Reilly et al. (2013, p.177) suggested that 

ideally students would be exposed to a small number of varied, yet correct approaches, 

and that “a systematic way of classifying solutions that captured their variation would 

help identify interesting solutions to use as examples”. 

 

Falkner et al. (2015) examined the development of learning strategies in computer 

science, comparing the self-regulated processes applied by first and final year 

students. The authors observed that only a small proportion of novice programmers 

designed a solution before coding (22.4%), preferring instead to develop their designs 

in conjunction with, or post-coding. Final year students (71.05%) were more inclined to 

devise a design before coding and largely able (52.6%) to express a solution through 

their design (Falkner et al., 2015). Time management, while a major issue for novices 

(57.6%) concerned final year students far less (26.8%). Experience appeared decisive 

in developing improved time management skills, with one novice student reflecting: 

 

“I often find myself, focusing too much on a single task and often delay 
the general implementation process of other core elements, which 
should arguably have been placed at a higher priority, and so by doing 
this, I would likely be able to construct a general solution a lot faster” 
(Falkner et al., 2015, p.250). 

 

The authors recognised developmental progression in students from first to final year, 

in terms of: computer science specific strategies; decomposition and prioritisation; 

levels of maturity; strategy sophistication; and improved time-management skills, noting 

however that in areas such as validation and prototyping, many final year students, 

referred to as “proto experts” (Falkner et al., 2015, p.251), still exhibited significant 

developmental requirements in order to become expert (Winslow, 1996).  
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Pasqualis (2018) suggested that new programmers believe languages, frameworks 

and algorithms to be fundamental skills, but it is their problem-solving skills that they 

need to hone to master the craft. The author proposed a hierarchy of five key problem-

solving abilities: 

 

1. Decomposition – splitting large complex tasks into sub-tasks 

2. Parallel thinking (sequencing) – managing and reordering tasks 

3. Abstraction – a design approach allowing for easy future 

expansion/adaptation 

4. Re-purposing (best fit) – locating and adapting existing solutions to fit new 

problems 

5. Visualisation – representing the flow of data, mentally or graphically 

 

Few graduate programmers are particularly experienced in the problem-solving skills 

listed, but in the workplace they can gradually improve the quality, efficiency and 

timeliness of projects through the development and enhancement of problem-solving 

skills alongside technical abilities (Baltes and Diehl, 2018). Kwon (2017) found that 

even good problem-solvers with some basic instruction in programming concepts, were 

unable to represent their solutions in a non-problem specific way that could be 

programmed effectively. Their solutions lacked an appreciation of change states, 

suggesting that problem-solving instruction in relation to learning computer 

programming, needs to take account of the notional machine in order to develop 

effective mental models. Combining these elements however, could prove problematic 

and risk cognitive overload. 

 

The development of problem-solving strategies in novice computer programming 

students could be fundamental (Winslow, 1996; Lakanen and Isomöttönen, 2015). de 

Raadt et al. (2009) tested the validity of explicit problem-solving strategy instruction 

with experts using the Soloway (1986) ‘Goal/Plan’ framework, but failed to demonstrate 

that novices could not follow the plans. Falkner et al. (2015) observed significant time-

management issues in novices, with self-regulation difficulties persisting into the final 

year, proposing that continued: problem definition; problem-solving reflection and 

evaluation, might be beneficial. Luxton-Reilly et al. (2013) examined varying correct 
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student solutions, but disregarded potentially valuable incorrect or partial solutions. The 

overall implication is that problem-solving strategy training must be: structured; explicit; 

well-practiced; and provide adequate time for reflection and evaluation.  

 

2.10.6. The Relationship between Problem-solving and Personality 

Ginevra et al. (2014, p1) examined the inter-connectivity between personality type, 

problem-solving appraisal and learning strategies in a voluntary sample of Italian 

adolescent students. Where Zimmerman and Schunk (2007) had determined a positive 

correlation between: effective problem-solving, coping skills, and development of 

effective learning strategies, resulting in improved academic performance, Ginevra et 

al. (2014, p.1) hypothesised that self-appraisal of problem-solving ability might “fully or 

partially mediate the relation between personality styles and learning strategies”. The 

MBTI® personality styles of “extraversion, intuition, thinking, and judgment” could 

“directly or indirectly predict, through problem solving, learning strategies” (Ginevra et 

al., 2014. p.3). 

 

Ginevra et al. (2014) employed three tests: 

 

• The MBTI® (Myers et al., 1998) 

• The Problem Solving Inventory (PSI) - (Heppner, 1988) 

• The Learning Strategies Inventory (LS) 

 

The authors noted that all three test sets produced results comparable with the testing 

of Italian adolescents about to make their university choices. Direct and indirect links 

were observed between personality styles and learning strategies, but recognising that 

personality types are stable and unchanging, Ginevra et al. (2014) proposed that 

positive problem-solving appraisal could heavily mediate the acquisition and selection 

of resources and strategies. Strategy training was viewed as a “critical life skill”, leading 

to potentially improved problem-solving ability, self-efficacy, social skills and coping 

strategies. The inter-relatedness of these ‘critical life skills’ in relation to problem-

solving and personality, reflect studies into competence motivation theory (White, 

1959), self-efficacy theory (Bandura and Schunk, 1981) and attribution theory (Weiner, 

1976). 
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It could be suggested that the study undertaken by Ginevra et al. (2014) highlights 

underlying issues in the Italian education system (European Union, 2016), however the 

findings could likely be generalised, as some of the personality traits which they 

proposed could be fully mediated (e.g. introversion/extraversion) are possessed by all, 

regardless of personality type.  

 

Baltes and Diehl (2018) conducted a broad investigation of the elements contributing 

to the development of individual programming expertise, analysing a diverse sample of 

one hundred and twenty-two participants drawn from ‘Stack Exchange’ and ‘Git Hub’, 

two popular knowledge and code-sharing platforms. Participants voluntarily completed 

an online questionnaire and their responses were used to develop a conceptual 

framework of programming performance (Fig. 2.7), which when refined, proposed “a 

task-specific view on expertise, separates individual differences and behavior, and 

embeds the concept of deliberate practice, including the relationships monitoring, 

feedback, and self-reflection”. 

 

 

Figure 2.7 Towards Software Development expertise (Baltes and Diehl, 2018) - Picture reproduced with permission of S. 

Baltes 

 

The complex conceptual model proposed by Baltes and Diehl (2018) attempts to bring 

together a diverse set of elements contributing to software development performance. 

Key aspects are experience and education, with self-reflection and feedback linked to 

individual aspects of personality, motivation, mental abilities and soft skills. Almost 

certainly, the individual differences could be expanded in other ways besides those 
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suggested. There are other soft skills that could be considered. Personality is 

represented by the Five Factor Model, which is quite different to other personality tests, 

and mental abilities have been given little consideration, other than age-related decline. 

Additionally, external motivating factors that could impact performance and the inter-

relatedness of individual differences are not really considered, other than being 

grouped together. 

 

While the individual differences reported by Baltes and Diehl (2018) appear similar to 

the inter-connected ‘critical life skills’ considered by Ginevra et al. (2014), the focus in 

each study was different. Individual differences were a secondary component for Baltes 

and Diehl (2018), with the primary focus on software development in relation to 

expertise. Team-working as a soft-skill appears not to have been considered and while 

team structure is attached to task context, team-work also has strong links to 

personality and motivation (White, 1959). Mental abilities only consider age-related 

decline, omitting the impact of cognitive load, stress, illness and other external factors 

impacting performance, while motivation neglects self-efficacy (Bandura and Schunk, 

1981) and other demotivating factors. The whole model is built on a premise that the 

software developer is generally successful, with little consideration for the impact of 

failed projects or tasks, demotivating factors and their resulting attributions (Weiner, 

1976). 

 

2.11. The Role of Personality 

The role of personality in software development may be pivotal (Karn and Cowling, 

2005), intrinsically linking individual traits to the perception of what makes an ideal 

programmer (Li et al., 2015). In considering the composition of software development 

teams, Gilal et al. (2017) asserted that problem-solving abilities were influenced by the 

personalities of team members. Factors unique to an individual, such as motivation, 

self-efficacy and attribution, also correspond to aspects of personality (Robertson and 

Tinline, 2007), and the role of personality in developing problem-solving skills and 

strategies may be important (Da Cunha and Greathead, 2007; Ginevra et al., 2014), as 

problem-solving ability impacts directly upon ability to learn computer programming 

(Falkner et al., 2015). 
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2.11.1. Personality in Software Development Students 

The personality aspect of those choosing to study computing science has long been of 

interest to academics, although initial studies focussed primarily on engineering 

students, with computing students subsequently perceived as similar types. McCaulley 

(1976) examining the personality of engineering students suggested that a thinking-

judging (TJ) trait combination was important. Rosati (1993) found the most common 

personality type among engineering students to be INTJ, supporting the supposition of 

McCaulley (1976).  

 

The similarity of types in engineering and computing science studies can be drawn from 

Teague (1998) who found ISTJ types to be the most common in computing and Scott 

et al. (2002), who indicated that ISTJ, ESTJ, INTJ and ENTJ, were the principal 

personality types of engineering students. Benest et al. (2003) proposed that 50% of 

computing students were either ISTJ or ISFJ types. 

 

Varona et al. (2014) examined the personality types of one hundred Cuban software-

engineering students, half in their first and half in their fifth year of study, using the 

MBTI® (Myers et al., 1998). While certain personality dimensions appeared consistent 

from junior to senior level, other dimensions appeared to alter over the duration of 

study. Consistency was found in sensing and intuition (SN) and in thinking and feeling 

(TF), with a slight preference towards sensing and thinking (Varona et al., 2014). 

Extroverted students dominated the sample. From the eight categories of introvert, two 

types; INTJ and INTP, had no representation, while INFJ and ISFP types had some 

representation at junior level (12 and 6 respectively), but none at senior level (Varona 

et al., 2014). Dominant personality types at both levels were “ESTP (14%), ENTP 

(12%), ESTJ (10%) and ISTJ (10%)”, accounting for nearly half of students’ sampled 

(Varona et al., 2014). All four personality types were thinkers, mainly exhibiting sensing 

over intuition, and slightly more inclined to perceiving than judging. The consistency of 

extrovert/introvert numbers from junior to senior level suggests that this factor alone 

cannot determine achievement potential. 

 

Varona et al. (2014, p.132) concluded that “INFJ and ENFP juniors may struggle 

through academic life, in contrast with ISTJs and ESTJs”, corresponding to the findings 
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of Ahmed et al. (2010), who reported all ISTJ students sampled as achieving a grade 

‘A’ or ‘B’, and Montequin et al. (2012), who observed the ISTJ personality type as the 

most dominant in the software industry. While Capretz (2003) suggested that the ISTP 

personality type makes the best programmer, it was poorly represented in the sample 

of Varona et al. (2014), which possessed an intrinsic bias, owing to the large number 

of extroverts. This implies that small numbers of introverted students may tend not to 

survive in classes dominated by extroverts (Karn and Cowling, 2005). The validity of 

such a hypothesis would be difficult to determine, necessitating a class composition 

based around personality type. 

 

Karn and Cowling (2005) endeavoured to identify groupings of personality type, or 

individual personality types that did not work well together in student agile software 

development teams. The authors argued that attempting to identify an ideal 

combination of personalities would take considerable time and effort and would be very 

difficult to implement, therefore identifying problem personality types or combinations 

might be preferable. Karn and Cowling (2005, p.8) combined the MBTI® with team 

meeting observations to perform an ethnographic study, aiming to obtain “a 

theoretically comprehensive understanding of a group or culture”, and providing “an 

‘inside’ account of the lives of people under observation”. 

 

In ‘Team 1’ the authors found team dynamics to be extremely disrupted by one 

personality, an ISTJ type, at times sarcastic, obtuse and pedantic, noticeably 

uninterested and seemingly disrespectful. The authors observed that three of the five 

team members were clearly introverted, expressing a preference for working at home 

rather than in the lab, inevitably leading to one conscientious individual attempting to 

complete everything at home by themselves, causing “stress and nervous exhaustion” 

(Karn and Cowling, 2005, p.22). It could be deduced from ‘Team 1’ that the ISTJ type 

is not best suited to group work and while the other team members brought different 

skills to the group and worked well together at times, an overall tendency towards 

introversion stored up considerable problems, that surfaced dramatically later in the 

project. 
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‘Team 2’ exhibited a clear preference for extraversion, with all but one preferring 

judging, leading to lengthy, heated, and often fiery debates, confusion over project 

roles, and a tendency to over-ride authority, inhibiting progress. Many team meetings 

ended in screaming matches, suggesting that team dynamics were far worse than with 

‘Team 1’. Of the two introverts in ‘Team 2’, an INTP type, the only one in the group with 

a preference for perceiving rather than judging, persistently missed meetings and 

caused or exacerbated problems when present. Other group members and the subject 

themselves referred to this aspect of personality as ‘pedantry’, although Karn and 

Cowling (2005) indicated that according to the MBTI®, the INTP personality type is the 

most intellectually profound, with deeper insight skills, unwilling to rush decisions until 

all the evidence has been analysed. It is easy to see why, within a group of mainly 

extroverts, such indecisiveness would not fit well. That extroverts tend to dominate was 

also demonstrated in ‘Team 2’, where the two loudest group members proposed most 

ideas, and the sole calm, quiet, introverted team-member, was regularly brow-beaten 

into submission. 

 

Karn and Cowling (2005) suggested that positive and negative behaviours witnessed 

in both teams could be attributed to personality type. In ‘Team 1’, the ISTJ type caused 

the most disruption, completely in accordance with that type. In ‘Team 2’, the three 

combinations of extrovert: ‘ENF’, ‘ESF’ and ‘ENT’, often clashed heatedly, although all 

three expressed a preference for judging, extremely at odds with the INTP perceiving 

type in the group. The other introvert in ‘Team 2’, although often shouted-down by team-

mates, was seen as a positive, calming influence, and what quality work the group 

succeeded in producing might have stemmed from that influence. 

 

Gulati et al. (2016) conducted a study examining student software engineers for 

relationships between performance, temperament and personality. Sixty-six students 

completed the Keirsey Temperament Sorter (KTS) Test. The KTS emphasises 

sensing/intuition, as opposed to the MBTI® which focuses on introversion/extraversion 

(Gulati et al., 2016). The KTS splits individuals into sixteen personality types, grouped 

into four temperaments (Fig. 2.8): 
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Figure 2.8 Sixteen Temperaments of KTS (Keirsey.com, 2018) 

 

Gulati et al. (2016) found that students in the ‘Guardian’ category were best at 

performing programming tasks, while artisan and idealist types were deemed less 

suitable (Sach et al., 2010). 

 

The validity of the MBTI® in education has been questioned, drawing criticism for its 

forced choice and bi-polar nature, although re-testing has demonstrated consistency 

(Coffield et al., 2004). The assumption by Varona et al. (2014) that INFJ and ENFP 

personality types would potentially struggle throughout academic life, perhaps only 

refers to software development, and while it is unclear if this is what the authors were 

proposing, it seems possible that certain personality types are not well suited to 

software development, while others definitely are (McConnell, 2003; Sach et al., 2010; 

Montequin et al., 2012). However, Coffield et al. (2004) suggested that personality type 

could evolve with age. 

 

The potentially volatile role of personality within a group dynamic was demonstrated by 

Karn and Cowling (2005), with personality in pair-programming also shown to be 

relatively unstable (Lewis and Shah, 2015; Katira et al., 2004). Gulati et al. (2016) 

proposed that individuals exhibiting ‘sensing’ and ‘judging’ traits performed best in 

software development, with those exhibiting the ‘feeling’ trait, less well suited, 

suggesting that a logical, analytical, determined character, as proposed by Robertson 

and Tinline (2007) and Ginevra et al. (2014), possesses the ideal traits for programming 
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tasks. The most unstable variable in the equation may be the role of 

extraversion/introversion (Karn and Cowling, 2005; Noftle and Robins, 2007). 

 

2.11.2. Personality in Industry 

Personality testing is conducted in industry for various reasons (Nsubuga, 2014), with 

the MBTI® and Five-Factor tests perhaps the most widely applied (Diekmann and 

König, 2014). The Five-factor model is considered by many in industry as capturing a 

better snapshot of personality, particularly in determining relationships between work-

based performance and personality (Dessler, 2007). The reliability and validity of the 

MBTI® as an instrument for gauging performance has been questioned (Coffield et al., 

2004; Robbins and Judge, 2011), however Capraro and Capraro (2002), observing 

some variation between testing and repeated testing, claimed that in general, MBTI® 

scoring demonstrated strong consistency, indicating test reliability (Coffield et al., 

2004). In a mapping study examining forty years of personality research in software 

development, Cruz et al. (2015) observed that the MBTI® was the most frequently 

administered personality test (48%), with the Big Five/Five Factor Model second on 

19% and the KTS third on 9%. In terms of validity, Capraro and Capraro (2002) 

concluded that the test cannot be perceived as a valid instrument for predicting 

performance and to be considered a valid performance measure, MBTI® scores would 

have to be shown to correlate well with other valid performance test measurement 

instruments (Harvey et al., 1995). 

 

McConnell (2003) examined two large studies identifying the ISTJ personality type as 

the most prevalent in professional software developers, roughly one-third on average 

(Lyons, 1985; Thomsett, 1990), with between one-half and one-third demonstrating 

introversion. McConnell (2003) highlighted the introverted-sensing (IS) component as 

likely linked to higher education, with over 60% of software developers possessing 

bachelor’s degrees versus a 30% population average, also observing that the sensing-

thinking (ST) component indicated a methodical, logical and realistic approach to 

problem-solving. The dedication and commitment shown by professional software 

developers is often detrimental to their health and well-being, with long periods 

dedicated to projects often leaving them burnt-out (Hilliard, 2015). While ‘Rapid 

Application Development’ and ‘Agile’ methodologies may have helped to reduce the 
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individual burden in software development (Grobmeier, 2014) and improved job 

satisfaction rates (Melnik and Maurer, 2006), the industry remains fast-paced, high-

pressured, and subject to periods of intense activity (APM North West Branch, 2015).  

 

A literature review conducted by Wiesche and Krcmar (2014) examined 52 separate 

studies of software engineer personality testing, conducted mainly with professional 

developers, although some were with programming students. The majority of tests 

applied the MBTI®, Big 5, or Five-Factor (FFM) instruments, with the authors noting 

that some MBTI® tests identified ISTJ as the most prominent software developer 

personality type (Mair et al. 2012; Montequin et al., 2012), although others identified 

ESTP or ESTJ types (Raza and Capretz, 2012; Yilmaz and O’Connor, 2012). The 

authors determined that while cross-organisational levels of extraversion varied greatly, 

software developers in industry are generally more extroverted than computer 

programming students (Raza and Capretz, 2012), although Varona et al. (2014) 

encountered high extraversion levels in students, indicating that the timing of student 

personality testing could be significant. Varona et al. (2014) witnessed a dramatic 

decline in introverted student numbers from first to third year, suggesting that 

introverted students are less likely to succeed on computer programming courses than 

extroverts, that industry software developers tend to be more extroverted (Wiesche and 

Krcmar, 2014), else introverts fail to gain industry positions, perhaps because they do 

not present well at interview (Cain, 2015). 

 

Wiesche and Krcmar (2014) noted that in large-scale studies focussed on pair-

programming using the Big 5 personality test (Surgency, Agreeableness, 

Conscientiousness, Emotional Stability and Intellect), contradictory results had been 

returned. Some, such as Salleh et al. (2011), reported that “certain personality traits 

significantly affect performance and satisfaction” (Wiesche and Krcmar, 2014, p.152), 

while other studies suggested no significant correlation between personality and task 

satisfaction or performance (Hannay et al., 2010), Salleh et al. (2011) had observed a 

correlation between student conscientiousness and performance in pair-programming 

(Furnham et al., 2002; Feldt et al., 2010; Gnambs, 2015), but the authors suggested 

that conscientiousness in teams is not always present, finding no correlation between 

task satisfaction and levels of conscientiousness. In examining tests conducted using 
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the FFM, Wiesche and Krcmar (2014, p.152) concluded that the studies “found that 

neither Conscientiousness nor Neuroticism affect students’ academic performance”, 

and that most studies conducted in an academic setting “did not find significant effects 

of personality on performance while studies that use data from industry find significant 

influences of personality on performance”. 

 

Wiesche and Krcmar (2014, p.153) proposed that “selecting and managing successful 

and satisfied software developers is a function of both task characteristics and 

individual personality” and that a classification of software development tasks could 

provide “taxonomies of software engineering jobs that would help refine software 

engineering tasks characteristics to match personality traits”. The authors appeared to 

be suggesting that through personality testing, software engineering roles such as 

analyst, designer, developer, and tester (Rehman et al., 2012), could be assigned 

based upon individual suitability, according to the proposed taxonomies. 

 

Feldt et al. (2010, p.2), referencing the work of Blumberg and Pringle (1982), contended 

that “personality is but one possible factor in explaining the judgments and decisions 

taken by humans involved in software development activities”, and while personality 

could influence work performance, three other key factors also influenced decision-

making (Fig. 2.9): 

 

• Task performance capacity - intelligence, related skills, education level, age, 

physical health and energy level 

• Task willingness - motivation, job satisfaction, job status, self-image 

• Task opportunity - tools, materials, working conditions, leader behaviour, rules 

and co-worker behaviour 
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Figure 2.9 Factors influencing decision-making (Blumberg and Pringle 1982, Millward 2005) - Picture reproduced with 

permission of © SAGE 

 

Feldt et al. (2010, p.5) applied the 50-item IPIP test (based on the FFM) in conjunction 

with a fifty-six question survey on “views, attitudes and working habits related to 

software engineering”. A sample of forty-seven commercial software engineers were 

surveyed, of which 85% listed programming as their main job activity. 
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Figure 2.10 IPIP results – (Feldt et al., 2010) - Picture reproduced with permission of R. Feldt 

 

Examining the IPIP test results, it appears that conscientiousness is not an important 

personality trait for software developers and agreeableness and neuroticism not very 

important, however extraversion and openness appear highly significant (Fig. 2.10). 

 

Comparing the survey findings with the personality testing element, the authors 

deduced that high levels of extraversion were linked to a preference for multi-tasking 

and team-working, believing that working to a plan would increase performance 

efficiency, and a desire to improve performance by being involved in decision-making. 

High levels of openness could also be associated with a desire for multi-tasking, a 

preference for full-project involvement, and a belief that management were supportive. 

Feldt et al. (2010, p.16) compared their findings against ten thousand web survey 

samples (Buchanan et al., 2005), concluding that “software engineers in this study are 

a more homogeneous group, personality-wise, than the general population”. Possible 

threats to the validity of the findings may have been: low sample size, the self-

assessment nature of the test, and a plausible desire in respondents to try and impress 

(Feldt et al., 2010), however the IPIP test has been proven robust (Guenole and 
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Chernyshenko, 2005) and scale personality testing has frequently demonstrated little 

deviation between population samples (Goldberg et al., 2006). 

 

Gnambs (2015, p.3) conducted “a meta-analysis on personality traits contributing to 

programming aptitude”, considering the “motivational and attitudinal attributes of 

computer programmers” in around seventeen hundred participants. The author 

suggested that the two ‘Big Five’ personality traits most relevant in determining 

programming aptitude may be conscientiousness and openness; conscientiousness 

because an eye for minor detail is necessary and openness to novel ways of thinking 

and creativity (Rothmann and Coetzer, 2003). While Furnham et al. (2002) observed 

no clear correlation between cognitive ability and academic performance, Gnambs 

(2015) found a significant correlation between general mental abilities and 

programming aptitude. Like Feldt et al. (2010), Gnambs (2015, p.7) also observed a 

clear correlation between openness and “successful programming achievement”. The 

findings of Furnham et al. (2002) regarding conscientiousness and introversion were 

also corroborated; “more conscientious programmers were less error prone” and the 

most successful programmers were inclined towards introversion (Gnambs, 2015, p.7). 

 

Although the studies conducted by Feldt et al. (2010) and Gnambs (2015) both 

examined software developer personality, the findings deviated significantly from each 

other. Given that Feldt et al. (2010) had a relatively small sample and used a 50-item 

measure to test the ‘Big Five’, while Gnambs (2015) aggregated data from multiple 

large samples, it would appear that Gnambs (2015) findings might provide a more 

realistic insight into software developer personality. Furnham et al. (2002) applied a 

250-item measure, suggesting that the highly positive extraversion observed by Feldt 

et al. (2010) might have stemmed from an inadequate test measure, or unusually high 

numbers of extroverts enrolling on the course (Varona et al., 2014). Additionally, the 

failure of Feldt et al. (2010) to determine conscientiousness as a significant factor in 

achievement, indicates potential test measure inadequacies, however Gosling et al. 

(2003, p.506) suggested that, in requiring forty-five minutes to complete, a 250-item 

measure “is too lengthy for many research purposes”.  
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Feldt et al. (2010) considered personality and intelligence as influential in one of three 

performance indicators influencing decision-making, judgement and work performance 

in the software development industry, that of task performance capacity. Gnambs 

(2015) also identified a likely relationship between general mental abilities and 

programming aptitude. Of the other two performance indicators identified by Feldt et al. 

(2010) task willingness was considered to be influenced by motivation, self-efficacy and 

perhaps attribution. The third performance indicator, task opportunity, related to 

working conditions and management, aspects over which an individual had potentially 

very little influence. Task capacity and willingness could be measurable, while task 

opportunity was seen as an unknown quantity, potentially impacting performance (Feldt 

et al., 2010). The later conceptual model devised by Baltes and Diehl (2018) appeared 

to encapsulate many of the factors identified by Feldt et al. (2010) in relation to work 

performance and improvement. By examining the self-perceptions of software 

development personnel problem-solving strategy selection and application, possible 

correlations to personality type or traits are considered in this research project. 

 

The implication derived from these studies is that a conscientious attitude to work, 

combined with an openness to experience and a good work ethic, represent desirable 

personality characteristics for software developers and students in general (Furnham 

et al., 2002), although introversion/extraversion levels might not have much influence 

on performance (Wiesche and Krcmar, 2014; Raza and Capretz, 2012; Varona et al., 

2014).  Biderman et al. (2012), subjecting personality test types to comparative 

analysis, concluded that measurements of conscientiousness in learning and those for 

employment performance are not mutually compatible. Gnambs (2015) implied that 

successful software developers were highly intelligent, with McConnell (2003) 

indicating that software developers are twice as likely as the average person to be 

degree qualified. 

 

Sach et al. (2010) considered results from five separate MBTI® personality 

assessments performed with software engineering practitioners, determining which 

personality types were dominant or unusual. From the collated findings it could be seen 

that four types were dominant and two in particular (Fig. 2.11): 
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Figure 2.11 Personality types of software development engineers (Sach et al., 2010) 

 

The statistical data presented by Sach et al. (2010) proposed that ISTJ and ESTJ types 

were dominant amongst software engineering practitioners, closely followed by INTJ 

and INTP types, correlating with McConnell (2003) who found ISTJ most dominant and 

Varona et al. (2014), significantly so. Ahmed et al. (2010) and Montequin et al. (2012) 

also found the ISTJ type representative of the most successful software development 

students, however in a team-based software development study on students applying 

an ‘Agile’ methodology, Karn and Cowling (2005) found an ISTJ type extremely 

disruptive and an INTP type to be constantly late, missing meetings, and exacerbating 

problems. In both instances, the authors considered group dynamics in terms of 

introversion/extraversion, the primary cause of conflict, with extroverts seeking to 

dominate and introverts demonstrating high levels of contempt, scorn, sarcasm, and 

disregard towards other team members. Kaufman (2014) dismissed the naive 

misconception that extroverts are more sociable, only more positively inclined towards 

group and solitary activities throughout the day, while introverts are not necessarily 

more negative, but perhaps more detached and experience less stimulation. The author 

suggested that extroverts seek social attention and experiencing social rewards is 
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important to them, while introverts place less value on social reward, although still 

experience it to a lesser extent. Introverts experience greater reward by “engaging with 

ideas and imagination”. In essence, both groups experience positive and negative 

emotions, but introverts tend to internalise them independent of social context, basing 

emotional responses upon reflection of the facts (Jackson, 2014). According to the 

author, extroverts are more open about feelings, positive or negative, firmly rooted in 

and driven by social interaction, often reactive and lacking the careful consideration 

and evaluation exhibited by introverts. 

 

Sach et al. (2010) suggested “a relationship between psychological type and software 

engineers”, prompting certain types to favour software engineering, particularly thinkers 

(80.3%) and judgers (67%). Unlike other studies where extraversion was considered 

significant (Feldt et al. 2010; Raza and Capretz, 2012; Varona et al., 2014), Sach et al. 

(2010) encountered a 60% preference for introversion (McConnell, 2003). The findings 

of Sach et al. (2010) appear to support the supposition that software development 

careers are either unsuitable for, or not preferred by creative personality types such as 

ISFP, INFP, ESFP and ENFP. Sach et al. (2010) questioned whether work roles could 

be considered and if “the dynamics of a team and the personalities present could 

drastically affect performance and productivity”? Wiesche and Krcmar (2014) 

considered the possibility of software development roles being assigned according to 

personality type, recognising that a “growing ICT sector will require more trained human 

resources at all levels including maintenance, design, development, implementation 

and leadership” (Koppi et al., 2009). 

 

2.11.3. Software Development roles and Personality Testing 

In considering the composition of effective software development teams, Gorla and 

Lam (2004) attempted to identify the personality traits representative of an ideal team 

leader, a systems analyst, or a programmer. Surveying members of small software 

development teams, the authors found that team leaders with a feeling trait, which they 

associated with people skills and decision-making ability, were found to outperform 

those with a thinking trait. The intuiting trait was also considered suitable for team 

leaders, reflecting well developed information-gathering skills and an ability to “visualize 

future information requirements better” (Gorla and Lam, 2004, p.82). The judging and 
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sensing traits were considered optimal, associated with setting milestones and 

managing team members effectively to ensure that deadlines were met. They proposed 

that the ideal team leader would therefore possess an ‘NFJ’ trait combination. 

 

Gorla and Lam (2004) concluded that the thinking/feeling trait pairing alone held any 

significance for a systems analyst in a team and that a systems analyst with the thinking 

component improved team performance. The authors suggested that analytical 

thinking and logical reasoning were critical in adopting a scientific approach, attributes 

which analysts possessing the feeling trait were less likely to exhibit to the same extent. 

The sensing trait was also linked to information gathering, but also to an appreciation 

of the practical concerns and in ensuring that team members received the detailed 

information they required to perform their tasks, with a willingness to lend hands-on 

support when necessary. The ideal systems analyst in a team would therefore possess 

an ‘ST’ trait combination. Teams with programmers who were extroverted were found 

by Gorla and Lam (2004) to outperform those with introverted programmers. The 

required social interactions with other team members were considered the driving force 

behind this rationale. In terms of information gathering and in dealing with the external 

world, the judging trait was valued, and so the ideal systems programmer in a team 

would possess an ‘ESJ’ trait combination. 

 

Schaubhut and Thompson (2008) applied the MBTI® to a large sample of software 

engineers (1326), systems analysts (2493) and programmers (1719), with software 

engineers considered to be involved in all stages of development, from review, through 

design, creation, and testing of software. The results of the test are shown in Table 1, 

with all values over 4% highlighted for emphasis. 
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 Personality types by percentage per role 

Role ISTJ ISFJ INFJ INTJ ISTP ISFP INFP INTP 

Software Engineer 17.3% 3.6% 2.2% 9% 8.1% 1.6% 3.9% 11.5% 

Systems Analyst 17.7% 4.8% 2% 6.7% 5.7% 3% 4.3% 7.1% 

Programmer 19.4% 5% 2.6% 7.6% 9.1% 3.3% 5.4% 9.1% 
          

ESTP ESFP ENFP ENTP ESTJ ESFJ ENFJ ENTJ 

Software Engineer 4.7% 2% 3.8% 9.7% 12.7% 2.1% 2% 6% 

Systems Analyst 5.9% 2.3% 4.8% 7.1% 14.1% 4.7% 2.2% 7.9% 

Programmer 5% 2.1% 4.4% 5.4% 9.9% 4.5% 1.3% 5.9% 

Table 1 Percentage by role and personality type (Schaubhut and Thompson, 2008) 

 

By far the most dominant personality type observed across all three samples was ISTJ, 

followed by ESTJ, with INTJ, ENTP, ISTP and INTP also demonstrating reasonably 

high values. This matches the findings of McConnell (2003), Sach et al. (2010) and 

Varona et al. (2014). The ISTJ and ESTJ types were dominant in each sample, 

indicating that both types are drawn to the software development industry in general. 

The most common personality types for software engineers were ISTJ, ESTJ and INTP, 

for systems analysts; ISTJ, and ESTJ, and for programmers; ISTJ, ESTJ, ISTP and 

INTP. There is some correlation with Sach et al. (2010) who suggested that ISFP, 

ESFP, INFP, and ENFP types might be unsuited to software development. ISFP and 

ESFP types were very poorly represented in all three samples, with INFP and ENFP, 

slightly higher, but still relatively low. However, the large samples of Schaubhut and 

Thompson (2008) also indicated very low representation of INFJ and ENFJ types 

across all three roles. 

 

Schaubhut and Thompson (2008) did not drill-down into individual traits, and while 

there appears to have been a fairly even distribution between introverted and 

extraverted types and judging and perceiving types, ‘ST’ and ‘NT’ trait combinations 

accounted for the following percentages in each sample; 
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• Software Engineers – ST: 42.8%, NT: 36.2% (Combined total – 79%) 

• Systems Analysts – ST: 43.4%, NT: 28.8% (Combined total – 72.2%) 

• Programmers – ST: 47.6%, NT: 28% (Combined total – 75.6%) 

 

This appears to suggest that the two trait combinations account for around three 

quarters of all software development professionals, a significant proportion. A similar 

test with ‘SJ’ and ‘SP’ combinations demonstrates that while ‘SJ combinations appear 

quite significant, ‘SP’ combinations appear less so. 

 

• Software Engineers – SJ: 35.7%, SP: 16.4% (Combined total – 51.4%) 

• Systems Analysts – SJ: 41.5%, SP: 16.9% (Combined total – 58.4%) 

• Programmers – SJ: 38.8%, SP: 19.5% (Combined total – 58.3%) 

 

Sach et al. (2010) suggested that certain types favour software engineering, particularly 

thinkers (80.3%) and judgers (67%) and the percentages observed in the data of 

Schaubhut and Thompson (2008) are relatively similar, although arguably the sensing 

trait merits equal attention. 

 

For Schaubhut and Thompson (2008), having obtained very large samples for their 

research, the classification of participants seems peculiar. The term software engineer 

is applied to anyone involved in all aspects of software development from analysis 

through to testing and maintenance. If participants were drawn from large software 

companies, it seems probable that their roles would have been more specific and could 

have been broadly categorised, or matched against role or task preference, as with 

Capretz et al. (2015), rather than generalised as software engineers. 

 

Martinez et al. (2010) conducted two studies examining personality in software 

development, one in an industry setting and the other in an academic setting. They 

found the judging trait to be dominant in industry software developers, however the 

perceiving trait dominated academic programmers. The authors proposed that an ESTJ 

type made for the best analyst and architect (designer?), with the extraversion element 

suggesting an ability to relate to others, and the judgement element relating to good 
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decision-making. The authors proposed that an ISTP type could be associated with 

programming tasks, with programmers generally introverted and the thinking 

component relating to logic and problem-solving. The authors considered ENFP, INTP, 

INFJ and INFP types to be unsuited to any development role. 

 

Capretz et al. (2015) considered personality in terms of distinct software development 

roles, although their study was primarily concerned with task preference. However, the 

tasks identified do match the distinct software development roles of; analyst, designer, 

developer, tester and maintainer. The authors conducted a personality study (MBTI®) 

with one hundred Cuban software developers (ninety-three professors and seven 

senior phase students), who were actively involved in developing software products for 

commercial use and expressed mixed task preferences. 

 

 The distribution by task preference for professors was as follows: 

 

• Analysis - 30% 

• Design - 11% 

• Development - 28% 

• Testing and Maintenance - 11% 

• Leadership - 23% 

 

Capretz et al. (2015) considered possible personality types that could be associated 

with task preference, based upon the results demonstrated in Figure 2.12.  
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Figure 2.12 Distribution of personality traits by task preference (Capretz et al., 2015) 

 

Where less than four participants positively expressed a task preference, the category 

was considered as lacking statistical significance and excluded from further analysis. 

The authors concluded that the types indicated in Table 2, might be best suited to the 

associated tasks. 

 

 Personality type and percentage with task 

preference 

  

 ESTJ ESTP ISTJ ISFJ INTJ ESFP INTP ENTJ ISTP ISFJ 

Analysis 84 93 80 86 67 100 80    

Design 72 60   83 50  71 80  

Development 76 71  71  67  71 100 83 

Testing 20          

Maintenance 28          

Table 2 Task Preference by Personality Type (Capretz et al., 2015) 

 

The implication of these findings is that ESTJ types probably make the best all-rounders 

and are likely best suited to smaller projects where they are involved in all aspects of 
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development, and even though they do not particularly enjoy testing and maintenance, 

they are generally prepared to perform those tasks if requested. The ESTJ type had 

the second-highest representation in analysis for Schaubhut and Thompson (2008), 

although the type preferred programming more and ranked lower than the ISTJ type in 

both categories. The figures also suggest that ESFP, ESTP and perhaps ESFP types 

might be best suited to analysis, INTJ types to design and ISTP types to development, 

however, given the disproportionate numbers across the range, such assertions would 

be difficult to support. The findings contradict those of Schaubhut and Thompson 

(2008), who observed ISTJ and ESTJ types to be dominant in analysis and 

development. 

 

There are clear indications that for the sample of Capretz et al. (2015), testing and 

maintenance were considered very unpopular and perhaps surprisingly, that analysis 

was the most popular task. Capretz et al. (2015) suggested that the perceived disdain 

for testing might stem from the required levels of persistence and attention to detail 

required. They observed that Takamatsu et al. (2014) had considered testing to be 

costly (time and money), particularly where multiple, difficult branches were involved, 

suggesting that automated testing was the only viable method for reducing the burden. 

 

Capretz et al. (2015) observed that specific personality trait combinations might be 

more relevant to task preference than personality types alone. They suggested the 

following trait combinations to be statistically significant: 

 

• Analysis – SP, SJ and NF 

• Design – NT, NF 

• Development - NF 

 

An ‘SJ’ trait combination accounted for 45% of the sample, a similar level to Schaubhut 

and Thompson (2008), however, where this study of Capretz et al. (2015) differed from 

others was finding ‘SP’ to be the second most represented trait combination, where 

other studies found it to be ‘NT’ (Miller and Zhichao, 2004; Varona et al., 2012). An ‘NT 

combination is also evidenced as the second most common trait combination in the 

large data samples presented by Schaubhut and Thompson (2008), where an ‘ST’ 
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combination was most highly represented. Capretz et al. (2015) do not appear to have 

given consideration to the ‘ST’ trait combination, although it accounted for 65% of their 

sample. It merits mentioning that although testing on students, Da Cunha and 

Greathead (2007) observed the ‘ST’ trait combination as making for the most effective 

problem-solvers. 

 

Gilal et al. (2017, p.1400) examined seventeen studies of personality that had applied 

the MBTI® in a software development context. The authors considered personality to 

be “defined as a set of internal factors that differentiate a person’s behavior for 

particular situations”, although only two studies were found to have examined 

personality in both an industry and academic setting. Those two studies suggested that 

introversion and thinking traits were common, while the intuiting trait was frequently 

paired with the judging trait and the sensing trait frequently paired with the perceiving 

trait. 

 

Based on prior studies of professional software developers, Gilal et al. (2017) reported 

that certain personality types tended to be over-represented; ISTJ (38.46%), INTJ 

(23.08%), ENTP (15.38%), ISFJ (7.69%), INTP (7.69%), and ESTP (7.69%). ‘SJ’ and 

‘NT’ trait combinations dominated in six of seven studies (297 personnel) examined by 

the authors. ‘SJ’ trait combinations averaged 23% across the studies sampled, while 

‘NT’ trait combinations averaged 36%. Six of the studies had recorded distinct trait 

averages, with four of the six favouring introversion, all six favouring thinking, and five 

of the six favouring judging. Sensing and intuiting were evenly split across the samples. 

Based upon the data presented by Gilal et al. (2017) in six industry samples (277 

personnel), the following trait pairing averages could be calculated:  

 

• Introversion – 59.5% 

• Sensing – 52.3% 

• Thinking – 65.3% 

• Judging – 67% 

 

These trait averages suggest that the thinking and judging traits are dominant in SD 

personnel, although not necessarily combined. There was also a general weaker 
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overall tendency towards introversion. Most student studies examined by Gilal et al. 

(2017) also demonstrated ‘SJ’ and ‘NT trait combinations to be the most dominant 

(thirteen studies – 798 students). ‘SJ’ trait combinations averaged 36% across the 

studies sampled, while ‘NT’ trait combinations averaged 30%. Sixteen of the studies 

examined recorded distinct trait averages, with ten of the sixteen favouring introversion, 

nine favouring sensing, fourteen favouring thinking and fifteen favouring judging. Based 

upon the data presented by the authors in sixteen academic samples (1055 students) 

the following trait pairing averages can be calculated:  

 

• Introversion – 53.8% 

• Intuiting – 50% 

• Thinking – 65.3% 

• Judging – 63.6% 

 

As with SD personnel, the trait averages indicate that the thinking and judging traits 

were most dominant in the student samples, although again not necessarily combined. 

The authors also indicated that with the exception of the INTJ type, the same 

personality types were generally repeated in academic software development settings, 

concluding that ISTJ, ISFJ, INTP, and ENTP personality types could be considered the 

most effective in both settings, as previously suggested by Pocius (1991). The authors 

determined, based on the presence of the introversion and thinking traits in these four 

types, that the ideal programmer would be “less talkative (I) and make decision based 

on policies and deadlines (T)” (Gilal et al., 2017, p.1410). Conversely the authors 

considered a combination of intuiting and feeling traits to be ineffective in a 

programming role and suggested that INFJ, INFP, ESFP, ENFP, ENFJ, and ENTJ 

types were unsuitable for software development. The authors proposed that “the results 

from academic settings are generalizable with industrial settings or other way around”, 

although variances were found (Gilal et al., 2017, p.1408). They highlighted a clear 

ambiguity in the studies examined, with some finding programmers to be more 

extroverted and others, more introverted. 
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While Capretz et al. (2015) considered the association of personality with specific 

aspects of software development, there were potential issues with their findings. The 

sample in the study, like that of Varona et al. (2014) in examining 100 Cuban software-

engineering students, appeared unusually dominated by extroverts. Why this is the 

case, when other studies have demonstrated a reasonable split between introversion 

and extraversion (Mair et al. 2012; Montequin et al., 2012) or a greater tendency 

towards introversion (McConnell, 2003), is worth considering. Although participants 

were considered active in software development projects, most were professors, and 

so their primary roles were in education rather than industry. It could be that Cuban 

education is dominated by extroverts, or that Cubans in general are more extroverted. 

Either way, likening professors to actual industry professionals is problematic and might 

explain why the findings appear to contradict similar studies. However, Feldt et al. 

(2010), Raza and Capretz (2012) and Wiesche and Krcmar (2014), also proposed that 

software developers tended towards extraversion, so the issue might lie in sampling. 

Feldt et al. (2010) suggested that high levels of extraversion were linked to a preference 

for multi-tasking, team-working, a belief that adherence to a plan would increase 

performance efficiency, and a desire to improve performance through decision-making 

involvement. This suggests that task-setting and software development methodologies 

are influential in determining the personality make-up of a software team. Organisations 

that favour agile methodologies could attract more extroverts, while introverts might 

prefer working in smaller teams or roles that are less reliant on soft-skills. 

 

2.11.4. The Role of Personality in Software Development 

Pocius (1991) claimed that introverted programmers were more effective than 

extroverted programmers and while Gorla and Lam (2004) supported that assertion, 

Capretz and Ahmed (2010) proposed the opposite to be true. The ISTJ, INTJ, and INTP 

personality types in particular were considered by Pocius (1991) to be the most 

effective programmers. In considering which personality types were best suited for a 

computer programming course, Capretz (2003) observed using the MBTI® that from 

one hundred software engineers, 24% were the Inspector type - ISTJ. Montequin et al. 

(2012) proposed that ‘Inspector – ISTJ’ and ‘Mastermind – INTJ’, were the two most 

common personality types in the computer industry, while Ahmed et al. (2010) found 
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that in eighty-five 4th year undergraduate software engineering students, 50% of ISTJ 

students received an ‘A’ grade, 33% ‘B+’, and 17% ‘B’. In examining multiple 

personality studies from industry and educational settings, the ISTJ and INTJ types 

were also found by Gilal et al. (2017) to be the most over-represented. 

 

Capretz (2003) indicated that there may be three important groupings of personality 

types; ST (Sensing and Thinking); TJ (Thinking and Judging); and NT (Intuitive and 

Thinking), with each functioning effectively in a specific role: 

 

• NT – Creative development roles 

• ST – Maintaining and adapting software 

• TJ – Analyst roles: organising, communicating and problem solving 

 

The best problem-solvers, the ‘gurus’, with the most effective solutions and essentially 

the best programmers, were those with the ‘Operator – ISTP’ personality type (Capretz, 

2003). Da Cunha and Greathead (2007) investigated student code review ability 

through a task requiring the identification of bugs in Java code, with the bugs weighted 

by difficulty. Using the MBTI® for personality scale, the authors found that those 

exhibiting the sensing and thinking trait combination (ST) were the most effective 

problem-solvers. Those with a sensing and feeling trait combination (SF) performed 

worst, with average scores less than half that of the ‘ST’ average score. This supports 

Capretz (2003) contention that ‘ST’ types are best at maintaining and adapting 

software, although Gorla and Lam (2004) proposed that ‘ST’ types were best suited to 

systems analysis, while Martinez et al. (2010) suggested that the ESTJ type in 

particular was suitable for an analysis/design role. 

 

The reasons for personality testing in education are often less than clear, perhaps to 

determine possible predictors of success (Furnham et al., 2002; Noftle and Robins, 

2007), or to identify personality traits best matching the desirable characteristics of an 

ideal software developer (Varona et al., 2014). Personality testing on student 

programmers has delivered results inconsistent with those conducted on industry 

professionals, owing perhaps to lower maturity levels, undeveloped social skills, poor 

problem-solving strategies, or low-level technical expertise (Begel and Simon, 2008; 
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Mason and Cooper, 2013). The implications of personality testing are plain; certain 

personality types and traits are drawn to software development (Capretz, 2003; Da 

Cunha and Greathead, 2007; Schaubhut and Thompson, 2008; Sach et al., 2010) and 

some perform better than others (Ahmed et al., 2010), although roles within software 

development may be better suited to specific personality types or traits (Sach et al., 

2010; Schaubhut and Thompson, 2008; Capretz et al., 2015). The MBTI® test appears 

to indicate that a number of personality types are suitable for specific software 

development tasks, although specific roles could be matched against personality type 

groupings or trait combinations. 

 

The apparent shortage of suitable graduate candidates for industry positions (Gorman, 

2014; Jadav, 2018) may not be an entirely accurate representation of the situation, as 

software development recruiters may be inexperienced, unconsciously influenced by 

interviewee personality, or by their own perceptions of the interviewee (Tay et al., 2006; 

Yang and Yu, 2009). Interviewers can be unconsciously inclined to favour candidates 

they find engaging or likeable (Luscombe, 2012), preferring those they perceive to be 

most similar to themselves (Rivera, 2013). Developer recruiters are often human 

resources, with little regard for programming ability, simply attempting to match 

candidates to a list of desirable personal characteristics (Youell, 2013). Luscombe 

(2012) suggested that hirers often look for someone who will ‘fit’ the company, therefore 

the applicant with the broadest selection of interests has the best chance of attaining 

the position. Rivera (2013) linked ‘fit’ to excitement factor; interviewers get excited 

about shared passions and will talk passionately about them. Favouritism towards a 

particular candidate may not be conscious, but based off gut-instinct or intuition, or 

could simply stem from interview fatigue (CIPD, 2015). 

 

2.12. Literature Review Summary 

There are long-standing historical issues in the learning and teaching of introductory 

computer programming that appear very difficult to resolve. While enrolment figures 

have consistently followed trends in technology in general (Soper, 2014; techUK, 

2017), and appear at present to be improving (Brown, 2014; Bruce, 2018), serious 

concerns persist regarding the number of female enrolments (DEEWR, 2011; Roberts 
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et al., 2012). These have been and continually remain low (Hinsliff, 2015; EQUALS 

Research Group, 2018), despite a number of high-profile interventions (she++, 2015; 

Girls Who Code, 2016). The gender imbalance in education is reflected within the ICT 

industry in general, where females are very poorly represented (Quesenberry et al., 

2006; Berghi and Bielli, 2015; EQUALS Research Group, 2018) and regardless of 

programming ability, tend to be pushed into business or administrative roles rather than 

retained for their talent (Lien, 2015). The EQUALS Research Group (2018) indicated 

that females in the ICT-related industries accounted for 34% in Asia, 33% in the 

Americas, 32% in Europe, and lower in other regions. In education, female lecturers in 

computer and information science constituted only 17% of the US workforce. 

 

Attrition rates on programming courses have been subject to significant investigation 

and found to vary wildly by institution (Bennedsen and Caspersen, 2007; Watson and 

Li, 2014). Perceived failure rates may not be as bad as feared (Bennedsen and 

Caspersen, 2007; Watson and Li, 2014), however, institutions with high failure rates 

may be unwilling to share that information (Watson and Li, 2014). While introductory 

computer programming courses are subject to student withdrawals arising from family, 

social, cultural, and work commitments, that are comparable with any course of study 

(Kinnunen and Malmi, 2006), the perceived shortage of graduates for software 

developer positions (Gorman, 2014; Baker, 2017) has continually placed computer 

programming pass rates in the spotlight (Watson and Li, 2014). Low numbers of female 

enrolments appear to exaggerate the gender imbalance in introductory computer 

programming (Roberts et al., 2012), despite comparable levels of attrition by gender on 

other courses (DEEWR, 2011). The high withdrawal rates encountered on ICT courses 

could actually be of greater concern than failure rates (Roberts et al., 2012; O’Brien et 

al., 2016). 

 

The ICT industry continually lambasts education for failing to provide ready-made 

expert programmers (Hagan, 2004; Hinsliff, 2015; Gartner, 2016), yet it appears that 

even a discrete four year programming course is unlikely to deliver graduates of the 

standard that most industry recruiters desire or expect (Winslow, 1996; Tanner and 

Seymour, 2014; Sonmez, 2015; Heath, 2016). It has been observed that while there 
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are ample graduate programmers in the employment market, many are “non-

competent” and unable to attain positions (Gorman, 2014; Capretz and Ahmed, 2018). 

Recruiters want fully-developed social, inter-personal, and business skills in graduates 

(UKCES, 2010; Fullan and Scott, 2014; Hamilton et al., 2015, Wilson, 2018), skills not 

traditionally taught as part of a computer programming course (McGill, 2009; Scott-

Bracey, 2013). 

 

The principle difficulties encountered in introductory computer programming appear to 

lie largely within the cognitive aspects of the discipline (Weinberg, 1971; Blackwell, 

2002). Recognised by students and teachers alike, these difficulties were identified by 

early programming researchers (Sheil, 1981; Linn and Dalbey, 1989; du Boulay, 1989) 

and have been the subject of several studies (Pea and Kurland, 1984; Winslow, 1996; 

Dehnadi and Bornat, 2006). The cognitive aspects of computer programming have 

been closely equated to learning taxonomies, particularly the Anderson et al. (2001), 

revised Bloom et al. (1956) taxonomy and the SOLO taxonomy of Biggs and Collis 

(1982).  

 

The particular cognitive difficulties of students studying introductory computer 

programming seem to stem from an inability to: 

 

• Select appropriate learning strategies (Palmer and Goetz, 1988).  

• Problem-solve (Resnick, 1985) 

• Develop adequate plans (Perkins et al., 1989) 

• Visualise the notional machine (Ragonis and Ben-Ari, 2005; Sorva, 2013) 

• Form reliable mental models (du Boulay, 1989; Winslow, 1996) 

• Conduct abstract reasoning (Teague et al., 2015) 

 

Factors determining the likelihood of any student achieving a satisfactory outcome in 

their study of introductory computer programming, are their personal motivation 

(McKeachie, 1988; Zimmerman, 1998; Rountree et al., 2002) and attitude (Fuller and 

Keim, 2008). While motivation may be a significant factor on any course of study, the 

cognitive demands of computer programming and associated factors of self-efficacy 
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(McCombs, 1988; Pintrich and Schunk, 1996) and attribution (Weiner et al., 1979), 

appear closely co-dependent (Paris et al., 1985). Poor motivation or self-efficacy can 

lead to anxiety or negativity, clouding student judgement and resulting in poor decision-

making (Schmeck, 1988; Miles, 1988). 

 

In considering expert versus novice programming (or problem-solving), there is a clear 

need to make explicit that which is implicit (Soloway, 1986; Arshad, 2009). Explicit 

problem-solving instruction requires learners to be exposed to a range of problem-

solving strategies and solutions, including alternative approaches (Unterrainer and 

Owen, 2006), while implicit instruction assumes that problem-solving strategies are 

developed naturally through exposure to increasingly complex problems (Miliszewska 

and Tan, 2007). For novices to comprehend, experts must be able to explain and 

instruct them, but that can be problematic where the expert has implicitly learned those 

skills and applies them unconsciously, without considering the set of discrete steps 

involved (Zimmerman and Campillo, 2003). Problem definition appears to be an 

important factor in providing useful examples for demonstration to students (Getzels, 

1982; Teague et al., 2015), linked to the concept of a notional machine and the need 

for students to be able to accurately visualise the underlying system (Sorva, 2013). 

These elements all contribute to the cognitive load experienced by many novice 

programmers, when having to learn to program and problem-solve concurrently 

(Sands, 2019) 

 

Some researchers have endeavoured to identify potential predictors of success in 

introductory computer programming students (Dehnadi and Bornat, 2006; Caspersen 

et al., 2007; Bornat et al., 2012; Ahadi et al., 2014), and while the findings have 

generally been viewed as inconclusive (Caspersen et al., 2007; Lung et al., 2008), it 

appears that the students themselves can reliably predict their final grade only two or 

three weeks into a course (Rountree et al., 2002). The following literature review 

section considers further the problems encountered in the transition from computer 

programming education to the software development industry, in particular, the roles of 

problem-solving ability and personality. 
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While some educational researchers have proposed changing the nature of software 

development assessment (Parsons et al, 2015), viewing traditional assessment 

methods as theory-focussed and unrealistic (Sheth et al., 2016), others have 

highlighted the potential value of explicit programming instruction (Arshad, 2009) and 

explicit problem-solving strategy instruction (de Raadt et al., 2009). 

 

In considering the combination of: technical abilities, personality traits, soft-skills and 

experience required to become an expert programmer (Hamilton et al., 2015; Li et al., 

2015; Baltes and Diehl, 2018), it is little wonder that so few achieve that objective 

(Winslow, 1996; Norvig, 2001). Graduate transition to industry can prove stressful and 

anxious (Mason and Cooper, 2013), because they are often naive and unprepared 

(Koppi et al., 2009; Wilson, 2018), believing that their technical skills are fundamental 

(Begel and Simon, 2008; Pasqualis, 2018), while in reality, employers place greater 

emphasis on communication, teamwork and decision-making ability (Koppi et al., 2009; 

Capretz and Ahmed, 2018).  

 

Concerns over inadequate problem-solving skills in computer programming novices 

have led to studies identifying code-reading as a precursor to code-writing (Simon et 

al., 2009b), with novice problem-solving ability (Lister et al., 2004; Whalley et al., 2007) 

and code-tracing preceding code-writing (Denny et al., 2008; Lopez et al., 2008). The 

need for explicit novice problem-solving strategy (computational thinking) training, has 

been highlighted (de Raadt et al., 2009; Selby, 2012; Caspersen and Nowack, 2013; 

Skudder and Luxton-Reilly, 2014; Michaelson, 2015; Sands, 2019), with some studies 

considering the strategies employed by expert software developers (Soloway, 1986; de 

Raadt et al., 2009). The development of problem-solving strategy has also been 

intrinsically linked with learning theories and personality (Robertson and Tinline, 2007; 

Ginevra et al., 2014; Shibli and West, 2018). 

 

Transition to a team-based work environment can bring graduate personality traits to 

the fore (Karn and Cowling, 2005), with pair-programming and team-based studies on 

software development students demonstrating the volatile nature of personality in 

collaborative environments (Katira et al., 2004; Karn and Cowling, 2005; Lewis and 

Shah, 2015). While researchers appear at odds whether software developers are more 
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inclined towards extraversion or introversion (Wiesche and Krcmar, 2014; Gnambs, 

2015; Capretz et al., 2015), determining suitable pairings or teams based upon 

personality is problematic (Lewis and Shah, 2015). Although certain personality types 

appear to dominate software development in education and industry (Capretz, 2003; 

Ahmed et al., 2010; Sach et al., 2010; Montequin et al., 2012; Varona et al., 2014), 

there may be potential to identify suitable types or traits suited to specific software 

development roles (Gorla and Lam, 2004; Schaubhut and Thompson, 2008; Martinez 

et al., 2010; Wiesche and Krcmar, 2014; Capretz et al., 2015; Gulati et al., 2016; Gilal 

et al., 2017). 

 

Figure 2.13 considers the important factors identified in this literature review and 

proposes a plausible set of over-lapping aspects of learning to program and their inter-

relatedness. 

 

 

Figure 2.13 Possible Overlapping Domains of Learning to Program 
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2.6.1. Links between Software Development Personnel and Personality 

While there are indications that certain personality types are more dominant than others 

in the software development industry (Capretz, 2003; Schaubhut and Thompson, 2008; 

Montequin et al., 2012; Capretz et al., 2015), the suitability of specific roles for specific 

personality types has not been very well investigated. Capretz (2003) proposed that 

particular trait groupings could correspond to suitability for software development roles, 

particularly those comprising a sensing-thinking, or intuition-thinking component. Sach 

et al. (2010) reached a similar conclusion, proposing that creative types with a sensing-

feeling component might not be best suited to careers in software development. 

Wiesche and Krcmar (2014) observed that software developers in industry were 

generally more extroverted than computer programming students, although Varona et 

al. (2014) found high levels of extraversion in computer programming students. This 

ambiguity within the introversion/extraversion trait pairing was noted by Gilal et al. 

(2017) in a study of numerous personality samples conducted within industry and 

education. Wiesche and Krcmar (2014) proposed the development of a taxonomy 

matching software engineering roles to personality, which if successful, could be used 

to inform the assignment of roles.  

 

Schaubhut and Thompson (2008) examined personality in relation to software 

development roles and although they obtained very large samples, they only 

considered analyst and development roles, with the additional role of software engineer 

outlined as broadly encompassing all aspects of development, from analysis through 

to testing and maintenance. They found ISTJ and ESTJ types the most dominant 

across all three roles, matching the findings of McConnell (2003), Sach et al. (2010) 

and Varona et al. (2014). Capretz et al. (2015) considered the task preferences of one 

hundred software professionals, who in reality were almost all professors, even though 

involved in commercial projects. The results while interesting, appeared skewed by an 

unusually high sample bias towards extraversion, not observed in other studies. As a 

result, the ESTJ type was found to have the highest representation, where in other 

studies it was generally the ISTJ type. Capretz et al. (2015) gave some consideration 

to trait combinations and observed that an ‘SJ’ combination accounted for 45% of their 

sample, although they failed to mention a 65% ‘ST’ combination, also the highest 
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ranking trait combination found across all three samples of Schaubhut and Thompson 

(2008), followed closely by the ‘SJ’ type. In second place for Capretz et al. (2015) was 

an ‘SP’ combination, where other studies ranked ‘NT’ second (Miller and Zhichao, 

2004; Varona et al., 2012), although it placed third for Schaubhut and Thompson 

(2008). The ‘SJ’ and ‘NT’ trait combinations were considered by Gilal et al. (2017) as 

the most common in education and industry, with ‘SJ’ the stronger combination of the 

two. 

 

2.6.2. Links between Computer Programming Students and Personality 

Montequin et al. (2012) observed that four MBTI® personality types dominated in a 

sample of fourth year undergraduate software engineering students, with ISTJ types 

performing best. The authors considered the sensing-thinking component as important, 

while Varona et al. (2014) proposed that the INFJ and ENFP types would struggle 

academically, suggestive that an intuiting-feeling combination may be unsuited to 

software development. The authors also implied that levels of introversion-extraversion 

and perceiving-judging might not be influential personality factors in determining 

individual suitability for software roles. The ISTJ type has also been identified as 

providing the best programmers in education (Montequin et al., 2012; Varona et al., 

2014), along with ESTJ, both being highly dominant in the software development 

industry (Capretz, 2003; Sach et al., 2010).  

 

Gulati et al. (2016) concurred with Montequin et al. (2012) and Varona et al. (2014), in 

suggesting that ‘Guardian’ types (STJ) were best at performing programming tasks, 

while also proposing that ‘Artisan’ (sensing-perceiving) and ‘Idealist’ (intuiting-feeling) 

temperaments were less suitable. Like Varona et al. (2014) and Martinez et al. (2010), 

Gilal et al. (2017) proposed that INFJ and ENFP types were unsuited for software 

development, with Martinez et al. (2010) considering the INTP and INFP types as also 

unsuitable. Gilal et al. (2017) agreed with the INFP type, while adding the ESFP, ENFP 

and ENTJ types as unsuitable. It has to be considered however that some personality 

traits can evolve or even change with age and that borderline traits could potentially be 

flipped over time (Coffield et al., 2004). 
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2.12.3. Links between Personality and Problem-solving 

Robertson and Tinline (2007) linked problem-solving directly to personality, 

incorporating behavioural characteristics relating to motivation, self-efficacy and 

attribution, and possibly correlating with the notion of task willingness as considered by 

Feldt et al. (2010). Zimmerman and Schunk (2007) noted a positive correlation between 

effective problem-solving, coping mechanisms and effective learning strategy 

development, leading to improved academic performance. While personality types 

were considered relatively stable and unchanging by Varona et al. (2014), Ginevra et 

al. (2014) viewed strategy training as potentially leading to improvement in: problem-

solving ability; self-efficacy; social skills; and coping strategies, by using the tools 

available to overcome problem barriers (achieving the goal state). This could assist in 

positively developing cognitive, motivational and affective thinking (PISA, 2010).  

 

While personality was considered a significant element of this research in relation to 

problem-solving, it was decided to exclude the elements of self-efficacy, attribution and 

motivation theory from further investigation, as although important, including these 

additional elements would have potentially risked the project becoming unmanageable 

in size. 

 

2.13. Literature Review Strengths and Limitations 
The literature reviewed demonstrates clearly that the issues encountered in learning 

and teaching computer programming have persisted since the subject was first taught 

in universities. Unlike other subjects, computing science is a relatively new, yet very 

broad subject area and somewhat at a disadvantage to many other subject areas, in 

that the rapidly innovating applied industry aspect of the field leaves it subject to the 

need for constant change in order to stay relevant. That computing science education 

suffers constant pressure from industry to evolve, is evident in the literature, with 

educators performing a variety of curricular interventions to try and keep their courses 

relevant and engaging. Because industry positions are handsomely paid, particularly in 

the US, an impending computer science teacher crisis may be looming. Shein (2019) 

points out that only 75 computer science teachers graduated in the US in 2016, with 

that number falling to 36 in 2017, in which year 11,157 math teachers and 11,905 
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science teachers, graduated. There is also a perceived shortage of graduates entering 

industry, however computing science graduates have the highest rate of 

unemployment, as recruiters often find them lacking in the soft skills that they consider 

of even greater importance than technical ability. 

 

It is the cognitive concerns surrounding learning to program however that emerge most 

strongly from the literature. The need to apply multiple skills simultaneously when 

performing programming tasks, can push students towards cognitive overload, 

however, it is the problem-solving element in particular which this literature review has 

identified as potentially pivotal in determining student outcome. The problem-solving 

aspect of learning to program is strongly associated with personality and both factors 

are given consideration in this project.  

 

While research into the personality of software development personnel and computer 

programming students has demonstrated that certain types are more dominant than 

others, there has been little research conducted to examine the association of 

personality with the specific roles of; analyst, designer, developer and tester. Of the few 

articles that could be found relating to this type of research, only one considered all four 

roles, and no research could be found examining personality in greater depth than 

types or trait pairings.  

 

While limited research on the problem-solving skills necessary for specific software 

development roles was found, there was no evidence to demonstrate any research 

where SD personnel had been interviewed in their place of work regarding the problem-

solving skills they used on a daily basis. Additionally, this research aimed to examine 

the possible sources of problem-solving skills in SD personnel and computing science 

students, but no prior research of such a nature could be found. Although student 

problem-solving skills have been investigated and tested by other researchers, in all 

the examples found, such testing was confined purely to programming related skills, 

with no consideration of problem-solving application in relation to other software roles. 
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3. Methodology 

3.1. Research Design 

The previous chapter highlighted the possibility of inter-connected relationships 

between personality, problem-solving strategy selection, application, motivation, 

general self-efficacy and attributional style. By examining professionals working in 

software development positions, potential links between personality types or traits and 

individual roles were indicated. The nature of personality and possible associations with 

problem-solving skills were also considered in relation to novice computer 

programming students, while observing similarities to and contrasts with professional 

software developers. This section re-examines the research questions posed and their 

justification, based upon the preceding literature review. This is followed by an outline 

of the selected research methodology and its suitability for addressing the proposed 

research questions, with explanations given for the rejection of other plausible 

methodological approaches. A justification of the methods employed for data collection 

and data analysis completes the section. 

 

3.2. Research Questions 

This research comprised two distinct studies, followed by internal analysis considering 

potential linking factors. The first study was conducted with software development 

professionals, preferring those in North-East Scotland, although the sample was largely 

dictated by the willingness of organisations and individuals to participate. The second 

study was conducted with HNC computing students, endeavouring to determine 

whether aspects of novice computer programming student personality and problem-

solving strategy application, could indicate potential expertise, suitable for industry 

specific software development roles. 

 

The following research questions were proposed in the introduction: 

 

To what extent do personality type, traits or trait groupings and problem-solving 

strategy skills, indicate suitability for specific roles within the software 

development industry? 
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1. How influential are personality types, traits or trait groupings in 

determining suitability for specific roles within the software development 

industry? 

2. How do software development personnel recognise, acquire, select and 

apply problem-solving strategies? 

3. How influential are problem-solving strategy skills in determining suitability 

for specific roles within the software development industry? 

 

What relationships exist between personality type, traits, or trait groupings and 

problem-solving strategy selection in novice computer programming students? 

 

1. How influential are student personality types, traits or trait groupings in 

determining suitability for specific software development roles? 

2. How do HNC computing students recognise, acquire, select and apply 

problem-solving strategies? 

3. To what extent do student problem-solving strategy skills determine 

potential suitability for specific roles within the software development 

industry? 

 
 

What relationships exist between novice computer programming students and 

software development personnel, in terms of personality type/traits and problem-

solving expert strategy skills? 

 

1. What similarities are there in personality type, traits or trait groupings, 

between novice computing students and software development personnel 

that can be associated with a specific software development role? 

 

2. What similarities are there in problem-solving strategy skills, between 

novice computing students and software development personnel that can 

be associated with a specific software development role? 
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3.3. Research Methodologies 

This section examines potentially suitable research methodologies, evaluating the 

merits of each, particularly in relation to computing research, and provides a justification 

for the selected approach. 

 

3.3.1. Relevant Qualitative Methodological Paradigms 

Post-positivist, constructivist, interpretivist, and critical research methodologies are the 

most common worldviews adopted in Computer Studies Education (CSE) research, 

although studies of novice computer programmers often adopt a mixed methods 

approach, measuring academic performance for instance (Caspersen et al., 2007), or 

student/teacher perceptions of events (Palak and Walls, 2009). Each potential 

qualitative methodological approach was considered fully before selecting the most 

appropriate for this research, although the data requirements as determined by the 

research questions, were a primary factor in determining suitability of approach. 

 

3.3.2. Constructivist 

Constructivism has its roots in cognitive learning psychology theory (Piaget, 1952; 

Bruner, 1985; Vygotsky, 1978). It is a student-centered philosophy of active rather than 

passive learning, with knowledge constructed by the student. Constructivism asserts 

that through exploration and knowledge seeking, students can construct their own 

interpretation of reality based upon their perceptions of events and experiences (Duffy 

and Cunningham, 1996). Much constructivist research in CSE has aimed to examine 

the development of mental models, particularly in relation to the concept of a notional 

machine (Sorva, 2013). The development of problem-solving ability or critical thinking 

in novice computer programming students has also received significant attention from 

constructivist researchers (Rogalski and Samurçay, 1990; Ma et al., 2008).  

 

A constructivist model for e-learning courses was proposed and implemented by 

Koohang et al. (2009). Real-world situations were presented and previous experience 

and knowledge “embedded into the design of the activity”, by allowing the learner to 

set their own problem-solving objectives. A collaborative element allowed for multiple 
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perspectives. In computer programming education, constructivist approaches to 

learning OOP were adopted by Thramboulds (2003) and Hadjerrouit (2005). As with 

Koohang et al. (2009), both approaches aimed to use real-life scenarios to draw on the 

past experiences of students, linking these to the OO conceptual framework. The 

paradigm shift required by students moving from the procedural paradigm and students 

new to programming, was the stimulus for Thramboulds (2003) in adopting a 

constructivist approach, observing the same difficulties in both groups when trying to 

relate to OO concepts. Hadjerrouit (2005) considered OOP as part of a learning cycle, 

specifically building on prior computing learning and like Koohang et al. (2009), 

implemented an e-learning environment, with active participation, collaboration and 

teamwork activities considered central. However, as commonly reported with e-

learning, for a number of reasons, student engagement in group activities is often found 

to be poor (Islam et al., 2015). The authors in both cases reported measurable 

improvements in learning, while cautiously indicating that further work was necessary. 

The constructivist approach was deemed unsuitable for this research, which although 

rooted in participant perceptions, was not aimed at improving learning, but in identifying 

the origins of such perceptions and participant explanations of them. 

 

3.3.3. Interpretivist 

The roots of interpretivism are heavily entrenched in a philosophical worldview that 

emphasises a subjective perspective (Merton, 1995), sharing many similarities with 

phenomenology (Chowdhury, 2014). An interpretivist approach taken by Dehnadi and 

Bornat (2006) while examining possible predictors of computer programming success, 

became the subject of widespread criticism, when they proposed that only students 

applying consistent mental models could succeed. Attempts at replication by 

Caspersen et al. (2007) and Lung et al. (2008) rejected the findings fully, leading to a 

retraction by Bornat (2014). The interpretivist paradigm was deemed unsuitable for this 

research, as the variables under investigation were largely pre-determined and the aim 

of the research was simply to determine whether relationships existed between them, 

and if so, to what extent? The samples taken needed only to be representative in each 

study, rather than large-scale, as interpretivist approaches generally tend to adopt 

(Morehouse, 2011). 
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3.3.4. Post-positivist 

The post-positivist research paradigm aims to develop new knowledge by considering 

human experience through an examination and understanding “of how people construct 

and maintain perceptions of the world” (Ryan, 2006). The importance of mixed methods 

research in underpinning the post-positivist paradigm, where data triangulation and 

falsification of hypotheses are emphasised, was indicated by Illing (2014). Where a 

post-positivist philosophy has been adopted in CSE, such studies have tended to focus 

on large-scale empirical examination of perceived problem areas, such as attrition 

(Watson and Li, 2014), failure rates (Bennedsen and Caspersen, 2007) and gender 

imbalance (Roberts et al., 2012).  

 

The post-positivist research paradigm was relevant in this investigation, as it permits 

the triangulation of qualitative and quantitative data, uncovered through multiple 

research methods as dictated by the research questions (Fischer, 1998), and allows 

the subject to be explored from multiple angles, thereby reducing personal bias on the 

part of the researcher (Clark, 1998). In this research project, categorised participant 

responses collected at interview were also analysed quantitatively. This is a feature of 

post-positivism, allowing for such flexibility where traditional empirical paradigms do not 

(Gasson, 2009). The post-positivist paradigm centres on dialogue between researcher 

and participants, a conversation in which the participant is encouraged to express their 

subjective perspectives whether contradictory or controversial (Ritchie and Rigano, 

2010). The researcher must maintain an objective stance and try to see the whole 

picture, making sense of the data as reported to them (Eagleton, 2003). This was also 

an important aspect of this research. The data had to speak for itself, although in 

categorising the data, the researcher had to apply their own experience and 

understanding of the subject to interpret participant statements.  

 

Although this research project came very close to aligning with the post-positivist 

paradigm, with data largely focussed upon participants’ subjective perceptions, how 

they viewed themselves, the world around them, and their interactions with it, the 

differences between the two studies involved rendered such a worldview impractical. 

The research aimed to examine the relationships between these factors from an 

objective perspective, as determined by individuals’ subjective experiences (Cohen et 
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al., 2011).Post-positivism leans heavily towards a deductive approach, however the 

first study in this research project required an inductive approach, as a precursor to the 

second study which mixed inductive and deductive reasoning. 

 

3.3.5. Critical Research 

Cohen et al. (2011) suggested that the worldview of the critical researcher was one in 

which positivist and interpretive paradigms only served to help understand and improve 

existing power structures, while critical research aimed to transform it. Trauth and 

Howcroft (2006, p.277) conducted a multi-year critical empirical research study of 

“women in the American IT labor force”, examining under-representation, declining 

numbers, and participant feelings regarding experiences of working in IT, in particular, 

issues around power and discrimination. Undoubtedly, the gender balance in 

computing is severely skewed, both in education (Sankar, 2015) and the workplace 

(Logan and Crump, 2007), however this research study held no such ideological 

ambitions, nor did it seek to empower participants. It merely aimed to establish whether 

certain individual personality traits, behaviours, or perceptions, demonstrated any 

significant relevance with regard to software development roles or suitability for them. 

Although a real and ongoing concern, the issue of gender inequality in the ICT sector 

was deemed to be outside the scope of this research. 

 

3.3.6. Mixed Methods 

Mixed methods research was borne out of a need to combine quantitative and 

qualitative data collection within a recognised framework (Johnson et al., 2007). The 

restrictive empirical nature of the scientific method and the purely thematic confines of 

the interpretive paradigm, left modernising social science and educational researchers 

at odds with what they considered to be old fashioned perspectives, unsuited to modern 

research (Johnson and Onwuegbuzie, 2004). Some researchers wanted to draw on 

statistical data and connect it to human experience, perceptions and feelings, and so 

mixed methods research emerged (Lister, 2005). The popularity of mixed methods 

research in education is grounded in practicality; the educational experience is 

important, but so is academic achievement. Educators are judged on the quality of both 

elements and so their treatment together is extremely logical (Denscombe, 2008). 

Lister (2005, p.18) proposed that mixed methods research in CSE not only avoided the 
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debate between quantitative and qualitative approaches, but also allowed for the 

combination of “hard numbers”, with qualitative data, that “makes sense” of the 

numbers. The author cited the difficulties of learning computer programming as being 

a particularly significant area of mixed methods research, because of the need for 

correlation of student performance statistics with insights gained from observation and 

the interview of students.  

 

This research employed a sequential mixed methods approach. In the first study, an 

exploratory mixed methods approach was applied, and in the second an explanatory 

mixed methods approach. The purpose of this was to determine if there were any 

tangible links between personality types/traits and preferred software development 

role. The first study combined quantitative and qualitative data to assist in deductively 

reasoning whether such links existed. In the second study, the same data sets, and 

additional data on problem-solving strategy selection were collected, to examine 

whether this additional factor was influential in indicating a suitability of novice 

programmers for specific software development roles. The second study endeavoured 

to highlight any potential links between professional software development personnel 

and novice computer programming students, in terms of personality types/traits and 

problem-solving strategy selection and application. Comparisons can be drawn 

between the second research phase and the explanatory mixed methods approach 

taken by Palak and Walls (2009). In review, the aspect of problem-solving strategy 

selection was included to help determine, whether some novices were pre-equipped 

with the necessary cognitive drivers to indicate suitability for specific software 

development roles, even before commencing learning to program. 

 

3.3.7. Pragmatism 

This research adopted the pragmatism worldview. A key aspect of the pragmatist 

paradigm is that it allows for freedom of choice in the research approach and especially 

so in mixed methods research. In essence, this project and the two studies it comprised, 

could have been considered as partly constructivist and largely post-positivist in nature, 

however those worldviews are not mutually compatible. Pragmatism is rooted in the 

notion that a singular worldview is sometimes impractical, unsuited to a research 

theme, and that a pluralistic worldview is pragmatic (Goles and Hirschheim, 2000). The 
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roots of pragmatism extend back to Dewey (2008) who considered the need for a 

simple philosophical approach focussed on inquiry into the human experience, in terms 

of ‘what works’. Pragmatism does not deal with the metaphysical nature of reality or 

truth, but considers research from the perspective of the researcher, in the decision-

making process and in determining “the choices we make and the ways that we 

interpret the outcomes of those choices. This is the path that pragmatism proposes” 

(Morgan, 2014). Pragmatism determines that it is best to do whatever is most practical 

in order to achieve the desired research outcome (Goldkuhl, 2012; Williams, 2018).  

 

The complex and diverse nature of this research project places it firmly within the 

pragmatist paradigm, employing exploratory and explanatory sequential mixed 

methods approaches across two separate studies, comparing and contrasting the 

findings from both. Creswell (2014) proposed that the mixed methods approach within 

a pragmatist research paradigm represents inquiry based on “the assumption that 

collecting diverse types of data best provides a more complete understanding of the 

research problem than either quantitative or qualitative data alone”. This research was 

conducted in two phases, adopting precisely that philosophy, namely that test 

measures of personality and problem-solving aptitude, could provide a sufficiently 

diverse data set, which alongside interviews, could be used to try and determine 

individual student suitability for specific software development roles. In some respects, 

the first phase leaned towards constructivism and while it is perfectly acceptable to 

employ an approach incorporating mixed philosophical worldviews, by embracing the 

pragmatist philosophy, the objective and subjective nature of reality become irrelevant. 

A pragmatic methodology allowed for a mixed methods approach as well as a 

combination of deductive and inductive reasoning, because it was practical and worked 

for this research. 

 

There is little evidence of the pragmatist philosophy being applied within CSE research. 

Where this research project had a broad context, most research projects in the field are 

largely focussed on a narrow domain, within a classroom, a course, or an institutional 

context. Such approaches tend to employ constructionist, interpretivist or post-positivist 

worldviews. As this research project compared and contrasted workplace-based 
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software development personnel and classroom-based novice computer programmers, 

a pragmatic worldview allowed for a consideration of both worlds as part of the same 

wider field.  

 

3.4. Relevant Qualitative Research Paradigms 

The qualitative aspect of this research aimed to examine the self-perceptions of 

software development personnel and HNC computing students, regarding personality 

and problem-solving strategies. Qualitative data was collected via semi-structured 

interviews. This research was situated within the pragmatism paradigm, applying a 

mixed methods approach. Potentially viable qualitative methodologies were considered 

for their suitability, such as: phenomenology, phenomenography, grounded theory, 

ethnographic and participant observation, case study, narrative, content, or discourse 

analysis, and action research (Creswell, 2014; Merriam and Tisdell, 2015). The relative 

merits and relevance of each methodological approach as regards this research follow. 

 

3.4.1. Phenomenology 

Phenomenology is an entirely qualitative data collection methodology focussed on 

identifying and describing phenomena as perceived and experienced by participants 

(English and English, 1958; Schram, 2003). The application of phenomenological 

research requires the researcher to set themselves apart as an impartial unbiased 

investigator, free of “all preconceptions, judgments or prejudices towards a particular 

topic, in order to make an objective analysis of the information which participants bring 

to an investigation” (Padilla-Díaz, 2015, p.103). While this research possessed what 

could be considered a phenomenological aspect, as participants were asked for their 

perceptions regarding their own problem-solving approaches in the workplace, this 

qualitative information was largely intended to provide evidence supporting testing. The 

test instruments applied were expected to elicit detail that participant perceptions alone 

might fail to demonstrate, with interviews providing additional insights, explanation, and 

clarification where applicable. 
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3.4.2. Phenomenography 

Phenomenography is largely used in educational research and examines participant 

perceptions of phenomenon from an experiential standpoint, as opposed to 

phenomenology which examines the phenomenon itself. Marelli (2018) quoting Marton 

(1981) proposed that phenomenography measured: 

 

“Variation in both the perceptions of the phenomenon as 
experienced by the actor and in the “ways of seeing something”, as 
experienced and described by the researcher. The various 
perceptions which emerge from the data are collected and sorted 
into ‘categories of description’” 

 

These ‘categories of description’, represent themes emerging from the data, and are 

hierarchical and often inter-related (Larsson and Holmström, 2007). An ‘outcome 

space’ is generated through analysis of the themes identified, descriptions of those 

themes and the relationships between them (Entwistle, 1999). Stamouli and Huggard 

(2007) outlined the usefulness of a phenomenographic approach in gaining insights 

into computer science student experiences of learning to program and how they 

perceived key concepts. Bruce et al. (2004) also adopted a phenomenographic 

approach to obtaining the perceptions of computer programming students in learning 

to program. The authors indicated that “systematic differences were also found in 

relation to students’ learning activities, approaches and motivations; ways of seeing 

programs and programming; and ways of seeing learning a programming language”. 

These findings mirror the aims of this research, which instead investigates problem-

solving skills for computer programming, rather than computer programming itself. 

Given the similarities between the research undertaken by Bruce et al. (2004) and this 

research project, a phenomenographical approach was considered potentially suitable, 

however, phenomenography demands that all of the data be taken into consideration 

and in this research only interview responses which could be categorised were 

considered relevant. 

 

3.4.3. Thematic Analysis 
Maguire and Delahunt (2017, p.3352) noted that thematic analysis is “the process of 

identifying patterns or themes within qualitative data”, a flexible approach to 
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interpretation, detached from any particular methodology. Thematic analysis performed 

correctly should interpret the data, to understand what it is being said, with Clarke and 

Braun (2013) warning against using the research questions as a context for themes, 

because to do so would merely summarise the data rather than explain it. Thematic 

analysis differs from phenomenography in that it extracts and codes meaning from 

relevant data rather than taking all of the data into account. When no more themes can 

be identified, coding is complete (Austin and Sutton, 2014). 

 

In this research, SD personnel and HNC computing students were encouraged to 

describe their experiences and perspectives on problem-solving in relation to 

themselves and the tasks they performed. Interview transcripts responses were 

separated out by role preference for SD personnel or by CPAT category for HNC 

computing students, these being; analysis, design, development or testing. Within each 

role, participants were asked how they acquired, selected and applied problem-solving 

skills, as well as how they handled complex problems. Participant responses were 

analysed and all pertinent responses loosely coded before being categorised under 

specific themes. As more interview transcriptions were analysed, new themes were 

added and existing themes added to, or reformed to account for the new data. On 

completing analysis of interviews from the first study, a set of themes had been 

identified. Analysing the second study, some of the statements were easily classified 

into existing themes while some new themes also emerged from the data. The themes 

were then subjected to further qualitative analysis while the number of statements 

relating to each them underwent quantitative analysis as per the post-positivistic 

element of the applied pragmatism paradigm. 

 

3.4.4. Grounded Theory 

The grounded theory approach was developed by Glaser and Strauss (1967) as a 

qualitative research data collection method. It “assumes an inductive stance and strives 

to derive meaning from the data” (Merriam and Tisdell, 2015). While data for grounded 

theory can be collected from sources such as interview, documentation, or observation, 

constant sampling is required in order to recognise and categorise themes or patterns. 

Additional data collection is necessary to help confirm themes identified, recognise 

relationships between them and to identify a crucial central theme connecting the whole 



110 
 

(Adolph et al., 2008). On this basis, a substantive grounded-theory, grounded in the 

data, ought to emerge (Merriam and Tisdell, 2015). A grounded theory approach was 

adopted by Kinnunen and Simon (2011), to investigate the experiential self-efficacy of 

computing majors in CS1. Data was gathered in a series of bi-weekly interviews. The 

authors recommended balancing measures which would act to enhance students’ self-

efficacy perceptions, academic performance, and persistence. Although general self-

efficacy was considered for investigation (and rejected) in this research, the central 

themes of personality and problem-solving strategy selection were prior-recognised 

and while qualitative data was gathered from interview and analysed against test 

results, continuous sampling was not and could not be conducted for practical reasons, 

principally limited participant access. A grounded theory approach would not therefore 

have been suitable for this research. 

 

3.4.5. Ethnography 

Ethnography aims to describe a culture, frequently requiring the researcher to spend a 

prolonged amount of time observing, or even actively participating in that culture 

(Hammersley, 2005). The product of an ethnographical study not only provides a rich 

or thick qualitative description of sociocultural patterns, but also a thematic or 

conceptual interpretation of the phenomenon as perceived by the researcher (Merriam 

and Tisdell, 2015). An ethnographical methodology was employed by Karn and Cowling 

(2006, p.232) with industrial clients, to observe “the performance of student teams 

working on year-long software projects” emphasising difficulties in communication, 

general rapport, and clashes of personality. Over a two-year period, the authors 

observed that individual idiosyncrasies consistent with personality type were a primary 

cause of disruption within different teams.  For the purpose of this research, an 

ethnographical approach was rejected as it would have been impractical to implement. 

Extended periods would have been required in various software personnel roles and 

as a CSE student, conducting unbiased observation. Such an approach would have 

been impractical due to time and access constraints, and while ethnography aims to 

study societal ‘culture’, this research aimed to study individual self-perceptions of 

problem-solving strategy selection and application, with little emphasis on social 

interaction. 
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3.4.6. Case Studies 

Case studies differ from other quantitative data collection techniques in that they are 

confined by strict boundaries and generally very limited in scope (Creswell, 2014), 

focussed on an individual participant, a group or community (Merriam and Tisdell, 

2015). Case studies are uncommon in CSE, although some have used them to 

investigate aspects of pair-programming, focussing upon the individual or pair 

experience, in terms of compatibility, effort, performance and retention (Williams et al., 

2000; Nawrocki and Wojciechowski, 2001; Katira et al., 2004; Begel and Nagappan, 

2008). The use of case studies for this project was rejected, because the research 

samples in both studies needed to be relatively broad in order to categorise participants 

appropriately, in the case of software personnel, by role, and with HNC computing 

students, by potential role. Case studies, although highly descriptive and detailed, tend 

to be narrow in focus (Dyer, 1995).  

 

3.4.7. Narrative Analysis 

Narrative analysis is rooted in the ancient practice of storytelling; in first-person 

accounts of culture, life experience, history and belief (Merriam and Tisdell, 2015). 

“Ontologically, narratives can be considered as the very essence of human behavior 

and a fundamental mode of thinking” (Aarikka-Stenroos, 2010). The narrative has 

essentially been reborn in the digital age, through mediums such as blogging and social 

media, where issues of reliability and validity of data receive greater scrutiny and 

discussion, particularly ‘breaking news’ (De Fina and Georgeakopoulou, 2015). There 

is little evidence of narrative analysis being used in CSE, and it is difficult to perceive 

how it could have been applied in this research. While this research examined 

individual perspectives, the power of narrative analysis appears to stem from analysis 

of multiple interpretations of the same event and the narrative constructed from that. 

Narrative analysis relies on text-based sources of information as a primary data source 

and such sources were not applicable in this research. 

 

3.4.8. Content Analysis 

Krippendorf (2004) proposed that the purpose of content analysis was to compensate 

for the inability of researchers to observe phenomenon objectively, because information 
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barriers prevented them from doing so. The general aim of content analysis is to 

formulate a hypothesis based on abductive inferences, where probability is determined 

by contributory variables such as statistical information, experience and theory 

(Toumlin, 2003). While content analysis has been used in educational contexts: Vicini 

(1993) in a study of educational advisory services; Mayring et al. (2000), examining the 

psycho-social stress and coping behaviours of unemployed teachers (Mayring, 2009); 

and in computer science studies of conference proceedings (Rourke et al., 2000; 

Strijbos et al., 2006), no evidence could be found of its application in CSE. The studies 

listed (other than Vicini (1993)) were conducted on a large scale, involving analysis of 

voluminous content, far beyond the scope of this research, which had no intention of 

discovering hidden meanings in subtext, instead, aiming to directly elicit participant 

perceptions through interview and testing. 

 

3.4.9. Discourse Analysis 

The principal aim of discourse analysis is to determine the key features of text or 

speech in establishing and maintaining power structures, by examining the restrictions 

and rules placed upon language use in society (Tannen et al., 2015). This research 

had no interest in language use as a tool for determining power or powerlessness, 

although social context was relevant. The studies that formed the basis of this research 

were focussed on self-reflection and the topics for discussion were largely pre-

determined. The main aim was to elicit from participants their feelings or opinions 

regarding specific problem-solving situations or challenges and how they would 

approach them. That information could then be considered on an individual basis and 

compared against test results to determine potential relationships with personality. 

 

3.4.10. Action Research 

The central themes in action research are; collaboration, empowerment, knowledge 

acquisition and change (Masters, 1995). It is a cyclical research approach based upon 

inquiry, development of understanding and theory, and driving change through action 

and participation, followed by a period of self-reflection (Kagan et al., 2008). In CSE, 

an action research methodology was employed by D’Souza et al. (2008) to monitor the 

development of a mentoring program for computer programming students. The authors 
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found that the mentoring service proved beneficial to those students who were 

struggling in learning to program, particularly international students, who often 

expressed feelings of loneliness and isolation. Mentors who were also international 

students benefitted greatly from the communication and interaction aspects of the 

mentoring program. An action research approach would have been unsuitable for this 

research because the objective was not to affect change. This research aimed to snap-

shot the subjective perspectives of participants, while in action research this would 

have led into a cyclical change process, potentially followed by several iterations of 

planning, implementation and evaluation. 

 

A phenomenography approach was adopted for this research, as the closest fitting in 

suitability, given that the self-perceptions of SD personnel and HNC computing 

students in relation to problem-solving were required. Phenomenography allows for the 

development of categories based upon the grouping of meaning statements. This 

reflective process is seen as important in developing a conceptual understanding of the 

phenomenon under consideration. In this research, participants were interviewed about 

several aspects of problem-solving and within each aspect their responses were 

classified by their descriptions of their experiences of the same phenomenon.  

 

These classifications were naturally grouped into categories by question, by software 

role, and between studies, however, were also considered in a broader problem-solving 

context, in determining generic problem-solving skills as part of a potential core skillset 

for software development. 

 

3.4.11. Quantitative Elements in this Study 

Quantitative research can be categorised as either descriptive (Polit and Hungler, 

2013) or experimental (exploratory) in nature (Morrison, 2008), although a third type of 

quantitative research known as, ‘causal comparative’ exists, where the interactions 

between independent and dependent variables are examined (Williams, 2007). The 

quantitative aspect of this research comprised a test element; the first round 

incorporating personality testing (KTS-II) conducted post-interview with software 

development personnel, the second round of tests conducted with HNC computing 
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students, comprising the same personality test with the addition of problem-solving 

aptitude test measure (CPAT). 

 

3.5. Relevant Quantitative Research Methodologies 

Quantitative methodological approaches are rooted in positivism, grounded in 

empiricism, and incorporate the measurement of statistical, mathematical, or numerical 

data, gathered using formal and structured test instruments (Williams, 2007). The 

objective approach to data assumed by quantitative research is frequently referred to 

as the ‘scientific method’, owing to an assumed rigour and adherence to scientific 

research principles (Bhattacherjee, 2012).  Quantitative studies tend to be highly 

reliable, replicable and generalisable, when the sample size is sufficiently large and the 

research approach thoughtfully designed and conducted following established 

standards (Cohen et al., 2011). The empirical nature of quantitative studies renders 

them particularly suitable for software-based analysis, manipulation and triangulation 

(Gibbs et al., 2016). In comparison to qualitative research methodologies, software-

driven quantitative approaches present less risk of research bias, because an inherent 

objective stance allows the researcher to detach themselves from the process of data 

collection and analysis, essentially letting the data speak for itself (Kothari, 2009). 

 

In examining human perceptions and beliefs, quantitative approaches are incapable of 

appreciating context or providing the rich thick detail that qualitative approaches aspire 

to capture (Walliman, 2011). Quantitative measurements rely on numerical values or 

associations and prohibit the respondent from giving any response other than the pre-

set selection (Mathers et al., 2009). If the researcher seeks clarity or greater detail, then 

further data collection may be required, but the opportunity could be missed, and it is 

this premise which is the principal impetus behind mixed methods research (Fielding, 

2012). Two types of study are commonly associated with quantitative data collection; 

descriptive and experimental. An overview of these follows. 

 

3.5.1. Descriptive 

Descriptive studies involve a single measurement of the subject, seeking the 

association of variables as explanation (Creswell, 2014). Ginat and Menashe (2015, 
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p.453) attempted to measure student abstraction capabilities through the reuse of 

design patterns with CS1 students in introductory computer programming, by applying 

the “SOLO taxonomy for examining and assessing algorithmic design”. The authors 

based their performance measures on the version of the SOLO taxonomy developed 

by Whalley et al. (2011) in relation to code writing, and applied it to a 90 minute, four 

task questionnaire, concluding that it “may be most beneficial to explicitly teach them 

and direct them to recognize the patterns relevant for the tasks at hand, and flexibly 

use and compose them” (Ginat and Menashe, 2015, p.456). 

 

3.5.2. Experimental 

In experimental studies, a group of subjects are measured pre and post-treatment and 

the data examined to try and determine causality, or alternatively, one group receives 

treatment while the other does not. Experimental studies do not require such large 

samples as descriptive studies, but the population sample must be purposefully 

selected (Creswell, 2014). Both versions of the experimental approach are 

commonplace in CSE.  

 

Salleh et al. (2010, p.577) conducted a “formal experiment carried out to investigate 

the effect of the Personality factor conscientiousness on the effectiveness of Pair 

Programming as a pedagogical tool”. The experiment incorporated a personality test, 

graded exercises, mid-term test, and final exam, with surveys conducted at the end of 

each tutorial session. Participants reported increased satisfaction and confidence 

levels in their pairs, while personality testing demonstrated a correlation between 

‘openness to experience’ and pair-programming effectiveness. Kumar (2013, p.183) 

book-ended a problem-solving session on code tracing by testing novice computer 

programming code writing pre-test and post-test, with the aim of observing “whether 

solving code tracing problems would help improve the code writing skills of students”. 

The author observed an improvement in syntax and noted that future testing could also 

be applied to measure semantics, while refusing to rule out test fatigue as a possible 

confounding factor. 
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3.5.3. Quantitative Elements in this Study 

The quantitative aspects of this research project followed the descriptive approach, with 

test data captured in group sessions or individually and analysed post-test. These were 

subsequently triangulated with qualitative data collected from interview. Quantitative 

data was collected across two studies, employing a sequential mixed methods 

approach. The data gathered in the studies concerned personality in software 

development personnel and HNC computing students, from whom data on problem-

solving aptitude was also collected. 

 

3.6. Research Strategy – Data Collection Methods 

The following section outlines the different quantitative and qualitative data collection 

methods that could have been used in this research, highlighting the methods that were 

ultimately selected or rejected, and outlining the decision rationale. 

 

3.6.1. Quantitative Data Collection Methods 

There are a number of quantitative data collection methods available, although the 

nature and usefulness of these is largely dependent upon the setting and context of the 

research (Ersanilli et al., 2011). Some empirical data sources such as those found in a 

documented format may be pre-existing and readily accessible to the researcher (Scott, 

2000). Surveys, tests or interviews may be required to access information that is not 

specifically recorded, such as that which involves measurement of personal opinion, 

belief or perception (Polland, 2005). To obtain such information, the researcher can 

make use of pre-existing measures if they fit the research topic, otherwise must devise 

their own (Creswell, 2014).  Questionnaires or surveys are the most common 

quantitative data collection measures, because they can produce real-world 

generalisable empirical data in a finite time span (Kelley et al., 2003). Alternative 

measures include standardised or purposefully developed tests (Bejar, 2008) and 

documents of a statistical nature (Jolliffe, 2003). 

 

Survey 

Surveys by nature represent a snapshot of a specific moment in time and are used to 

gather data from as wide a cross-section of participants as possible, while maintaining 
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a narrow focus on key factors or variables (Merriam and Tisdell, 2015). Surveys are 

generally short in nature, otherwise participants tend not to complete them, thereby 

introducing response bias (Creswell, 2014). The type of data gathered can be 

qualitative, quantitative or a combination of these (Marsland et al., 2001), with 

qualitative type questions being open in nature and allowing for detailed written 

responses. In this research, demographic information was collected from respondents 

in both studies, regarding gender, age and highest-level qualification. In the case of 

software development personnel, the data collected also reflected current position, 

experience and role preference, and for student participants, the details of any prior 

programming experience. This form of data collection could be considered a survey, 

but was simply presented as a cover sheet along with the test measures. In both cases, 

the information supplied was vitally important, as it provided context to the studies. For 

analysis of software development personnel personality test data, knowing their current 

role and preferred role was essential in determining potential suitability for specific 

roles, which in turn was used as a foundation for determining student suitability for 

specific software development roles, based upon similarity of personality type or traits 

and problem-solving strategy selection and application. 

 

Testing 

Cohen et al. (2011) indicated that testing can be carried out for numerous reasons, but 

it is crucial to determine what is being tested and why. Test instruments can be 

identified as parametric or non-parametric, with parametric tests having been field 

tested for validity and reliability on a large representative sample, while non-parametric 

tests are aimed at small population samples and require standardised scoring (Cohen 

et al., 2011). In addition, tests can be norm-referenced, criterion-referenced or domain-

referenced. Norm-referenced tests compare test results in relation to one another, in 

order to identify an average mark boundary (Hussain et al., 2015), while criterion-

referenced tests have a pre-determined scoring system or benchmark for passing, 

clearly defining a desired level of capability (Green, 2002). Domain-referenced tests 

examine comprehension in a specific domain, with questions carefully selected from a 

large sample and respondent marks taken as representative of their understanding of 

the whole domain (Anderson et al., 1978; Banks, 2011). 
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The third and perhaps most significant factor for consideration in using a test instrument 

is whether the test is commercially available, free to use for research purposes, or 

requires development by the researcher. Each alternative has its pros and cons. 

Commercial tests can be expensive to purchase and administer and may not be an 

exact fit with requirements (Howitt and Cramer, 2010). The benefits however are many: 

the researcher does not have to devise their own test; the test will be standardised with 

notes on validity and reliability included; guidance on how to administer, score and 

analyse test results should also be available (Cohen et al., 2011). Where the researcher 

can obtain permission to use the test instrument for free then the benefits are magnified. 

The alternative of developing a personalised test instrument is one fraught with difficulty 

and can be time-consuming (Gronlund and Linn, 1990). The objectives and measures 

of the test must be clearly defined and justified. The approach, whether, norm-

referenced, criterion-referenced, or domain-referenced, must be selected and justified. 

A parametric test will almost certainly require piloting, perhaps on a reasonably large-

scale, otherwise the degree of confidence that can be assigned to the validity and 

reliability of the test may be questioned, and following piloting, test questions/measures 

could require re-design (Cohen et al., 2011). 

 

For this research, the test instruments comprised a commercial, free to use and a 

permitted-use test instrument, namely the: KTS-II and CPAT. While the MBTI® was 

originally intended for use with this research, ownership of the rights to the test belong 

to a private company (CPP Inc., 2017) and although an application was submitted for 

research use, permission to use a paper-based version was not forthcoming. The 

justification for requesting a paper-based version lay in that some of the intended target 

software companies had strict security protocols regarding internet and e-mail use 

onsite. Finally, an option of conducting tests through the company website was 

proffered, but from an ethical standpoint would have meant compromising data 

security, and so the offer was rejected in favour of the closest alternative, the Keirsey 

Temperament Sorter (KTS-II). 
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Keirsey Temperament Sorter - II 

The KTS-II is a public domain personality test instrument (Keirsey, 1998) and is free to 

administer. It is a parametric test with international recognition and has been used 

extensively in a number of research projects (Kelly and Jugovic, 2001; Turner, 2015; 

Claro et al., 2018). Unlike the MBTI® which describes thoughts and feelings, the KTS-

II describes long-term behaviours (Czigan, 2007). The interpretation of results can be 

somewhat subjective, and it cannot be claimed with certainty that the test is full-proof. 

The MBTI® and KTS-II have similar error rates at roughly 25% although re-

administering the test can produce different results, as “once one has heard or read an 

explanation of the temperaments and the preferences, it changes how one views the 

items” (Berens, 2011). Francis et al. (2008) observed that “KTS indices are generally 

internally consistent, in that they tend to achieve Cronbach alpha coefficients above the 

level deemed satisfactory by DeVellis (2003), of 0.65”. The KTS-II can be considered 

criterion-referenced, as there are scoring thresholds ascribed to each of the four 

personality traits that combine to determine personality type. The justification for using 

the KTS-II in this research was to examine personality types in software development 

personnel and their relationships to preferred roles, before extending the same 

procedure to HNC computing students, to see if suitable software development roles 

could be proposed for them on the basis of similarity. 

 

Computing Aptitude Problem-solving Test 

The CPAT is a non-parametric test, developed by Woodcock (2010) as an aptitude test 

for graduate computing students at the University of Kent, to determine potential 

suitability for a career in software development. There has been no published research 

regarding test application and the results of the test were never retained, as the test 

was intended for semi-informal use only. The intent behind using the CPAT in this 

research was to determine the development level of novice computing student problem-

solving skills, so that their performance could be compared and contrasted with their 

responses at interview and in personality testing. The CPAT is a criterion-referenced 

test, as it comes with standardised scores included. Woodcock (2010) has granted 

permission to use the test, which for the purpose of this research was administered 

directly to the whole 2017-18 HNC computing cohort, under timed and formal test 

conditions (forty-five minutes). 
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Documents 

Documents containing quantitative information in an educational setting can include; 

qualifications, results, checklists, rubrics, entry tests and personal learning support 

details (Sentürk, 2013). This information tends to be largely statistical or empirical in 

nature and generally proves more useful when available on a large-scale. Quantitative 

research through documentation tends to be broad, examining patterns in the data, 

while qualitative research is more focussed on detail and anomalies (Borrego et al., 

2009). No quantitative documents were used in this research, as the nature of the 

studies involved was such that they relied heavily on testing and interviews for data 

collection. It may have been possible to simply ask software development personnel at 

work, or students in class to keep a record of their day-to-day feelings regarding their 

problem-solving strategy selection and application, but it is unlikely that such measures 

would have yielded the depth of detail required. 

 

3.6.2. Qualitative Data Collection Methods 

Interviews 

The interview is a “conversation with purpose” (Dexter, 1970, p.136), conducted in 

order “to obtain a special kind of information” (Merriam and Tisdell, 2015, p.108). 

Interviews can be highly structured, semi-structured or unstructured, dependent on 

research requirements (Kajornboon, 2005). Highly structured interviews can tend 

towards being proscriptive, composed generally of closed-questions, and restricting 

deeper probing (O’Leary, 2004), while unstructured interviews are frequently 

conducted in conjunction with observation and can lack clear focus, leading to 

potentially wasted time discussing irrelevant issues (DiCicco-Bloom and Crabtree, 

2006). The semi-structured interview provides a clear starting point and guides the 

conversation in the desired direction through open-ended questioning (Mathers et al., 

2002). This can potentially result in a longer but more focussed interview in which 

“respondents’ answers provide rich, in-depth information that helps us to understand 

the unique as well as shared circumstances in which they live, and meanings attributed 

to their experiences” (Piercy, 2015, p.1).  
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For this research project, semi-structured interviews were conducted using open-ended 

questions, providing sufficient flexibility to explore the perceptions of software 

developers and students regarding their problem-solving strategies and application, 

while generating rich thick qualitative data. The depth of probing required in individual 

cases varied greatly, particularly where the participant appeared to be divulging useful 

or revealing information (Merriam and Tisdell, 2015): 

 

“The interviewer should be prepared to depart from the planned 
itinerary during the interview because digressions can be very 
productive as they follow the interviewee’s interest and knowledge” 
(DiCicco-Bloom and Crabtree, 2006, p.316). 

 

Focus Groups 

Focus groups can be a valuable source of data and offer significant time-saving 

advantages over individual interviews, as long as the topic is one which participants 

are willing to discuss with strangers (Merriam and Tisdell, 2015). The use of focus 

groups was considered for this research, however it was deemed more appropriate to 

discuss the particular aspects of problem-solving strategies and application with 

participants on an individual basis. The justification for this lies in the personal nature 

of the topics being discussed. Individuals might have been unwilling to share their own 

negative self-perceptions with their peer group. It seemed more plausible that they 

would do so with a researcher in a one-to-one interview, where strict anonymity was 

guaranteed and where deep personal reflections could be explored without judgement. 

 

Observation 

Observations can provide “information rich descriptions of behaviour, conversations, 

interactions, organisational processes, or any other type of human experience” 

(Bresciani et al., 2010). In the observation process, the researcher can be involved in 

the participant activity or removed from it, but in either case the researcher generates 

data in response to what is observed and this process can introduce bias, unintentional 

or otherwise (CDC, 2008).  
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Observation was not used as a data collection method for this research, as it would 

have considerably increased the amount of time required for field-work, without 

necessarily producing any additional useful information. It was anticipated that the test 

instruments employed would produce most of the data required for the research and 

that any further necessary detail would be volunteered at interview, as there was no 

perceived advantage for participants in attempting to withhold or disguise information. 

In conjunction, the selected data collection methods would effectively provide a more 

detailed and accurate model of the sample than could be captured by the researcher 

through observation alone. 

 

Documents 

Document types yielding qualitative information in an educational context could include 

primary sources such as learning logs or diaries, or secondary sources such as learning 

support information and student feedback (Jones, 2005). The only qualitative 

documentation sources generated during this research were interview notes, a primary 

source created ad-hoc by the researcher and not intended for the capture of formal 

data, as transcripts were drafted post-interview. The intended purpose of the interview 

notes was merely to track what was being discussed and to note potential key points 

requiring further and deeper discussion. 

 

3.7. Participant Sampling Strategy 
SD personnel participants were not directly selected in the initial stages, as negotiations 

with gatekeepers only granted access to an organisation and prospective participants 

for interview had to be recruited in situ. This was not an issue at first, as the aim was 

to obtain a broad spread of participants across all four role preferences of; analysis, 

design, development and testing. In some cases, the gatekeeper willingly distributed 

the KTS-II to personnel, but would not permit interviews, citing a specific reason, such 

as being at a critical juncture in a large project. While KTS-II responses were also 

collected from all consenting interview participants, some respondents who completed 

the KTS-II were unable or unwilling to consent to be interviewed.  
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Although gaining access to SD personnel initially appeared fruitless, one gatekeeper 

with a personal interest in the research area, gave authorisation for a site visit. During 

the visit to this organisation, without prompting, an employee there contacted a former 

employer and access was instantly granted for a visit to the organisation, although it 

was stipulated that it had to be on that same day. Arrangements were hastily made in 

order not to miss the opportunity and it seemed that having gained access to these two 

organisations, other organisations were subsequently more inclined to grant consent. 

In total, eight organisations permitted access, with twenty-three SD personnel 

consenting to be interviewed. The participating organisations broadly encompassed the 

following industry types: 

 

• Oil exploration/production 

• Local authority services 

• Games design/development 

• Film/Television Media 

• Health Services 

• Manufacturing 

• Telecoms 

 

As data gathering progressed, it became apparent that there would be sufficient SD 

personnel with a development and analysis preference, but that there might be a 

shortfall in SD personnel with a design or testing preference. As a result, in the latter 

stages of data gathering, attempts were made to secure interviews with SD personnel 

who had a testing preference in particular, as only one had been interviewed. Despite 

assurances from more than one organisation and at least two test preference SD 

personnel indicating that interviews would be granted, it never came to pass, and so 

after a sufficient lapse of time it was decided to conclude the data gathering phase with 

SD personnel and to concentrate on the second research sample. 

 

Student participants were recruited from the incoming HNC Computing cohort at Moray 

College UHI on induction day, a week prior to course commencement. As with SD 

personnel, there was no specific sampling strategy and all were welcome to participate, 
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which they did willingly, completing the KTS-II and CPAT during a lull in the induction 

day activities. Fortunately, analysis of the CPAT results demonstrated a broad spread 

across all four categories; analysis, design, development and testing. While this meant 

that personality types and traits could be considered within each category, it also 

provided a platform for selecting potential interview participants from each category 

based upon their CPAT score, and where necessary, considering other factors such as 

their performance across the categories and personality type or traits, particularly 

where those corresponded to the average trait strengths observed for SD personnel in 

the respective role. 

 

Participants from both samples were recruited from the North East of Scotland and 

while it might have been easier to gain a broader sample by ranging further afield, in 

light of the highly extroverted nature of the personality data collected from Cuban 

professors and students by Capretz et al. (2015), it seemed entirely plausible that 

cultural, religious, economic, or other situational factors, could exert a broad influence 

over personality types. Considering such a notion plausible, it seemed appropriate for 

data triangulation purposes to restrict the recruitment of participants to the North East 

of Scotland. 

 

3.8. Summary and Rationale for Research Approach 

The first phase of this research examined the perceptions of software development 

personnel regarding problem-solving strategy selection and application, contrasted 

against individual personality type and traits. Personality testing was conducted post-

interview and extended to non-interviewed personnel to generate a larger sample, as 

personality test data could be considered in a standalone context as well as providing 

background supplementary information to interview. Multistage sampling or clustering 

was used for the selection of participants in this first study (Creswell, 2014). The second 

phase of the research was conducted with HNC computing students, commencing with 

the same personality test as with software personnel, but with the addition of a problem-

solving test (CPAT). Analysis of this information was used to help select student 

participants for post-test interview.  
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Both studies garnered a mixture of qualitative and quantitative data as per the 

sequential mixed methods approach, with each strand informing the next, while 

contributing to the development of a broader contextual perspective. The tests alone 

produced a substantial amount of data and it was difficult to predict where relationships 

might occur, as each test factor examined could vary greatly owing to individuality, 

however there were patterns within and across samples. While these patterns were 

quantifiable and could be measured accordingly, the recording of individual perceptions 

was necessary to help understand and interpret significant phenomena emerging from 

the data. Such qualitative detail was obtained through interview, then categorised, 

compared, and contrasted with the quantitative information obtained through testing.  

 

An inductive approach was applied in the first phase of the research, examining 

software development personnel self-perceptions of problem-solving strategy selection 

and application, with data gathered through interview and subsequently compared with 

personality testing to explore the possibility that certain personality traits could be 

associated with specific software development roles. The inductive/deductive second 

phase of the research examined the same (and additional) factors with HNC computing 

students, expanding on “participants’ views to build broader themes and generate a 

theory interconnecting the themes” (Creswell and Clark, 2007, p.23). The initial 

research was exploratory or confirmatory (Onwuegbuzie and Leech, 2005), with 

qualitative data from interview supplemented by quantitative data from testing, and 

cross-referenced. In the second study, the reverse was true, with testing aimed at 

drawing parallels to the first study (explanatory) and with subsequent candidates for 

interview drawn from the sample based on statistical analysis of test data. This was in 

keeping with the pragmatist research paradigm which “enables errors in single 

approaches to be identified and rectified” and “allows meanings in data to be probed, 

corroboration and triangulation to be practised, rich(er) data to be gathered, and new 

modes of thinking to emerge” (Cohen et al., 2011). 

 

Interviews with software development personnel aimed to collect qualitative data 

regarding individual perceptions of problem-solving strategy selection and application, 

while personality testing aimed to identify possible links between types/traits and 
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software development roles. Themes emerging from the qualitative interview data were 

mapped against quantitative test data to determine whether the base hypothesis was 

correct, that certain personality types or traits could be associated with a preference for 

specific software development roles, and whether problem-solving strategy selection 

and application were in any way related to this effect. In the second phase of data 

collection and prior to interview, HNC computing students were exposed to the same 

personality test as software development personnel, with the addition of a timed 

problem-solving test. The CPAT test results were analysed and used to allocate 

participants to specific problem-solving categories, from which suitable candidates for 

interview were determined. With the addition of interview data, a theory could be 

constructed. 

 

This research was epistemologically and ontologically rooted in referential pragmatism, 

through the study of software developers and novice computer programming students, 

their actions and practice, as subjectively reported by them, but objectively analysed 

and categorised by the researcher. 

 

3.9. Ethics 

3.9.1. Introduction 

Different ethical considerations were required for each of the two studies comprising 

this research. When visiting software development personnel in situ, gatekeepers had 

to be negotiated with in the first instance. Respecting the site and causing minimal 

disruption to workflow was a priority concern (Creswell, 2014), as failure to do so might 

have led to discontinued co-operation. Maintaining a balanced approach proved difficult 

owing to competing priorities within the organisations involved. The time required with 

software development personnel and the scheduling of interviews had to be managed 

extremely effectively to mitigate potential damage to researcher/organisation relations. 

The second study involving HNC computing students provided less ethical concerns, 

because the timing of interviews and tests could be managed more effectively by the 

researcher, with additional time spent providing detailed background information to 

participants. 
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Ethical consent was granted by the UHI Ethics committee at the end of June 2017. All 

participants were aged over eighteen and participating with fully informed consent, 

having been made well aware of the purpose and nature of the intended research. 

Individual anonymity and data security were assured, although the student cohort as a 

whole could potentially become identifiable later through publication.  

 

The validity of the data collected was integral to the research and could have been 

influenced by competing power structures. For software development personnel, it was 

absolutely necessary to ensure that participants avoided perceiving the research as 

being carried out on their organisations behalf, as such a perspective would 

undoubtedly have influenced their responses. They had to be clearly and fully informed 

regarding who was conducting the research, why, and to what end. A broad sample of 

software development personnel from different roles was necessary for effective data 

analysis and obtaining such a sample would have been difficult to achieve without 

considerable co-operation. Student participants may also have been inadvertently 

influenced by perceived power structures, particularly that of lecturer/student advisor 

as researcher.  

 

Overcoming potential issues regarding data validity with student participants required 

a great deal of stressing prior to data collection, that honest and unbiased responses 

were critical to the research. While the tests used provided some in-built balancing 

components, the highest risk of false responses was liable to emerge during interview, 

the one-to-one aspect of which could unwittingly impel student participants to provide 

seemingly confirmatory responses. However, the nature of the interview questions and 

their framing against the CPAT problem-solving test, helped ensure that a clear focus 

was maintained. 

 

3.9.2. Ethics of Working with Software Development Personnel 

Personality testing was conducted with software development personnel in industry. 

Not only with developers, but also individuals with other roles falling under the software 

development umbrella; analyst, designer, and tester. Where interviews could not be 

conducted and if an organisation preferred, a suitable number of paper-based copies 



128 
 

of the personality test instrument were dispatched and collected afterwards. The 

anticipated total time to complete the personality test was 15 minutes. It was initially 

uncertain how many industry personnel would be tested, as it would depend upon 

organisation willingness and participant availability, with participants permitted to 

withdraw at any point up until data analysis without detriment to themselves. Prior to 

testing, software development participants were requested to complete a cover sheet 

providing some demographic information, including computer programming 

experience, current role and preferred role. The study adhered fully with the ethical 

code outlined in BERA (2018). Initially a sample size of 50-60 participants was aimed 

at for the personality test and around twenty for interview. 

 

3.9.3. Ethics of Working with Students 

As with the study of software development personnel, the second study, also adhering 

fully to the ethical code outlined in BERA (2018), sampled HNC computing students at 

Moray College UHI. The base number of test participants aimed for in this sample was 

thirty-five, split across two separate HNC classes, although the final number of 

participants was thirty-one. The initial plan was to interview eight of these (two for each 

question category), dependent on performance in the CPAT. 

 

Participation was entirely voluntary and there were no financial or other incentives 

offered to any potential participant. The recruitment process was transparent, with a 

clear outline of what participation would entail in terms of time and task allocation 

provided prior to commencement. It was also made clear to students that their 

participation, non-participation, or withdrawal, would not impact their studies, classes, 

or attainment, with the timing of tests and interviews targeted to mitigate the impact on 

students. As student advisor to the HNC cohort, personality testing was conducted by 

the researcher on induction day in a single session, and student advice time was used 

to conduct the interviews over a period of four weeks, commencing shortly after the 

start of semester one and in four separate blocks. 

 

Initially, students received a short group presentation outlining the nature of the 

research and what their involvement might constitute, in addition to which they received 
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a participant information sheet and consent form. A full explanation of participant rights 

was provided, including the right to withdraw at any point without detriment. It was made 

clear that participant anonymity would be assured and that any and all data would be 

held securely, although Moray College UHI and the HNC computing cohort could be 

identifiable in future published research findings. 

 

Upon consenting, participants were initially tested on problem-solving using the CPAT 

(Woodcock, 2010), the only test performed under formal assessment conditions. This 

was followed by personality testing with the KTS-II (Keirsey, 1998). Both tests were 

administered consecutively on HNC computing induction day, at the start of September 

2017, one week before course commencement. It was anticipated that the combined 

test time would be fifty-five minutes in total to complete. The participants received 

opportunities to provide feedback on the tests applied and were able to view their test 

results if they wished. Prior to testing, student participants were asked to complete a 

cover sheet providing some demographic information, including whether they had any 

prior computer programming experience. 

 

After initial analysis of the test results, selected participants were invited to interview. 

The interviews took place within student advice time, or at other times suitable to the 

participants and continued for four weeks. The interviews were semi-structured in 

nature with an expected duration of around 20-40 minutes each. All interviews were 

audio recorded and transcribed, and to ensure validity, participants were permitted to 

view interview transcripts or test results and provide feedback. Schedules and locations 

for testing and interviewing were conveyed to all participants up to one week in 

advance, permitting them time to consider the implications of involvement and to 

withdraw from participation if so desired. It was also reiterated prior to commencement 

that participation would not adversely impact classes, grades, or overall learning 

experience. The interviews were conducted in two phases with two sessions in each, 

as the sample comprised students from both HNC groups and their timetables meant 

different days of attendance. Eight students were interviewed in the first sample, 

however this being considered insufficient, another three were interviewed in a 

secondary phase. The second batch of interviews took place four weeks after the first. 
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3.10. Research Design - Instruments 

Gatekeepers at various software development companies in the North-East of Scotland 

were approached and asked if they would be willing to allow members of their software 

development teams to participate in the research, with a full explanation of the research 

purpose and measures outlined to them. The test instruments were piloted with a small 

sample of developers and former students. This was particularly necessary for the 

CPAT, in order to determine suitable initial question weightings, although subsequent 

revision was required (see Appendix H, Section 8.8.3). Interviews were also piloted, to 

test the validity of the interview questions and to ascertain whether they could reliably 

procure viable information in terms of addressing the research questions.  

 

It was anticipated that most student participants would be male and in the 18-25 age 

bracket, alongside a small number of mature students. All participants were aged over 

eighteen, so parental consent was not required. A guarantee of anonymity was 

assured, with the only potential means of identification, a spreadsheet recording 

student names against a unique and randomly assigned number. This was maintained 

purely for the purpose of relating separate test items to a specific participant. Each test 

instrument was marked with the associated participant number, but the spreadsheet 

was held securely so that only the researcher could identify individuals. Post-testing 

and post-interview, the spreadsheet was no longer required and was deleted.  

 

Electronic data was stored on an encrypted USB device, kept in a locked filing cabinet, 

where completed paper-based test instruments and interview transcripts were also 

securely held. 

 

3.10.1. Interview Procedures 

Semi-structured interviews with software development personnel examined their 

individual problem-solving strategy selection, application and acquisition. The 

interviews were recorded and transcribed. Anticipated interview duration was in the 

range of 20-30 minutes, with interviews having to fit around potentially busy work 

schedules. In actuality, some interview sessions lasted an hour. It was sometimes 
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necessary to comply with a schedule pre-determined by the gatekeeper or relevant 

authority granting access. Software development personnel interviews took place in 

situ and at times that were mutually acceptable to all parties concerned. Meeting rooms 

or other appropriate locations provided by the organisations involved were used to 

conduct the interviews, which were held in clusters of varying size, with the participant 

involved receiving a copy of the test instruments at the end of each session. Most of 

these were actually completed and ready for collection by the researcher before leaving 

the site, and for those that were not completed, a short journey was generally all that 

was necessary to collect them at a later date. 

 

Student interviews were scheduled for student advice time slots suitable to participant 

and researcher, without detriment to either. For some participants, other times were 

better suited and were negotiated with the researcher. The interviews were anticipated 

to be 20-30 minutes in length, although there was scope to extend the duration where 

deemed appropriate by the researcher, for instance, where the information being 

divulged appeared to be significant to the research. The interviews were semi-

structured with questions open in nature and focussed on the student, directed initially 

towards their performance in the CPAT, but also examining student problem-solving 

strategy selection and application in general. The interviews with students were held 

within the college, in an unoccupied class or interview room, during student advice time 

or drop-in sessions. The interviews took place in September/October 2017 following 

testing and preliminary analysis. 

 

The objective behind the interview questions was to elicit detailed information and 

clarification regarding software development personnel and student perceptions of 

problem-solving strategy selection and application. The data was subsequently 

compared and contrasted with the test data produced by other participants. All 

interviews were audio recorded and transcribed, and participants provided with an 

opportunity to read and verify the validity of their interview transcripts. Interviews were 

always held at times suitable to participants, who always had the option to decline or 

withdraw from the process. 
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3.10.2. Test Procedures 

Testing with both samples was paper-based and took place onsite, with tests ideally 

completed and returned to the researcher during the session. If software development 

personnel were unable to complete the test during the site visit, the completed tests 

were subsequently collected by the researcher. They could then complete them in their 

own work time or even at home if required, although that did not prove necessary. The 

test was not required to be observed, so a flexible approach was applied to ensure that 

personnel had every opportunity to complete it, since they were already giving up 

valuable worktime or breaks to be interviewed. In some instances, software 

development personnel might have wished to ensure that their employer did not gain 

any opportunity to see their test or additional information provided, and so preferred to 

complete and return it as quickly as possible. Testing with students took place in a 

classroom at Moray College UHI on the students’ induction day. 

 

To address the possibility of bias in student responses, particularly where respondents 

could be perceived as seeking to please the student advisor/researcher, test 

instruments with built-in bias controls were intentionally selected. The KTS-II in 

particular, since it correlates significantly with the MBTI® (Tucker and Gillespie, 1993), 

requires honest responses and has been shaped over a number of years to ensure that 

any deliberate attempt at gaining a favourable result is mediated by other question 

types where inverse responses are required. The CPAT (Woodcock, 2010) is 

essentially a performance measure, so responses could not be biased unless a 

participant failed to take it seriously. The nature and purpose of the tests was clearly 

conveyed to participants, so that they were fully aware of how to proceed and why the 

integrity of their responses was critical to the research. 

 

3.10.3. Testing Software Development Personnel 

Personality testing was conducted to identify possible personality types (or traits) 

corresponding to preferred software development roles. Where personnel were unable 

to be interviewed, they were sometimes still able to complete the personality test. 
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The test instrument used was:  

 

• The KTS-II - a seventy item bi-polar response questionnaire, requiring 10-15 

minutes to complete (Keirsey, 1998) 

 

The KTS-II identifies sixteen possible personality types based on the comparative 

strengths of four temperament pairings that describe human behaviour. 

 

3.10.4. Testing HNC computing Students 

The second phase of data collection was conducted with HNC computing students and 

comprised two tests, followed by semi-structured interviews with selected participants. 

 

In addition to the KTS-II, student participants received the following test: 

 

• University of Kent Computer Programming Aptitude Test (CPAT), a problem-

solving test comprising twenty-nine questions, forty minutes in length, paper-

based and conducted under formal test conditions (Woodcock, 2010) 

 

The CPAT test poses a variety of programming-like questions, incorporating logical 

thinking and problem-solving tasks, including; pattern and syntax recognition, sorting, 

sequencing and graphical interpretation (Woodcock, 2010). 

 

3.10.5. Demographic information 

Software development personnel were asked to provide demographic information 

regarding experience, role preference and highest qualification held. Prior to testing, 

students were asked for demographic information regarding any prior programming 

experience as it could potentially influence their test performance. These took the form 

of a cover sheet which was subsequently partnered with individual test documents and 

interview transcripts. An important aspect of the research for the purpose of analysis, 

required that specific test and interview items could be ascribed to a specific participant, 

regardless of identity. 
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3.10.6. Validity, Reliability, Transferability and Generalisability 

The semi-structured interviews conducted within both studies formed the core 

qualitative components of this research. The validity of the qualitative findings were to 

be balanced against the quantitative aspects, which to a large degree investigated the 

same aspects of problem-solving strategy selection and application. The validity and 

reliability of the KTS-II is long established and thoroughly field tested, so required no 

further clarification. 

 

The CPAT however was never intended for official use and while the overall structure 

of the test was deemed appropriate, minor amendments were made to some of the 

questions and answers in order to render it more suitable for a paper-based deployment 

and use as a formal test instrument. This rendering of the test was piloted with a small 

number of former students, to evaluate its effectiveness in generating worthwhile data 

and to iron out any issues over question interpretation. As a result, some minor 

adjustments were made. 

The interview questions for both studies were also piloted with a small selection of 

participants: 

 

• To ensure that the meaning of questions was clear and provided a suitable open-

ended response mechanism 

• To determine whether question wording might make participants reluctant to 

respond 

• To ensure question coverage elicited the correct response types to generate 

thick, rich, quality data 

• To identify and reduce the potential of researcher bias  

 

It would prove difficult to transfer the results of this research to another study using the 

same data collection methods, but with a different demographic, as the population 

samples selected for both studies were specifically targeted. If the research were 

repeated with similar samples, then the findings would have a high probability of 

mapping across, but for different population samples the findings could not be easily 

replicated. 
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While the research findings could not be generalised on the basis of the qualitative 

findings alone; the corroborating, overlapping, quantitative data generated through 

testing, when triangulated with qualitative interview data, offered a possibility for 

generalisation (Creswell, 2014). Under the pragmatism paradigm, the research findings 

could potentially be reproduced through repeating identical test procedures with 

software development personnel or prospective computer programming students 

(Petersen and Gencel, 2013). 

 

3.11. Limitations  

3.11.1. Context and Constraints (Phase 1) 

Data collection was conducted in two phases. In the first, software development 

personnel were interviewed before completing a personality test. The interviews and 

tests were anticipated to take place between spring and the end of summer 2017, with 

ethical consent requested in early April, to begin data collection in June 2017. 

Approaches were made to gatekeepers at three local companies and others further 

afield. The initial aim was to interview and test a minimum of fifteen personnel, with the 

sample spread across the four software development roles identified. The test 

instrument would then be deployed further afield, to generate a broad background 

sample. The difficulties associated with gaining access via gatekeepers were 

highlighted by Broadhead and Rist (1976) and for this research certain organisations 

had more than one level of gatekeeper to bypass. Ensuring that gatekeepers were fully 

informed and understood the nature and scope of the research was essential in order 

to acquire access to the intended participants. When and if access was granted, 

individual software personnel were informed of the research intentions in order to obtain 

their consent (Wanat, 2008). Scheduling appropriate time-slots for interview in a busy 

working environment proved difficult and there was a potential risk that gatekeepers or 

intended participants might fail to appreciate the significance or importance of their 

contribution. As the researcher was unknown to the participants, there was little 

incentive for them to participate (Wiles et al., 2005), however for interview purposes the 

lack of familiarity could help reduce bias on both sides. Because of the likely time 

constraints accompanying a busy working environment, interviews had to be kept fairly 

short. Careful planning helped to focus the interviews and narrow in on important detail. 
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Interviews were held at on-site locations where privacy could be assured, with all 

interviews recorded and subsequently transcribed. 

 

It initially proved very difficult to make contact with gatekeepers or persuade 

organisations in general to participate, but after successfully engaging in discussion 

with a few potential gatekeepers, interest was expressed in the study and 

organisational consent finally granted. Having achieved this, site visits were still 

necessary and individual participant consent had to be gained before interviews and 

testing could take place. 

 

The intent was to spread the interview sample across local companies in order to 

achieve variation, potentially supplementing this with data from further afield, in which 

case the security concerns of some software developers meant restricted staff access 

to internet and e-mail, so paper-based versions of the tests had to be deployed. The 

benefit of using paper-based tests, although causing an additional administrative 

burden, was that participants could complete the tests when they had time to do so. It 

was important that where possible the interviews and tests were conducted with 

individuals from a range of software development roles, not merely programming, and 

the duration of the extended data collection period was necessary in order to approach 

further organisations and individuals if necessary, so that a suitably representative 

sample could be obtained. Any and all transport, printing or postage costs were met by 

the researcher. Individual transcripts and test findings were made readily available on 

request to the relevant participants as well as feedback on their personality types. 

 

3.11.2. Limitations – Context and Constraints (Phase 2) 

The second phase of data collection commenced in September 2017, coinciding with 

the arrival of a new HNC computing cohort at Moray College UHI, the intended 

participants. It was anticipated that there would be two classes of around 16-18 

students each, 35-40 in total. The final figure was actually thirty-three. Two students 

quit the course shortly after commencement and their data has been excluded from the 

study, leaving a total of thirty-one. The participants underwent a problem-solving test 

first (CPAT), followed by personality testing using the KTS-II. The problem-solving test 
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was timed and held under formal test conditions. Post-analysis, participants were 

selected from the sample for interview, aiming to examine a broad performance 

distribution across the tests. 

 

As a lecturer and student advisor to the HNC computing students, there was potential 

for researcher/student bias at interview, particularly as the course progressed and the 

student/lecturer relationship evolved. To mitigate this, testing and interviews were 

scheduled to take place as early as possible in the course, before any familiarity was 

established. In this respect, a similar set of conditions to that employed with software 

development personnel was aimed for. It was likely that students would be more 

inclined to participate than software development personnel as there was no perceived 

detriment to their classwork or learning, while software development personnel might 

have viewed the research as intruding on their work routine. The problem-solving test 

(CPAT) was the only element which could have potentially proven stressful for 

participants, as it was conducted under formal test conditions and undertaken very near 

to the start of the course. However, it was portrayed as a useful exercise in problem-

solving, comprising questions of a programming nature, entirely relevant to their course 

of study. 

 

Gaining access to student participants was relatively straight-forward, with a 

presentation delivered before-hand, outlining and explaining the purpose of the 

research. This would have been less easily conducted with software development 

personnel, as requesting permission to assemble an entire workforce for a presentation 

may not have been well received. Student participants consenting to interview were 

offered a range of interview slots to choose from and interviews were held on a one-to-

one basis in an unused computing classroom with the interviews audio recorded and 

subsequently transcribed. 

 

In both phases of data collection, a guarantee of participant anonymity was assured. 

Software development personnel and HNC computing students were assigned 

numbers so that tests and interview transcripts could be matched up, essential for 

subsequent internal analysis. All paper-based documents were held securely in a 
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locked filing cabinet within a secure room, accessible only to the researcher. All 

electronic information that could potentially identify individuals was encrypted and 

stored on a USB device held in the same locked filing cabinet, to which only the 

researcher had direct access. It was initially hoped that ten to fifteen student 

participants would consent to interview, although a final number of eleven was 

ultimately deemed sufficient. 

 

3.11.3. Time Constraints 

Data collection was subject to several time constraints. Gaining access to software 

development personnel for the purpose of interview and testing proved difficult, as it 

relied upon being able to make contact with and gain clearance from gatekeepers, 

before contacting possible participants to schedule meeting times. The timescale for 

the process had to be flexible and so six months was allocated to the task. As 

approaches were made to multiple organisations, interviews and tests had to be carried 

out as per participant availability. From a researcher perspective, workload adjustments 

were sometimes required to ensure that any potential opportunity to meet with 

participants was fully utilised. Travel time for visits to participating organisations also 

had to be factored in, although for anywhere outside of a sixty-mile radius, on-site visits 

were deemed impractical owing to travel cost and journey time overheads. 

 

Tests with student participants were conducted on induction day, one week before 

course commencement, which as student advisor for the HNC cohort, was easy to 

organise, with interviews subsequently arranged for time slots mutually amenable to 

participant and researcher. The transcription of interview recordings had to take place 

in the off time of the researcher, which proved to be very time consuming. Both studies 

were subject to ethical approval and participant consent. In the case of the first study 

with software development personnel, gatekeeper consent also had to be acquired. 

 

3.12. Data Collection 

Interviews and testing were preceded by a short presentation (where permitted) 

outlining the aims and purpose of the research, and information sheets and consent 
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forms distributed to potential participants. Further guidance was provided to student 

participants undertaking the CPAT (Woodcock, 2010), a timed test conducted under 

formal test conditions. 

 

All interviews were audio recorded on a Tascam DR-05 and the resulting Mp3 files 

transferred to pc, then transcribed. Audio files and transcriptions were securely stored 

in a password encrypted folder on a USB drive and held in a locked filing cabinet. 

 

Test documents for software personnel were compiled into a single bundle per 

individual, with a cover sheet, followed by the KTS-II (Kerisey, 1998). Student testing 

was conducted in a different manner. The CPAT (Woodcock, 2010) was delivered first 

in a single session and the KTS-II was completed immediately following. In order to 

ensure that all tests could be ascribed to individuals, each participant was assigned a 

unique identifying number located at the top of each test document. Test documents 

were paper-based and stored in a locked filing cabinet along with the audio recordings, 

and only ever removed for the purpose of data analysis.  

 

3.13. Data Analysis 

3.13.1. Organisation of Data 

The qualitative data collected in this research was analysed using Microsoft Excel 

software, including data collected from software development personnel and HNC 

computing students via semi-structured interview transcripts. Additionally, some 

demographic information was collected from both sets of participants, through the 

inclusion of a coversheet. The purpose of qualitative analysis was to tag data, identify 

themes emerging from the data, and to categorise them (Taylor-Powell and Renner, 

2003). Hand-coding was preferred because the responses involved were easily 

grouped, including sub-groups and did not require powerful analysis software. From a 

qualitative perspective, analysis was non-independent, as the researcher was entirely 

responsible for the identification and tagging of data and grouping into themes. 
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Quantitative data gathered from testing (KTS-II and CPAT) was captured and analysed 

in a Microsoft Excel spreadsheet, which was considered sufficiently powerful for the 

analysis and chart generation required. The aim of quantitative analysis in this research 

was to identify groupings of personality types or traits and to determine whether there 

was any significant correspondence with specific software development roles, or 

preferences for specific roles. In addition, problem-solving strategy selection and 

application were considered, to determine whether there was any consistency across 

personality types/trait groupings, or within role preference.   

 

3.13.2. Triangulation of Data 

The triangulation of data within this research was conducted for each of the two studies 

and between them, each study comprising quantitative data from testing and qualitative 

data from interview. 

 

The underpinning of the research was rooted in three initial premises: 

 

• That certain personality types/traits might perform better in different software 

development related problem categories (McConnell, 2003; Robertson and 

Tinline, 2007; Sach et al., 2010; Montequin et al., 2012; Capretz et al., 2015; 

Gulati et al., 2016) 

• That a potential relationship exists between problem-solving strategy 

selection/application, and software development task/role preference (Feldt et 

al., 2010; Gnambs, 2015)  

• The possibility that an aptitude or preference for specific software development 

roles could be predicted based upon personality type/traits (Capretz, 2003; 

Schaubhut and Thompson, 2008; Sach et al., 2010; Wiesche and Krcmar, 

2014; Capretz et al., 2015; Gulati et al., 2016) and problem-solving strategy 

selection/application (Robertson and Tinline, 2007; Da Cunha and Greathead, 

2007; Feldt et al., 2010; Kwon, 2017) 
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The over-arching aim of this research was to determine whether there was any 

possibility that testing of prospective computer programming students could identify 

possible software development role preferences at an early stage of study, by 

comparing personality types / trait groupings and problem-solving skills with those of 

software development personnel (Fig. 3.1).  

 

 

Figure 3.1 A traditional software development team (Ambler, 2014) - Picture reproduced with permission of S. Ambler 

 

There are generally, five recognised roles within software development (Capretz and 

Ahmed, 2010; Capretz et al., 2015), although there can be overlaps between these with 

respect to organisational size and structure (Yilmaz et al., 2015). Although, the 

research focussed primarily on the four key development roles of; analyst, designer, 

developer and tester, some of the participants in the software development personnel 

sample held leadership roles. This was not considered problematic, as it was plausible 

that their preferred role might lie within another aspect of development. 

 

3.13.3. Links between Software Developer Personality and Problem-solving Ability 

Regarding software development personnel, the following questions were posed: 

 

To what extent do personality types, traits, or trait groupings and problem-

solving strategy awareness / application, indicate suitability for specific roles 

within the software development industry? 
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1. How influential are personality types, traits, or trait groupings in 

determining suitability for specific roles within the software development 

industry? 

2. How do software development personnel recognise, acquire, select and 

apply problem-solving strategies? 

3. How influential are problem-solving strategy skills in determining suitability 

for specific roles within the software development industry? 

 

In the first study, analysis was conducted to determine possible linkages between 

software development personnel: personality types or traits, role preference and 

problem-solving strategy selection. Personnel were initially interviewed regarding their 

problem-solving strategy selection and application, followed by personality testing.  

 

The overall aim of analysis was to determine firstly, whether interview statements could 

be corroborated by testing, and secondly, whether they demonstrated any significance 

with regard to role preference. 

 

3.13.4. Links between Student Personality and Problem-solving Ability 

Regarding novice computer programming student aptitude and possible connections 

to personality types /traits, the following questions were postulated:  

 

What relationships exist between personality types, traits, or trait groupings and 

problem-solving strategy selection in novice computer programming students? 

 

1. How influential are student personality types, traits, or trait groupings in 

determining suitability for specific software development roles? 

2. How do HNC computing students recognise, acquire, select and apply 

problem-solving strategies? 

3. To what extent do personality types, traits, or trait groupings, relate to 

novice computer programming student problem-solving strategy skills? 
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With students being tested prior to interview, initial analysis examined possible 

relationships between personality testing (KTS-II) and performance in the CPAT. This 

would indicate whether participants had a likely aptitude for computer programming and 

whether there was any correspondence with personality type or trait groupings. 

 

3.13.5. Cross-study Analysis 

The over-arching aim of this research was to attempt to match the personality types of 

software development personnel with those of novice computer programming students, 

considering the individual roles of software development personnel in corresponding 

personality types and similarity of problem-solving strategy selection and application. 

The data gathered was therefore utilised to address the following questions: 

 

What relationships exist between novice computer programming students and 

software development personnel, personality type and problem-solving strategy 

selection and application? 

 

1. What similarities are there, in personality types, traits, or trait groupings, 

between novice computing students and software development personnel 

that can be associated with a specific software development role? 

2. What similarities are there, in problem-solving strategy selection and 

application, between novice computing students and software 

development personnel that can be associated with a specific software 

development role? 

 

3.14. Summary of Methodology 

A pragmatic worldview was adopted for this research project, employing a sequential 

mixed methods approach. A mixture of qualitative and quantitative data was collected 

in two separate studies, the first with software development personnel and the second 

with HNC computing students. Determining potential relationships between personality 

and problem-solving strategies required a sequential mixed methods approach, with 

data gathered from personality testing, problem-solving testing, and from interviews 

investigating participant self-perceptions in relation to these aspects. Both studies 
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comprised test instruments as well as semi-structured interviews. Personality testing 

(KTS-II) was conducted in both studies, with the addition of a computer programming 

aptitude test for student participants (CPAT). The test instruments provided suitable 

background scales, while interviews served to drill-down into participant self-

perceptions. 

 

The data collected was analysed using Microsoft Excel spreadsheet software, to 

determine possible relationships between personality types and software development 

roles, as proposed by Capretz and Ahmed (2010) and tentatively explored by 

Schaubhut and Thompson (2008) and Capretz et al. (2015). Data from semi-structured 

interviews of software development personnel was then analysed using hand-coding 

to determine links between problem-solving strategy selection and application in 

relation to personality types/traits and preferred roles. 

 

The study with HNC computing students examined computer programming aptitude via 

a problem-solving test, alongside personality testing. The data as a whole was 

analysed, and participants selected for semi-structured interview based on a 

representative sample. At interview participants were subjected to greater probing, to 

establish whether they were able to exhibit suitability for specific software development 

roles, even at such an early juncture in their computer programming instruction. 

 

Both research phases incorporated qualitative and quantitative data measures. 

Qualitative data would generate rich, detailed, and comprehensive descriptions of the 

study samples, while quantitative measures were included to increase the reliability and 

validity of the qualitative findings and to demonstrate that the results were not random, 

but part of a pattern and that replication of the test procedures would likely produce 

similar results. 
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4. Data Reporting 

4.1. Introduction 

The aim of the first phase of data collection was to attain a core set of data using the 

KTS-II, outlining the personality types of software development personnel, whose 

awareness and application of the problem-solving strategies they select and apply was 

then examined at interview. Key aspects to ascertain were, where SD personnel had 

obtained their problem-solving skills, how they applied them and continued to develop 

them.  

 

In the second phase of data collection, the KTS-II personality test was conducted with 

HNC computing students, following a formal problem-solving test (CPAT). Interviews 

were conducted with a sample selected based upon their CPAT question category 

performance, in the same manner as with SD personnel, only where those started by 

discussing participant experience, student interviews began by examining CPAT 

question responses and considering problem-solving strategy application. 

 

4.2. Data Preparation 

Data collection was conducted in two phases; firstly, with software development 

personnel, comprising a personality test (KTS-II) taken by fifty-four participants, 

followed by interviews with twenty-three participants. The average interview duration 

was 29.4 minutes, ranging between 12.9 and 60.5 minutes. The combined interview 

time for this phase was 11 hours, 12.1 minutes. Secondly, with thirty-one HNC 

computing students and comprising KTS-II testing, a problem-solving test (CPAT) and 

interviews with eleven selected participants. Average interview duration was 19.9 

minutes, ranging between 12.1 minutes and 28.1 minutes. The combined interview time 

for this phase was 3 hours, 35.3 minutes. All data was collected between July and 

November 2017.  

 

A spreadsheet template was developed in Microsoft Excel 2016 for the processing of 

paper-based KTS-II responses. The template incorporated a grid exactly like that 

proposed by Keirsey (1998) and as shown in Figure 4.1. For each response a one or 
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zero was assigned to either column ‘a’ or column ‘b’. The first two columns were used 

to record question responses relating to the extraversion/introversion trait pairing, while 

the next four columns recorded sensing/intuiting questions responses, the following 

four, thinking/feeling question responses and the last four columns, judging/perceiving 

question responses. Formulae were entered into the cells below the columns to 

calculate totals and percentage values for each personality trait, labelled: E, I, S, N, T, 

F, J and P. This gave the resulting personality type. For ease, the demographic 

information supplied by each respondent was included alongside their data table in the 

spreadsheet template. 

 

 

Figure 4.1 Excel Template for processing KTS-II Responses 

 

Interviews from both phases were transcribed into a custom template developed for 

that purpose in Microsoft Word 2016. Interview responses could be broadly categorised 

as: 

 

• Problem-solving skills selection and application 

• Problem-solving skills acquisition 

• Problem-solving skills awareness 

• Encountering complex or difficult problems 
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Considering responses under these categories would allow for the identification of 

thematic factors common across the sample, or within a specific role (phase 1), or 

category of problem-solving question (phase 2), or that could be associated with a 

particular personality type/trait. 

 

4.3. Demographics 

Participants in both samples were requested to provide basic demographic information, 

including; gender, age and highest-level qualification. Software development personnel 

were asked to indicate the number of years they had worked in the industry, their 

current and preferred role. 

 

4.3.1. Software Development Personnel 

The demographic information for the software development personnel sample follows: 

 

Gender 

Figure 4.2 demonstrates that respondents were largely male. The ratio of male to 

female is consistent with those found in studies of gender balance in ICT, in industry 

(Bailey, 2018) and in education (Hinsliff, 2015). 

 

 

Figure 4.2 Gender makeup of Sample 
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Age 

Figure 4.3 indicates that 50% of the sample were aged 40+, and only 15% were aged 

under 25.  

 

 

Figure 4.3 Age range of Sample 

 

Highest Qualification 

The majority of respondents in the sample possessed an ordinary degree or BSc 

equivalent, as highlighted in Figure 4.4. Next highest ranking was Honours degree 

level. Only eight (15%) of the fifty-five respondents held a highest qualification below 

degree level. 

 

 

Figure 4.4 Highest Level of Respondent Qualification 
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Level of Experience (Years) 

The majority of respondents in the sample indicated having 15-20 years of experience 

in the software development industry (Fig. 4.5). 5-8 years was the next longest period 

of employment.  

 

 

Figure 4.5 Software Development Experience in Years 

 

Role Preference 

A software development role was preferred by the majority of the sample (Fig. 4.6), 

followed by leadership, analysis, then design. Testing was less popular, with the related 

roles of documentation preferred by one individual and ICT support by another. Two 

individuals expressed a preference for multiple aspects of development. 
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Figure 4.6 Role Preference 

 

Comparisons of SD personnel based on age versus experience, qualification versus 

experience, age versus qualification and preferred role versus highest qualification, can 

be found in Appendix F, Section 8.6.1: Figures 8.1 - 8.4.  

 

4.3.2. SD Personnel Demographic Observations 

Gender 

The gender makeup of the SD personnel sample was roughly 9:1 male to female, a 

ratio observed by Kolakowski (2018) as relatively consistent in the ICT industry, 

although gradually improving. Of the six females completing the KTS-II, little could be 

inferred from their choice of role preference, with one indicating document control, one 

design, two development, and two leadership positions. This somewhat supports the 

supposition of Lien (2015) that females are pushed towards business or administrative 

roles, with 33% of females preferring leadership, compared with 13% of males. 

 

While 51% of males preferred a development role, only 33% of females expressed a 

similar preference. Whether males simply preferred development more than females, 

or there was an element of females being deterred from such roles, is open to 

conjecture. The greater female preference for leadership is also questionable, as to 
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whether such a preference stems from familiarity, or from a genuine willingness to 

undertake the role. 

 

Age 

Ages within the SD personnel sample varied greatly, demonstrating a broad spectrum, 

although 33% were aged 40-50, with a further 17% aged over fifty, meaning that half 

the sample were aged forty plus. A comparison of age with experience (Appendix F, 

Section 8.6.1: Figure 8.2), suggested that those who enter the industry, tend to stay in 

it. Around 28% of the sample were aged under thirty. This suggests that recruitment 

levels were stronger prior to 2007. 

 

Highest Qualification 

In general, SD respondents were highly qualified, with 89% holding a Bachelor’s 

degree, ordinary degree, or better. Of the remaining eight participants (15%), only two 

had a highest qualification below higher diploma. 18% of participants had a Master’s 

degree or higher. In comparison with other disciplines, this figure is extraordinarily high 

and supports the findings of McConnell (2003), that software development personnel 

are better qualified than the general population. Of those participants with a preference 

for development, 90% held a bachelor’s degree or better, compared to 60% observed 

by McConnell (2003). This suggests that development personnel are better qualified 

now than they were then, when they were already above average. It could suggest 

however, that either qualifications have improved across all disciplines, that recruitment 

in the software industry values qualifications more highly than other disciplines, or that 

highly qualified individuals are drawn to software development.  HND, ordinary degree 

(or Bachelors) and Master’s degrees were spread across the age range (Appendix F, 

Section 8.6.1: Figure 8.3), while the three PhD’s in the sample belonged to some older 

participants in the sample. 

 

Experience 

Figure 4.5 suggests that there were two high points in industry recruitment, 15-20 years 

ago and 5-8 years ago (as of summer 2017). Both peaks were followed by a trailing off 

in numbers in subsequent years. This could be related to the second (1999-2005) and 



152 
 

third industry surges (2010-?) reported by Soper (2014), while those with 30-40 years 

of experience (two participants), likely entered the industry during the first surge. At 

interview, some participants indicated that, although still young at the time, their 

personal interest in development was nurtured during the first surge (1982-1985). 

These participants are found in the 20-30 years of experience range, having entered 

the industry before the second surge.  

 

Role Preference 

A preference for software development was expressed by 48% of the sample, making 

it by far the most desirable role. This was followed by leadership (15%), analysis (13%), 

design (11%) and testing (5%). All aspects were preferred by 4% of the sample with 

one participant (2%), indicating document control as a preference and another (2%) 

indicating ICT Support. Appendix F, Section 8.6.1: Figure 8.4, indicates that Honours 

Degree qualified participants, although spread across all roles (except for leadership), 

generally preferred development. Master’s degree and Ordinary or Bachelors’ degree 

qualified participants principally preferred development or leadership, with some 

interested in analysis or design. Of the three PhD participants, two preferred analysis 

and one development, although the two analysts were well established in their 

professions, while the participant with a preference for development had taught 

programming for many years, having only just moved into the industry professionally. 

 

4.3.3. Demographics - HNC computing students 

The demographic information for HNC computing participants follows: 

 

Gender 

Participants in the HNC computing sample were mainly male (Figure 4.7).  
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Figure 4.7 Gender makeup of HNC computing Student Sample 

 

Age 

Figure 4.8 indicates that over 80% of the sample were in the 18-20 age range, with less 

than 10% aged over twenty-five. Note that there were originally thirty-three participants, 

but one transferred course and the other left almost immediately, so their results have 

been excluded from the rest of the data. 

 

 

Figure 4.8 Age range of HNC computing Student Sample 
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Highest Qualification Level 

Figure 4.9 demonstrates that most respondents in the sample possessed a Scottish 

Higher or equivalent. The next highest was National Certificate (NC) Level 6, a Higher 

equivalent preparatory course for HNC computing. Only two (6%) of the thirty-one 

respondents possessed a qualification at HN (Higher National) level or above. 

 

 

Figure 4.9 Highest Level of HNC computing Student Qualification 

 

Programming Experience 

Of the thirty-one respondents, ten had prior programming experience at NC Level 6 

and eleven through studying Scottish Higher Computing at secondary school or College 

(Fig. 4.10). Only six of the sample (19%) admitted to having zero computer 

programming experience. A number of participants specified programming languages 

they were familiar with, as shown in Appendix F, Section 8.6.2 – Figure 8.5.  
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Figure 4.10 HNC computing Student Programming Experience Level 

 

4.3.4. HNC computing Student Demographic Observations 

Gender 

Of the student participants, 82% listed gender as male, 15% female and 3% (one 

participant), preferred not to say. This reflects Osunde et al. (2014), who quoted Higher 

Education Statistics Authority (UK) figures as indicating that “between 2004 and 2011 

female undergraduates studying computing decreased from 24% to 18%”. Roberts et 

al. (2012) observed an average of 20% female enrolments in computer science 

classes, with Hinsliff (2015) reporting a 10% average. The figures given by Osunde et 

al. (2014) and Roberts et al. (2012) reflect most closely with the responses given in the 

sample, although in the two or three years preceding this research, female 

representation on the HNC computing course was much closer to the figure of Hinsliff 

(2015) and in the year following data collection (2018-19), the intake was thirty-six 

students, all male. 

 

Age 

The majority of students (82%) stated their age in the 18-20 bracket, with 9% (three 

students) aged 20-25 and the same amount aged 30-40 (Fig. 4.8). In actuality, most 
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students were eighteen, having completed secondary school in the previous academic 

session. 

 

Highest Qualification 

There are three principle entry routes into HNC computing at Moray College UHI; with 

at least one Higher level pass from school (entrants usually coming direct from school), 

completion of the preceding Level 6 computing course, or as a mature student aged 

over twenty-five, with relevant personal or industry experience (and following interview). 

As shown in Figure 4.9, twenty-two students (66%) possessed a Scottish Higher level 

qualification or equivalent from secondary school, while seven had progressed from 

Level 6 (21%). 

 

Programming Experience 

Of the thirty-three participants, six had no programming experience. One-third (eleven 

students) had studied programming at Higher level, so had reasonable experience. Ten 

students had been taught programming at NC level, a lower difficulty level than Higher. 

Four had programming experience at National 5, so very much introductory, while two 

claimed to be self-taught, although the depth and breadth of their learning, level of 

engagement with the subject, and difficulties encountered, were not ascertained. 

 

4.3.5. About the two Studies – Review of Demographics 

Demographic information was collected from both samples; software development 

personnel and HNC computing students. The purpose of this was to determine the 

make-up of the samples in terms of; age, gender, highest qualification and experience. 

For SD personnel, experience reflected the length of time they had worked in the 

industry, while for HNC computing students, it indicated whether they had engaged in 

any programming prior to course enrolment. SD personnel were also asked to specify 

their role preference; analysis, design, testing or development, although 15% of the 

sample actually indicated preference for a leadership role, while 4% considered all 

aspects equally important. 
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4.4. Quantitative Data – Personality Testing 

4.4.1. Research Questions 

The data collected comprised two studies carried out separately and using a mixed 

methods approach, with SD personnel in the first instance, then HNC computing 

students soon afterwards. However, the data from both studies is presented here side-

by-side. Firstly, the quantitative data collected from personality testing with both 

samples, followed by qualitative data collected at interview from both samples and 

investigating problem-solving skills.  

 

4.4.2. Phase 1 - SD Personnel Data 

The initial aim of analysis was to determine whether certain personality types or traits 

were significant within the sample as a whole, and whether these types or traits could 

be associated with role preference, by asking: 

 

To what extent do personality types, traits, or trait groupings and problem-

solving strategy awareness / application, indicate suitability for specific roles 

within the software development industry? 

 

1. How influential are personality types, traits, or trait groupings in 

determining suitability for specific roles within the software development 

industry? 

 

The sub-question is examined here first. 

 

4.4.3. Data Collection - personality 

To attempt to answer this question, a KTS-II personality test was distributed to 

consenting software development personnel participating in the study. Following data 

collection, the personality type for each participant was determined using a Microsoft 

Excel template designed for that purpose. An example is shown in Figure 4.11. In the 

example, the personality is an ISTJ type. 

 



158 
 

 

Figure 4.11 Example of completed KTS-II template 

 

Participant responses to the seventy questions were recorded against each number in 

the template, with a ‘1’ value assigned to each ‘a’ or’ b’ response. The totals were 

calculated at the foot of each column, the higher percentage weighting indicating which 

component of the trait pairing contributed to the overall type. 

 

The KTS-II examines four personality trait pairings: 

 

• Extraversion / Introversion 

• Sensing / Intuition 

• Thinking / Feeling 

• Judging / Perceiving 

 

The four pairs can combine to form sixteen possible personality types, which were 

determined by awarding scores to each pairing, dependent on which element of the 

pairing the participant was more inclined towards. A participant could therefore identify 

as any one of sixteen personality types, although might arrive at a 50/50 score in a 

pairing and therefore find themselves identifying with the characteristics of more than 

one personality type. It was theoretically plausible for an individual to score 50/50 in all 

four pairings, however in this sample, twelve of the fifty-four respondents drew 50/50 in 

a single pairing, with only one respondent split 50/50 across two pairings.  
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In this research, trait deviations were taken into consideration, with the participant 

shown in Figure 4.1 demonstrating highly introverted tendencies (90%). Quite clearly, 

the participant also leans fairly heavily towards the sensing and judging traits (70%), 

although is less inclined towards thinking (60%). 

 

4.4.4. All SD Personnel Responses of Greater than 70% 

Examining all KTS-II questions by trait pairing where the overall sample response was 

over 70% in favour of one particular trait, this was found to hold true for thirty-three of 

the seventy questions (47%). A 70% average cut-off was selected arbitrarily, however, 

seemed a reasonable value at which to set a lower limit. A brief summary of the data 

is given here, however a broader overview can be found in Appendix G, Section 8.7.1. 

With twenty questions per trait pairing, other than extraversion/introversion, which had 

ten, there follows a breakdown of the number of responses over 70% average per trait: 

 

• Extraversion (one – 10%) 

Introversion (four – 40%) 

• Sensing (seven – 35%) 

Intuiting (four – 20%) 

• Thinking (four – 20%) 

Feeling (five – 25%) 

• Judging (seven – 35%) 

Perceiving (one – 5%) 

 

An approximation of trait tendencies can be gleaned from this data, suggesting that the 

average SD participant leans strongly towards introversion, judging, and sensing, while 

thinking and feeling are less strongly favoured, yet significant. 

 

4.4.5. By KTS-II Type 

Whole Sample 

In considering all software development personality types, although a range of 

personality types were observed, some types were more prevalent than others, as 

demonstrated in Figure 4.12. From the chart it can clearly be seen that an ISTJ type 
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was the most common KTS-II personality type in the whole population sample, closely 

followed by ISFJ and ESFJ, with ESTJ ranked fourth. 

 

 

Figure 4.12 KTS-II Personality types for whole SD sample 

 

By Role Preference 

Examining personality types by role preference, although the sample size was not 

significant in any category other than development, and especially small for testing, 

certain personality traits or trait combinations were notable within each of the 

groupings. 

 

4.4.6. Software Analysts – based upon Role Preference Selection 

While there was a balance between introverted and extroverted participants in this 

analysis group, STJ, SFJ and STP combinations make up the majority, with the sensing 

trait very dominant (Fig. 4.13). 
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Figure 4.13 KTS-II Personality type where preferred role is Analysis 

 

4.4.7. Software Designers – based upon Role Preference Selection 

The participants with a preference for a design role demonstrated a broader range of 

personality types (Fig. 4.14). Introversion and feeling were marginally dominant traits. 

 

 

Figure 4.14 KTS-II Personality type where preferred role is Design 
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4.4.8. Software developers – based upon Role Preference Selection 

The ISTJ personality type accounted for a high ratio of those with a preference for pure 

software development. With most responses favouring this category, a broader range 

of personality types were encountered, however the four highest ranking personality 

types were all introverted (Fig. 4.15). The judging trait also appeared dominant. 

 

 

Figure 4.15 KTS-II Personality type where preferred role is Development 

 

4.4.9. Testers – based upon Role Preference Selection 

The testing category received the least responses, and little could be discerned from 

the personality types or traits, other than that the sensing trait was dominant in this 

particular grouping (Fig. 4.16). 
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Figure 4.16 KTS-II Personality type where preferred role is testing 

 

4.4.10. Leaders – based upon Role Preference Selection 

Figure 4.17 indicates the personality types of software development personnel 

expressing a preference for a leadership role. There were clear tendencies towards 

extraversion (62.5%), distinguishing this from other role preferences, while every 

participant in the group possessed the sensing trait, suggesting that this it might be an 

extremely significant trait in leadership. 

 

 

Figure 4.17 KTS-II Personality type where preferred role is leadership 
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4.5. Personality Traits in Software Development Personnel 

4.5.1. Overall Trait Deviation for Full Sample 

Examining the software development personnel sample as a whole (54 participants), 

and considering personality traits in their respective pairs, the average trait deviation 

towards each was calculated, using 50% as a neutral score, so e.g. 100% extraversion 

would count as 50, 100% introversion would count as -50 and a 50/50 split would 

equate to zero deviation. This approach was applied to each participant sampled and 

averaged across each trait pairing. The results are shown in Figure 4.18. 

 

 

Figure 4.18 Software Development Personnel Average Deviation by Trait (whole sample) 

 

If these results can be considered as representative of software development personnel 

in general, then it would appear that the thinking/feeling component is not a particularly 

significant aspect. It would indicate however that software development personnel often 

tend towards introversion, although perhaps more so within specific software 

development roles. Also of note, software development personnel in the sample tended 

quite strongly towards sensing over thinking, and judging over perceiving. This reflects 

the high percentage of responses in the KTS-II questions returning a whole sample 

average value over 70% for those trait pairings (see Section 4.4.4). 
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4.5.2. By Role Preference 

In this section, average trait deviations are considered by individual role preference 

rather than for the whole sample.  

 

Analysis Preference 

The clearest indicator in trait deviation for those who expressed a preference for 

analysis, other than a slight tendency towards feeling, was an overall tendency towards 

introversion (Fig. 4.19).  

 

 

Figure 4.19 Average Trait Deviation for personnel with Analysis preference 

 

Design Preference 

Those with a preference for design showed three clear trait deviations across the 

sample (Fig. 4.20). While there was zero deviation in judging/perceiving, there were 

trait deviations towards intuition and feeling, and as with those with an analysis 

preference, a significant deviation towards introversion. 
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Figure 4.20 Average Trait Deviation for personnel with Design preference 

 

Development Preference 

The SD personnel with a preference for development demonstrated strong trait 

deviations towards sensing and judging, with the highest deviation towards introversion 

of all role preferences (Fig. 4.21). 

 

 

Figure 4.21 Average Trait Deviation for personnel with Development preference 
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Testing Preference 

As with the other role preferences, those with a preference for testing also 

demonstrated a significant tendency toward introversion, with a very high deviation 

towards sensing and a reasonably strong deviation towards thinking (Fig. 4.22). 

 

 

Figure 4.22 Average Trait Deviation for personnel with testing preference 

 

Leadership Preference 

Although this category was not considered prior to data collection, it emerged from the 

data gathered.  Figure 4.23 shows that those with a preference for leadership roles, 

while tending towards judging, demonstrated a very strong tendency towards sensing, 

although not as much as those who preferred testing. Unlike the other roles where 

introversion was significant, those preferring leadership tended slightly towards 

extraversion. 
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Figure 4.23 Average Trait Deviation for personnel with Leadership preference 

 

4.6. Personality Traits in HNC computing students 

4.6.1. Introduction 

The initial aim of analysis with HNC computing students was to determine whether 

certain personality types or traits were significant within the whole sample, and whether 

these types or traits could be associated with categories of problem-solving skill, by 

asking: 

 

What relationships exist between personality types, traits, or trait groupings and 

problem-solving strategy selection in novice computer programming students? 

 

1. How influential are student personality types, traits, or trait groupings in 

determining suitability for specific software development roles? 

 

The key difference between studies was that software development personnel were 

able to express a role preference, whereas role suitability for HNC computing students 

was determined through CPAT performance, a problem-solving test with question 

categories roughly corresponding to the software development roles. 
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With students tested prior to interview, initial analysis examined possible relationships 

between personality (KTS-II) and performance in the CPAT. This would indicate 

whether participants had a likely aptitude for computer programming and whether there 

were any potential connections to personality type or trait groupings. 

 

4.6.2. Data Collection 

The KTS-II personality test was distributed to consenting HNC computing students 

during a lull in induction day activities at Moray College UHI. All students present 

agreed to participate and completed the test simultaneously. One or two students 

asked for clarification of question meaning, but otherwise the process went smoothly. 

The second component of this study (not required of SD personnel), was the CPAT, a 

problem-solving test conducted under formal test conditions and also completed on 

induction day at Moray College UHI. Again, all students willingly consented to 

participate. 

 

Personality data was processed in the same manner as with SD personnel (see Section 

4.4.3). CPAT responses were initially marked according to pre-set difficulty weightings, 

however, initial analysis indicated that the question weightings did not accurately reflect 

the number of correct responses given per question, so the weightings were re-

formulated based upon number of correct responses given. See Appendix H, Section 

8.8.2 for details. 

 

4.6.3. Data Analysis 

Analysis of the KTS-II data was conducted as in the previous study (see Sections 4.4.4 

– 4.52), considering initially question responses where more than 70% of the sample 

had an agreed response, with questions grouped by trait pairing. Participants were then 

split into groups according to CPAT category performance. Personality types within 

each group were considered, followed by an examination of the average trait deviations 

across each category preference. 
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Analysis of KTS-II responses over 70% 

Examining the question responses in the KTS-II for this sample, and applying the same 

cut-off score of 70% adopted for the software development personnel sample, thirty of 

the seventy questions (43%) met that criteria. A breakdown of the number of responses 

over 70% average per trait follows: 

 

• Extraversion (none – 0%) 

Introversion (one – 10%) 

• Sensing (eight – 40%) 

Intuiting (one – 5%) 

• Thinking (six - 30%) 

Feeling (three – 15%) 

• Judging (nine – 45%) 

Perceiving (one – 5%) 

 

There were two clear categories within the trait pairings where the participants 

appeared to favour one trait over another, sensing over intuiting and judging over 

perceiving. However, Section 4.9.1 examines trait deviations in more detail, indicating 

that perhaps there were greater similarities in levels of introversion between the 

samples than apparent when considering them in this manner. 

 

4.6.4. Computer Programming Aptitude Test 

The CPAT was distributed to student participants to evaluate their problem-solving 

skills against twenty-nine context-free programming type questions. The questions 

were divided into four categories, equating to the four roles previously identified within 

software development (Appendix H, Section 8.8.1: Table 40). Within each category, 

questions were weighted according to perceived difficulty level. The weightings were 

assigned in agreement with two computing graduates who piloted the test. It was 

immediately apparent that there was an imbalance in the number of questions in each 

category and therefore in scoring. This issue was resolved by using formulae to balance 

the totals in each category at twenty-five marks each, therefore providing the test with 

an overall achievable score out of one hundred (Appendix H, Section 8.8.4: Table 41).  
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Evaluating the question weightings post-test, it was observed that the ratio of correct 

responses to weightings, matched precisely for the design category questions, but for 

only halve of the development questions, slightly over a third of the testing questions 

and only one of the analysis questions. The weightings were reformulated based upon 

the number of correct responses given by participants and their scores amended 

accordingly. See Appendix H, Section 8.8.4 for details. 

 

4.6.5. Score Rankings 

Table 3 highlights the overall participant scores for the CPAT, categorised by 

percentage bandings of ten. The scores ranged from 11.9% - 63.23%, with an average 

score of 36.8%. Only one participant scored over 60% (6032). 

 

 

Table 3 Overall CPAT scores 

 

The CPAT was fundamental in bench-marking HNC computing participant problem-

solving abilities, categorising them and indicating potentially suitable candidates for 

interview. The test also provided a launching point for interview discussions, aiding 

participant descriptions as they could relate their problem-solving activities to specific 

questions. 

 

4.6.6. By KTS-II Type 

Whole Sample 

In considering all HNC computing student personality types, some types were far more 

prevalent within the sample than others, as shown in Figure 4.24: 
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Figure 4.24 KTS-II Personality types for whole HNC computing sample 

 

Where a personality trait resulted in a 50/50 split across a pairing, 0.5 weighting was 

assigned to each of the possible resulting personality types. This was to ensure that 

the chart fully represented the sample. ISFJ was the most common KTS-II personality 

type in the sample, closely followed by ISTJ, ESFJ and ESTJ. 

 

4.6.7. Personality Type by Category Performance 

For analysis purposes, it was intended to determine the top ten scores in each CPAT 

category and set the cut-off marks accordingly. Because of tied scores, this meant that 

there were actually thirteen participants for testing, fifteen for development, and nine 

for design, where there was a significant gap to the next lowest score (See Appendix 

H, Section 8.8.4: Table 43). 

Analysis 

The personality types of the top ten scoring participants in the analysis category are 

shown in Figure 4.25. The most common types identified were ISFJ, followed by ISTJ 

and ESFJ. The judging and sensing traits appeared to dominate, although introversion 

was also fairly dominant. 
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Figure 4.25 KTS-II Personality Types of Top 13 scorers in CPAT Analysis Category 

 

Design 

While there were fewer participants in the design category, the majority were 

represented by two very similar personality types, ISFJ and ISTJ (Fig. 4.26). These two 

personality types were also most common in the analysis part of the sample. Overall, 

introversion and perhaps sensing appeared dominant in this category. 

 

 

Figure 4.26 KTS-II Personality Types of Top 8 scorers in CPAT Design Category 
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Development 

As with the analysis and design categories, the two most prominent personality types 

in the development category were ISTJ and ISFJ. The types ESFJ, ISFP and ESTJ 

also ranked respectably (Fig. 4.27). The sensing trait appeared most significant in this 

category, with introversion again fairly dominant. 

 

 

Figure 4.27 KTS-II Personality Types of Top 15 scorers in CPAT Development Category 

Testing 

The testing category demonstrated a fairly wide distribution of personality types, 

although ISTJ and ISFJ ranked highly again (Fig. 4.28), as in the other categories. 

Sensing and introversion were once again dominant traits. 
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Figure 4.28 KTS-II Personality Types of Top 10 scorers in CPAT Testing Category 

 

4.6.8. Trait Deviations 

Whole Cohort Trait Deviations 

In order to attain a better appreciation of personality traits as a whole across the 

sample, the relative percentage strength of each participant within each trait pairing 

was considered. As with software development personnel, the average deviation 

towards each trait was calculated, 50% representing a neutral score of zero, 100% 

extraversion equivalent to 50, and 100% introversion equivalent to -50. This approach 

was first applied to the whole sample before applying it to the representative 

participants in each of the four CPAT categories. 

 

Figure 4.29 indicates the average trait deviation across the whole sample of thirty-one 

participants in the HNC computing cohort. As observed in Section 4.6.3, there was a 

slight tendency towards introversion over extraversion, however, significant tendencies 

towards sensing over intuition and judging over perceiving. The deviation in the 

thinking/feeling trait pairing is virtually insignificant, suggesting that it is not a particularly 

important trait in computing students, or at least not in this sample. 
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Figure 4.29 Average Character Trait Deviation across Whole Sample 

 

4.6.9. Average Trait Deviations by CPAT Category 

Having considered average trait deviations for the whole sample and observed that the 

results reflected the observations made in relation to the most common personality 

types within the sample (see Section 4.6.7), trait deviations were then considered for 

each individual CPAT category, examining the top-ranking participants. 

 

Analysis Category Trait Deviations 

In comparison with the whole sample results, those ranking in the top ten for analysis 

demonstrated a much stronger tendency towards introversion and judging, while being 

less inclined towards sensing (Fig. 4.30). 
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Figure 4.30 Average Character Trait Deviation of Top 10 scorers in CPAT Analysis Category 

 

Design Category Trait Deviations 

The top-ranking design participants also demonstrated very strong tendencies towards 

introversion and towards judging (Fig. 4.31). The level of introversion was higher than 

for the whole sample and for any other CPAT category. Also, in contrast with the other 

categories, those in design tended towards feeling rather than thinking. This mirrors 

software development personnel in the design category, who also demonstrated a 

tendency towards feeling, perhaps linking the trait to creativity. 
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Figure 4.31 Average Character Trait Deviation of Top 10 scorers in CPAT Design Category 

 

Development Category Trait Deviations 

Those ranking in the top ten for development, demonstrated strong tendencies towards 

introversion and judging, and a reasonably strong tendency towards sensing (Fig. 

4.32). 

 

 

Figure 4.32 Average Character Trait Deviation of Top 10 scorers in CPAT Development Category 
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Testing Category Trait Deviations 

The top-ranking participants in testing also demonstrated strong tendencies towards 

introversion and judging, similar to those in development. They also exhibited a 

reasonably strong tendency towards sensing and a weaker tendency towards thinking 

(Fig. 4.33). 

 

 

Figure 4.33 Average Character Trait Deviation of Top 10 scorers in CPAT Testing Category 

 

4.6.10. Comparison of Trait Deviations between the two samples 

Figure 4.34 illustrates a comparison of personality trait deviations across both samples, 

with little deviation exhibited in the thinking/feeling pairing between samples, while both 

samples tended strongly towards introversion, particularly the HNC computing sample. 

Both samples also exhibited a strong tendency towards sensing and while the HNC 

computing sample tended very strongly towards judging, the trait was not exhibited 

particularly strongly by SD personnel. 
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Figure 4.34 All SD Personnel V HNC computing Student Personality Trait Deviations 

 

4.7. Triangulation of Personality data 

To address the primary research questions and sub-questions below, a comparison of 

personality test results between the two samples was conducted. 

 

SD personnel 

To what extent do personality types, traits, or trait groupings and problem-

solving strategy awareness / application, indicate suitability for specific roles 

within the software development industry? 

 

1. How influential are personality types, traits, or trait groupings in determining 

suitability for specific roles within the software development industry? 

 

HNC computing 

What relationships exist between personality types, traits, or trait groupings and 

problem-solving strategy selection in novice computer programming students? 

 

1. How influential are student personality types, traits, or trait groupings in 

determining suitability for specific software development roles? 
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As personality data was analysed in three different ways, it was necessary to compare 

the results in the same three ways: 

 

1. KTS-II question response averages over 70% 

2. Personality types (whole sample and by role preference/CPAT category) 

3. Average trait deviation (whole sample and by role preference/CPAT category) 

 

4.7.1. Comparison on KTS-II Questions by similarity of response 

Between the samples, there were no corresponding questions where the response rate 

was over 70% in favour of a particular trait in the introversion/extraversion pairing, 

however, there were matches in the other three pairings.  

 

Sensing (Red) - Intuiting (Blue) category: 

There were a number of corresponding values between the two samples in the 

sensing/intuiting trait pairing. In all but one case, the matching values were in the 

sensing category (Table 4). Excepting question fifty-one, the percentages were all 

higher for SD personnel. 

 

 

Table 4 SD and HNC KTS-II responses over 70% for Sensing/Intuition trait pairing 

 

The highest question response rates in this category were for questions fifty-one and 

fifty-nine. For question fifty-one, the high response rate seemed to suggest that the SD 

personnel sample comprised individuals with a great deal of experience (which was 
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largely the case) and that they knew what to expect. The HNC computing student 

sample seemed also to be very trusting in their experiences, which at 97% appeared 

extraordinarily high. While both samples demonstrated their rootedness in practicalities 

(question fifty-nine), this appeared particularly true for SD personnel, perhaps because 

the nature of the industry necessitates a focus on facts, with little room for ambiguity. 

 

Thinking (Red) - Feeling (Blue) category: 

There were fewer corresponding values between the two samples for this trait pairing, 

evenly split between the thinking and feeling traits (Table 5). The percentages were 

higher for SD personnel in the thinking questions that matched, but higher for HNC 

computing participants in the feeling questions. 

 

 

Table 5 SD and HNC KTS-II responses over 70% for Thinking/Feeling trait pairing 

 

Question four indicates a high tendency towards gentleness in both samples, 

suggesting that few participants would consider taking a lead role or want to be 

authoritative with colleagues or peers. The responses to question thirty-nine leave little 

doubt that those who work in software development are governed by logic and 

understand the importance of logical thinking within their profession. If they value 

sentiment, then it is clearly not within the workplace. The HNC computing student 

sample however demonstrated that sentiment was quite important to some of them, 

perhaps owing to a lack of experience or responsibility. The logical nature of SD 

personnel as demonstrated in question thirty-nine was mirrored in question sixty-one, 

with most swayed by convincing evidence over a touching appeal. This may stem from 

the benefit of project experience and there was a great deal of experience in the 
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sample, recognising that professional software development is a precise and difficult 

process, fraught with risk of failure. 

 

Judging (Red) - Perceiving (Blue) category: 

There were several corresponding values between the two samples for this trait 

pairing, all falling into the judging trait (Table 6). 

 

 

Table 6 SD and HNC KTS-II responses over 70% for Judging/Perceiving trait pairing 

 

There was a seemingly surprising result for question fourteen, with only around 26% of 

the SD personnel sample preferring a work in progress over a finished product, while 

the majority of the HNC computing sample preferred to have a finished product. Student 

reasoning is clear, they would rather have assignments completed and passed, 

however for SD personnel, if a project were to end, then the contract of employment 

might also end, so a work in progress could seem preferable to some. In question 

twenty-eight, both samples indicated being more comfortable after a decision, 

especially SD personnel. This question is somewhat ambiguous, and it is highly 

probable that the participants considered the question as referring to the decisions of 

others, rather than their own. There was a real difference of opinion in the samples for 

question fifty-nine, with HNC computing students very satisfied to have things ‘just 

pencilled in’, while SD personnel were considerably less inclined. This could reflect 

question fourteen in demonstrating the relative youth and inexperience of the student 

sample. 
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The only significant difference between the samples was that software development 

personnel appeared more inclined towards introversion, while there were similarities in 

the other three trait pairings. In the next section, personality types in both samples are 

considered as a whole, then by role preference/category. This is followed by a closer 

examination of average trait deviations, again as a whole and then by role 

preference/category. 

 

4.8. Personality type comparison 

4.8.1. Whole Sample by KTS-II Type 

Figure 4.35 shows the personality types for the whole SD personnel sample. This 

includes 0.5 values where traits were split 50/50. Of the fifty-four participants, there 

were twelve instances where this occurred, and one where a 0.25 value was applied, 

with two traits split 50/50. There were no instances where more than two traits were 

split. Of the sixteen possible KTS-II personality types, thirteen were represented in the 

sample, although five appeared dominant, and the ISTJ type in particular. 

 

 

Figure 4.35 KTS-II Personality Types for whole SD Personnel Sample 

Figure 4.36 indicates the personality types found in the whole HNC computing sample. 

Again, where a trait was split 50/50, a 0.5 value was applied. This applied to twelve of 

the thirty-one participants and there were no participants with more than one trait split. 

Ten KTS-II personality types were represented. 
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Figure 4.36 KTS-II Personality Types for whole HNC computing Sample 

 

The four highest ranking personality types found in both samples corresponded. 

These were: 

 

• ISTJ (21% of SD personnel, 22% of HNC computing students) 

• ISFJ (14% of SD personnel, 28% of HNC computing students) 

• ESFJ 13% of SD personnel, 12% of HNC computing students) 

• ESTJ (12% of SD personnel, 12% of HNC computing students) 

 

These four personality types accounted for 60% of the SD personnel sample and 74% 

of the HNC computing student sample. The four types combine to form the guardian 

temperament. 

 

4.9. Personality by SD Personnel role preference versus HNC computing student 

CPAT performance 

The role preference of SD personnel and the HNC computing student CPAT category 

performance, were used to classify participants into four corresponding groups; 

analysis, design, development and testing. In this section a comparison is drawn 

between the personality traits found in each of the corresponding groups. 
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4.9.1. Comparison of personality types, traits and trait groupings between samples 

The following section compares the personality trait deviations in software development 

personnel with those of HNC computing students, considering the following research 

question: 

 

1. What similarities are there in personality type, traits, or trait groupings, 

between novice computing students and software development 

personnel that can be associated with a specific software development 

role? 

 

Analysis 

Figure 4.37 gives a comparison of the trait deviations in the two analysis groups. A 

negative value indicates a deviation from zero towards the right-hand of the trait pairing, 

and a positive value towards the left-hand trait. 

 

 

Figure 4.37 Average Trait Deviations for Analysis Preference across both samples 

 

In the two samples there was a fairly significant and almost equivalent deviation 

towards introversion. In the sensing/intuition pairing, both samples tended towards 

sensing, with software development personnel, less inclined. Software development 

personnel also appeared much less inclined than the student sample towards judging 

over perceiving, with a significant difference between the samples in this trait pairing. 
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Design 

Figure 4.38 shows a comparison of the trait deviations in the two design groups. There 

appeared to be significant differences in personality traits between the student and 

software development personnel samples in the design category. There are a few 

potential explanations for this. Firstly, the student sample generally performed poorly 

in this question category, perhaps because the questions were more difficult than those 

set for the other categories, or required problem-solving skills which the students in the 

sample were mostly lacking. The differences between traits could also indicate that the 

CPAT design category questions were unsuitable for appraising this skill. 

 

 

Figure 4.38 Average Trait Deviations for Design Preference across both samples 

 

The data suggests that software development designers tend towards introversion as 

did analysts, although less so than the HNC computing participants performing best in 

this category. Software development personnel also demonstrated slight tendencies 

towards intuition and feeling while the judging/perceiving trait appeared insignificant. 

The only matching trait between the samples was in thinking/feeling, with both being 

inclined toward feeling. 
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Development 

Figure 4.39 shows a comparison of trait deviations for the two development groups. 

Perhaps unsurprisingly, the larger proportion of both samples expressed an interest in 

the coding aspect of software development. Software developers talked passionately 

about their role at interview and the development category of the CPAT saw students 

attain the highest scores. 

 

 

Figure 4.39 Average Trait Deviations for Development Preference across both samples 

 

The trait averages in both samples demonstrated remarkable similarities, with high 

levels of introversion notable and almost identical. Both samples registered highly in 

the sensing and judging categories, while a small difference in the thinking/feeling trait 

suggested that the trait pairing is less significant. 

 

Testing 

Figure 4.40 shows a comparison of the trait deviations in the two testing groups. 

Although the proportion of software development personnel expressing a preference 

for testing was relatively small in comparison with other role preferences, in comparing 

the two samples, there were similarities in three of the four trait pairings. 
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Figure 4.40 Average Trait Deviations for Testing Preference across both samples 

 

Only the judging/perceiving pairing demonstrated a significant difference between the 

two groups. As in development, a preference for testing corresponded to relatively high 

introversion levels and sensing in particular, while the thinking/feeling and 

judging/perceiving pairings appeared less important. 

 

Leadership 

Of the fifty-four SD personnel completing the KTS-II, eight identified as having a 

preference for a leadership role. Appendix H, Section 8.8.4: Table 48 indicates the trait 

deviations of those so inclined. Those with a leadership preference registered highly in 

the sensing trait, perhaps significant when dealing with clients or managing a team (Fig 

4.41). 
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Figure 4.41 Average Trait Deviations for Analysis Leadership Preference in SD personnel sample 

 

Unlike other roles, which tended strongly towards introversion, those with a leadership 

role preference tended slightly towards extraversion. There was also a distinct 

tendency towards judging, with the thinking/feeling trait appearing relatively 

insignificant, mirroring the other roles. 

 

In review, the sensing trait appeared strongly associated with all five role preferences, 

although it was highest in testing and leadership. The feeling trait was strongly 

associated with design, but borderline in all other roles, suggesting a weak significance 

to any trait other than design. The judging trait appeared strongly associated with all 

roles, although particularly dominant in analysis and development. All role preferences 

demonstrated a moderate to strong tendency towards introversion, except for 

leadership. The similarities between the two samples are apparent, except for in 

design, although in comparing the majority of trait pairings, HNC computing participants 

consistently demonstrated stronger tendencies than SD personnel. 

 

4.10. Qualitative Data - Interviews 

4.10.1. Introduction - Problem-solving 
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computing students, interviews were conducted with representative from both samples. 

SD personnel were self-selecting, while HNC computing participants were selected 

based on their CPAT performance and other related criteria (see Appendix I, Section 

8.9.1). The purpose of interviewing was, initially, to establish the nature of the problem-

solving skills found within each of the four identified roles, in terms of acquisition, 

selection, application and awareness. Interviewing HNC computing participants 

performing well in each of the four question categories that corresponded with the four 

SD roles, it was aimed to determine whether they already possessed similar 

perspectives on problem-solving acquisition, selection, application and awareness, to 

SD personnel. 

 

4.10.2. SD Personnel Interviews 

Interviews were conducted with twenty-three software development personnel. The 

purpose of the interviews was to address the following research question and sub-

question initially: 

 

To what extent do personality types, traits, or trait groupings and problem-

solving strategy awareness / application, indicate suitability for specific roles 

within the software development industry? 

 

2. How do software development personnel recognise, acquire, select and 

apply problem-solving strategies? 

 

4.10.3. Interview Questions 

To address the sub-question shown above, the following primary interview questions 

were put to interviewees: 

 

• What do you consider to be the most important skills for solving complex 

problems? 

• How did you acquire your problem-solving skills? 

• When faced with a challenge, what steps do you take to prepare for it? 



192 
 

• What steps do you take when addressing a complex work-based problem? 

• Are there any specific problem-solving strategies you consciously apply? 

o Can you describe them? 

• When you are unable to overcome a complex problem on your own, what 

steps would you take? 

 

4.10.4. Interview preparation 

Objectively, the SD personnel sample was self-selecting. Participants in various roles 

and at various companies volunteered to be interviewed, either prior to, or on the day 

that the interviewer visited the location. In some cases the personnel involved opted to 

complete the personality test immediately prior to, or after interview. Busy interview 

schedules meant that the interviewer/researcher had no knowledge of individual 

personality types at the time of interview.  

 

For analysis purposes, interview participants were split into groups based upon role 

preference. Two participants expressed an interest in all aspects of software 

development from start to finish, and although two other participants were subsequently 

considered to be indirectly involved in the development process, their comments where 

relevant, were still considered. For each role preference, four categories of problem-

solving were evaluated; application, acquisition, awareness and selection (handling 

complex problems). 

 

4.11. Problem-solving with SD Personnel 

4.11.1. Analysis Role Preference 

 

As anticipated, participants expressing a preference for analysis largely considered the 

application of their problem-solving skills from that perspective. In the course of 

interview, SD personnel participants provided rich detailed descriptions concerning 

their real-life application of problem-solving skills in analysis tasks. 
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Problem-solving skills application 

The first question put to participants was: 

 

• What do you consider to be the most important skills for solving complex 

problems? 

 

Participants outlined a number of skills. These were categorised as follows: 

 

Communication 

Participant 7002 highlighted client communication in determining requirements 

specifications; “they can say, yes, that’s what we were asking for, and you can deliver 

on that. It’s really, skill to listen and understand what folk are looking for.” Participant 

7020 was also client-focussed, indicating that, it was “a communication skill” requiring 

“as much engagement through the process with the client as possible!”  

 

Decomposition 

Participant 7002 considered a decomposition approach, as “the ability… not only to 

understand the objective, or the requirements that… somebody’s trying to achieve, but 

how it’s doing it and the technical details, and you need to understand every level”. 

7002 added; “At one side you’re looking at everything from above. The other side you’re 

looking at the detail from the other end of the product.” Participant 7003 considered 

capability the priority, the need to “know what the possibilities are and what you can 

do… the software you can develop with… what tools are available and what you can 

do with them. But then, also being able to understand what the user is asking for”. 

Participant 7004 regarded decomposition as “analysis for understanding the problem, 

then… certain… creativity, for coming up with a solution” 7006 also highlighted 

analytical skills, mirroring the views of 7002 on capability; “analysis is really important, 

and being realistic about what is achievable, the ability to understand “can it be done, 

with what resources we have?”” 
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Logic and Visualisation 

Regarding logic, participant 7009 proposed the need for logic in decomposing 

problems; “you need a pretty logical mind to be honest, to be able to break something 

down into bite sized chunks”, and also; “you’ve got to have a curious mind as to how 

things work… and want to solve problems”. From a visualisation perspective, 

participant 7020 described a graphical process involving the client; “initially it would be 

wire-framing, which again is just part of that interaction and then gradually doing the 

build!” 7020 suggested that “one of my key skills actually, is graphical, but I guess 

outlining the process” and also in defining “the user journey… and… how it's actually 

going to be used in practice!” Moving towards a detailed perspective, 7020 indicated “I 

tend to also use prose as a narrative of how it's going to work! A ‘day in the life’ type 

scenario! So when we get into the design, I suppose I'm very much list-based to be 

fair!” The same participant also highlighted the importance of being able to identify what 

comprises the core elements of a project; “that sense of what's the minimum they can 

get away with to start using this, or at least start testing it?” 

 

Problem-solving skills acquisition 

The participants proposed the following possible sources for the acquisition of problem-

solving skills: 

 

Experience and Education 

Highlighting the value of experience, participant 7020 suggested that; “I probably 

learned through experience to some extent and I’ve kind of looked for solutions and I 

think that again is something I maybe didn't give much credence to as continuous 

professional development really you know, looking for things like the ‘Agile’ 

methodologies and using different tools and different prototyping tools!” Participant 

7003 proposed that their degrees studies may have helped in the development of 

problem-solving skills; “Maths and computing, so you’ve done some problem-solving 

strategies”. Participant 7004 also cited degree studies as a possible source; “my degree 

was in mathematics… so it’s a problem based thing. Also, I was drawn to that you 

know, and I guess maybe that helped… especially with some of the technical 

programming we’re doing. There is maths involved in it anyway.” 
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Natural Ability 

The notion that “it’s innate in human nature… to be a problem solver… some people 

run faster than others, some people solve problems better than others”, was proposed 

by participant 7004. This belief aligned with that of participant 7006 who suggested that 

“some people have that kind of aptitude… got them when they arrive, because they’ve 

been kind of dabbling about and doing things themselves”. 7006 added; “other than 

that… they’ve probably got to watch how someone else does it and see how they 

handle it.” Participant 7009 also proposed an inherent natural problem-solving ability; 

“I think maybe an intrinsic approach people will have… something they grow up with 

and they develop themselves. It becomes part of their personality, and I think there are 

people who are more natural developers than others.” 7009 also proposed; “there's 

maybe… a… visionary, in people who are more the analytic side of things, who will 

quickly understand the problem and… spot the best way out of the woods, in the 

quickest time!” and in a personal sense; “being able to empathise and understand the 

problem. That’s something which I think has always been more natural.” 

 

Music, Gaming and Disassembly/reassembly 

“Playing musical instruments…” was proposed by participant 7002 as one way in which 

problem-solving skills might be acquired, adding; “…which is something I do!”  Hinting 

at a possible preference for strategy-gaming, participant 7009 indicated; “I can play 

chess… I would say I had an interest in these things, but no more than just a kind of 

generalised thing.” Participant 7002 preferred puzzle-gaming; “like ISIS exercises for 

the brain, crosswords and that sort of thing, puzzles… codes and cryptography”. 

Participant 7002 indicated an early interest in; “Lego, as a child… building things… 

solving problems, and you get from this pile of plastic to the end product.” Participant 

7009 also expressed an interest in disassembly/reassembly; “It's the usual kind of, give 

a kid a broken radio and a screwdriver. You’re happy to take things apart, see if you 

can put them back together again. If they still work, then great.” 

 

Problem-solving skills awareness 

A common theme across the whole sample was a lack of awareness of problem-solving 

skills, owing to a lack of formal problem-solving training. The participants described 
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certain techniques and where they might have obtained them, but few could name any. 

Participant 7009 did not see any value in formal problem-solving training, suggesting; 

“you evolve into your own versions of these things… over time, and I think maybe just 

experience… you'll vary it depending on the audience, depending on the people you're 

dealing with.” Asked if they could consciously name any problem-solving strategy they 

used, participant 7002 replied; “I would say no in answer to that”, proposing; “my formal 

degree course; XXXXX (subject area). Fundamentally it is problem-solving, the whole 

thing.” 

 

Visualisation and Decomposition 

Participant 7004 described using a visualisation technique; “I like to draw little boxes 

with the various bits and pieces in them… just to map out relationships between 

different components.” Like the other participants, 7006 indicated no awareness of 

specific problem-solving strategies, but accurately described decomposition; “I don’t 

know about any formal ones. My basic one is really to just try and really understand the 

problem and break it down into bits.” Participant 7003 also noted a lack of formal 

awareness; “after 25 years I don’t think about what strategies…”, however then went 

on to describe decomposition; “you just try and break the problem down and… work 

through the steps”. 

 

Trial and Error 

“There’s no formal approach to problem solving!” suggested participant 7004, who then 

identified a specific strategy; “it tends to be trial and error… it’s not until you start… 

coding, that you actually start to… the mists clear a little!” Participants 7020 also 

claimed; “I probably don't know any specific problem-solving strategies”, but added; 

“what we're doing is very iterative you know… effectively trial and error to some extent!” 

7020 proposed that; “it is just intuition I guess” and that; “when I come back from a 

holiday… there’ll usually be three or four little things sitting there, and… you kind of just 

know where the fault might be!” The need to somehow document unconsciously applied 

techniques was a concern to 7020, who noted that, it was “a problem actually for the 

company that I hold a lot of that stuff in my head… my kind of knowledge of where 

things are and what they do and how they work, I've been trying to lay out!” 
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Encountering complex or difficult problems 

When it came to planning how to tackle a complex problem, those in the analysis 

category proposed a number of techniques:  

 

Decomposition 

Describing the problem-solving process, participant 7002 indicated “it’s about being 

formulaic in setting out the objectives and making sure that you’ve got things in buckets 

to deal with… I’ll get several sheets of paper… write a heading on each and start to 

break down… which parts, which components are related to each other.” 7002 also 

highlighted the need for a clear understanding of the requirements specification; “with 

a complicated product, you simply need to do that to keep control of what’s happening, 

but you’ve also got to communicate that to other parts of the project… you need to 

understand in your own mind, exactly what it is your doing”. Participant 7003 proposed; 

“breaking it up into manageable chunks…. to make sure you can deliver it, and if there 

are discrete bits that you can work on separately, then you do that.” 

 

Visualisation 

Understanding the nature of the system under development and being able to 

communicate that information to a client, was key for participant 7002; “Put it on a 

whiteboard. Force yourself to try and explain what it is”, adding; “I do mind maps for 

myself… I find that helps... because it’s a good starting point… but then you… need to 

do that… to have a productive discussion with someone. If you can’t explain something, 

it means you don’t understand your situation.” 7002 viewed documentation as a critical 

element in explaining the purpose of the system; “during the project, or at the end… 

when you actually get these things out of your head. Once they’re on paper in the 

document, that’s it, you can forget it.” To aid initial analysis, 7009 suggested; “we can 

simply take a room like this with a flip chart and Post-it notes, and… break the problem 

down, we’ll create a flowchart out of Post-it notes… and people never… initially 

envisage the whole problem and all the steps, so Post-it notes are great for moving 

around”.  
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Participant 7004 elaborated on a visualisation process as part of analysis/design, 

indicating that they would “work on it with pen and paper… to visualise the problem, or 

visualise solutions” and “tackle it as a whole… to try and see the… shape of the 

solution… the… design if you like, the bits and pieces and how they’re all going to fit 

together.” The design process outlined by participant 7006 included a graphical 

element focussed on data flow; “paper-based… look at data flow, what’s coming in… 

what comes out and what the process is, and then break it down.” The importance of 

drawing out a detailed specification from the client was highlighted by 7009; “it helps if 

you can get the person to document, whether it's in a textual fashion or putting together 

a flow chart… and together you kind of, you create the “as is”, to understand what the 

current picture is.” In moving to the design phase 7009 proposed going “to a more 

involved, text-based… document or… supporting documents information, but… 

initially, doing something graphical definitely does help to get the problem at a 

reasonably high level over, and then that can be broken down into much lower levels”, 

observing however that; “if you get a document which is maybe overly technical, some 

people just won't digest the information.” 

 

Communication 

Core product development was a priority for 7003; “work on the client’s priorities… what 

they see as the more critical bits”. Participant 7006 proposed that it was important to 

“definitely find out exactly what it was meant to do. We’re doing really complicated 

algorithmic stuff.” Participant 7009 echoed the approach of 7006; “it's getting the 

understanding, the scope of the problem. Is it something new that's to be developed, 

to do something that's not been done already?” Participant 7020 also perceived client 

interaction as key to problem-solving, suggesting that; “if you can work closely with a 

client when you are encountering difficulties, it becomes a shared problem! I think 

information is key… keep people updated! If there’s silence! They don't see anything… 

hear anything and it doesn't matter how busy you've been!” 

 

Use Internet 

In handling complex problems, participant 7003 proposed utilising Internet resources 

effectively; “research basically, nowadays you would Google it I suppose”, although 

“you probably do tend to stick with the answers from the sources that have provided it 
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before, because you… start trusting them.” Participant 7004 proposed that “online 

resources are extremely valuable” and “for smaller issues… I’m online all the time”. 

When it came to finding technical solutions, 7009 contended; “you can easily spend the 

day trying to solve a problem when… on the Internet, in five minutes you could have 

the solution. So, it's maybe not as much fun taking the Google route, but it's more 

economical and makes more sense, it's more efficient.” Participant 7020 stated; “you've 

got ‘Stack Overflow’ you know, as your constant companion… it's fantastic… as a 

resource”, also claiming that; “I pride myself on being a master of Google… in terms of 

finding solutions to just about any known programming problem!” For 7020, the key to 

locating useful information was “knowing what to put into Google! And I think that 

maybe again, that's part of experience!” 

 

Get Help 

In encountering difficulties, 7003 proposed; “asking somebody that you worked with, if 

they’d got an idea, or come across similar problems, and how they worked on it and 

worked out what to do” and “you need to get help from the right place and… not being 

afraid to admit that you don’t know everything, because nobody does!” For difficult 

problems, participant 7004 proposed; “try and make use of other people in the team”, 

but “you’ve got to ask somebody you think knows something… perhaps more about it 

than you do.” 7004 suggested seeking external support if necessary; “we’ve had to… 

go outside… go to an expert that we could find, to see if they would help or collaborate.” 

7006 also noted the importance of fostering links with specialists; “we’ve actually got a 

few folk who we’ve got some kind of association with, you know, kind of research guys.” 

Participant 7020 bemoaned the lack of access to specialist help; “having a team would 

help… a bigger team, because you may get more experience… you could have a 

specialist!” 

 

4.11.2. Design Role preference 

Only three interviewees indicated a clear preference for the design aspect of software 

development, perhaps because, unlike other SD personnel, their current roles were 

specifically design focussed. 
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Problem-solving skills application 

The design participants appeared to approach problems in ways that differentiated 

them from SD personnel in other roles: 

 

Planning 

Participant 7010 first considered technical requirements; “I need the actual 

programming and the equipment. Then I need to go investigate it, then do a lot of plan 

work on it.” The design process itself was described by 7010 as “almost like trial and 

error, seeing… that goes there… and that goes there, to start off with. So I plan it out. 

If that's working, then I go and do more, so it’s a lot more planning, and then it’s basically 

trial and error. I think I have to trial and error it because, I think outside-the-box… I’ve 

got to make it look organic.”, however “when I’m doing… a heavy database driven 

website… I have to look at the technical aspects, look at how each of my database and 

tables are actually mapped to each other”. 

 

Visualisation 

The necessity of preconceiving a series of actions and respective reactions was 

proposed by 7014; “the ability to be able to see beyond just the immediate problem, 

especially in programming, because… there’s a lot of knock on effects… you do one 

thing, then you're not really entirely sure how that might impact something further down 

the line. So you kind of always have to keep another eye on that. That's something that 

I've kind of learned the hard way!” Participant 7014 outlined a very loose approach to 

problem-solving; “I'm not very methodical! It's more sort of, taken from an angle that I 

think might work!” and “I don't usually plan unless I'm told to!” 

 

Creativity 

As with participant 7010, participant 7015 highlighted necessary design skills, 

particularly trial and error; “you certainly need a creativity, but you need to be able to, 

not just approach a problem in a straightforward way, but try and come up with different 

solutions to it and be willing to experiment. Also, be willing to realise that your ideas are 

terrible and throw them out the window!” 7015 added that “you have to have the 

patience to test, redo, again and again!” 



201 
 

Problem-solving skills acquisition 

In considering skills acquisition for design, participants in this category were far more 

inclined to suggest that natural ability or talent was necessary: 

 

Natural Ability 

Participant 7010 suggested that for “CSS (Cascading Stylesheets), it has to come 

natural… database driven, yeah, there is a very much a linear line”. 7010 also proposed 

that “doing the design of a website and CSS, you've got to think more artistically and I 

think that comes from your own personality… I think that's natural!” Participant 7015 

echoed that opinion, suggesting; “you have to be able to enjoy it enough to want to 

practice and gain experience, so maybe there's some kind of natural inclination in 

there?” cautioning however that; “my natural inclination as an artist was pretty much 

just to make things look good, but there's so much more to actually doing it as a job in 

a practical sense”. 

 

Self-taught 

Participant 7014 claimed to be “mostly self-taught! I don't think I learned a lot from 

teachers or University, as much as I did by being interested in certain things and just 

sort of finding out myself!” 7015 concurred; “it's definitely something that you pick up 

more with practical tasks than, certainly with my University”. In relation to work 

activities, both participants gave similar responses, 7014 indicating they had “learned 

things through work, but again a lot of it has been learned on my own sort of initiative, 

rather than having any formal training!” For 7015 the problem-solving challenge was a 

motivating factor; “there are lots of different ways of thinking about problems or puzzles. 

I do tend to think of my job as puzzles to solve!” adding however; “I wouldn't say I really 

learned to think about it as… a kind of problem-solving or puzzle-solving, until I actually 

had real world experience!” 7015 also contended that their skills were “skills that I’ve 

taught myself, through tasks that I was given or challenges that I was given… then I've 

taken my own initiative to kind of improve my ability to do those things”. 
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Problem-solving skills awareness 

Trial and Error 

For participants expressing a design role preference, the inclination was primarily 

towards trial and error. 7010 indicated; “It's a trial and error approach, that's how I work. 

I sort of live or die by the sword on that one.” 7015 suggested; “there’s more error as 

you start out obviously! You learn better ways to do things always, but… technology’s 

always evolving, so you get better at approaching problems and thinking about ways 

to solve them, but you're always presented with new problems. It's never not 

challenging!” Participant 7014 however, suggested; “my usual route is to find my own 

way of doing it that makes it easy for me really!” 

 

Encountering complex or difficult problems 

The processes outlined by participants for tackling a design-based problem appeared 

very similar, even though the participants worked at very different organisations.  

 

Planning 

On planning, participant 7010 claimed; “I plan, write up… then I… start quickly mocking 

up… check it, that's working… slowly building up the whole project rather than going 

fully into it”, however, contradictorily indicated; “but it's virtually just ‘Notepad++’, and 

go in all old school… rather than doing it on paper.” 7014 outlined a similar approach; 

“sometimes I draw things, but not very often! It's usually stuff that's in my head... I type 

it out quickly… lists yeah! I don't really follow much pattern!” 7015 proposed to; “do 

some research on what's already been done in similar platforms or something like that”, 

leading into “doing mock-ups… very simple, not getting into the details… and now I'm 

also kind of more familiar with how other people have approached the problem.” 

 

Visualisation 

Like 7010, participant 7014 suggested adopting a structured approach, then outlined a 

more organic process; “literally my thoughts as I think them… I like to get stuck in as 

soon as possible and then worry about problems later”. Participant 7015 outlined the 

most structured approach; “step one… get a notepad or something and sketch out all 

the ideas I just have in my head. Immediately!” followed by “lists, doodles… bad 

doodles mostly, that only make sense to me”. 
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Use Internet and Get Help 

Participant 7010 suggested that with difficult problems; “if I couldn't do it by myself, I’d 

first outsource to the Internet. Google’s search engine and everything like that.” 7014 

indicated that their only recourse was to “do a Google search and hope that someone's 

had the same problem as me!” If stuck on a difficult problem, participant 7010 

suggested; “I’d seek information from the other guys who would have done it before… 

so we bounce ideas back off each other”. 7014 suggested that their role was so 

specialised, “there’s nobody to turn to! If I have a problem I have to figure [it] out myself”. 

 

4.11.3. Development Role preference 

The largest proportion of SD personnel expressed a preference for a development role. 

Nine of the twenty-three interviewed were so inclined. 

 

Problem-solving skills application 

In describing the application of problem-solving skills, the participants with a 

development preference outlined fairly similar approaches: 

 

Planning 

Professional experience had led participant 7016 to adopt a more structured approach 

to problem-solving; “I do like structure and… I am quite systematic in my approaches, 

but… maybe I've taken it more on as I’ve moved into professional life”. 7016 added; “I 

like to dive in methodically! I’m very thorough, when it comes to coding practice and 

stuff! Logical! I think I’m nothing more than scientific!” 7017 suggested “it's all kind of 

logic and being methodical, trying to take every possible input into account… to plan it 

out, think it through in your head before writing anything!” The dangers posed by a lack 

of planning were highlighted by participant 7017; “if you just jump in, you’ll find yourself 

problems later!” 

 

Pattern-recognition 

Participant 7021 conveyed a general disdain for most design approaches, comparing 

software development to pattern-recognition in music; “I play the pipes! Music is about 

a sound! Why should it be on a sheet of paper? You're putting an extra layer in between, 
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which is great for communication, but that's the same… pipe music is object-oriented!” 

7021 added; “In pipe music you would have a set of patterns… you're not going to 

reinvent this every time! And it’s object-oriented because it's made of smaller 

components! And instead of actually reading it, you learn it by heart, you just practice, 

practice, practice! I find that the same with coding!” A pattern-recognition approach to 

decomposition was also suggested by 7022; “you need to be able to 

compartmentalise… pick things apart, constituent parts. Look for patterns… 

recognising something that you’ve seen elsewhere before and what the pattern is that 

you’re going to then apply!” 

 

Decomposition 

A number of the participants outlined a decomposition approach. 7001 proposed 

tackling “the problem as a whole, and rather than break it down piece-by-piece, I’d tend 

to break it down step-by-step”. 7011 preferred “being able to approach it from different 

angles”, but also “being able to see the whole picture as well, is really something that's 

quite useful!” Participant 7012 described a bottom-up decomposition approach; 

“whatever the problem is, you need to break it down into small chunks… then you move 

on and… combine them all… just gradually build it up that way!” 7019 favoured a similar 

approach; “you’ve probably heard of the distinction between bottom-up and top-down 

problem solving? Almost to a fault, where I can spend too much time trying to come 

right up from the bottom!” 

 

Visualisation 

Participant 7001 indicated; “being able to visualise the problem… jotting it down in the 

various different stages, of how I anticipate solving that problem… I usually resort to 

graphics in and applied to a real-world situation, to get to the resolution.” 7001 also 

contended that; “I quite often find that the more complicated the problem is, the easier 

it is to visualise the solution graphically?” The value of “imagination” and “creativity” 

were proposed by participant 7005 as desirable traits for problem-solving. Participant 

7016 highlighted problems stemming from an inability to visualise an end product; “I 

definitely like to have a vision of what I'd like to see at the end of a process… there's 

nothing worse than being halfway down a path then realising that it's not going to work 
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out!” For participant 7021, the key to visualising a solution was to; “just walk and think… 

and suddenly, that's it, you know! I don't know what triggers it! I come back, I start 

coding and you start unravelling it” and subsequently; “I'm coding in my head, I can see 

the lines!” 

 

Problem-solving skills acquisition 

While some participants with a preference for development attributed their problem-

solving skills to education or having worked with experts, a number considered 

problem-solving ability as a naturally inherent trait. A good proportion of participants 

were either self-taught or had expressed an early interest in 

disassembling/reassembling objects, or puzzle-based or strategy-based games, as a 

key catalyst in developing their problem-solving skills. 

 

Education 

Some participants with a preference for development work suggested that their 

problem-solving skills might have been acquired through education. Participant 7016 

claimed; “my skills are definitely from education, but my style definitely reflects my 

personality!” Participant 7017 directly linked problem-solving skills to education; “a bit 

like a duck to water, if you’re… good at more maths-based subjects… the kind of just 

A to B to C, logical kind of flow! I just always found maths kind of technical subjects a 

bit friendlier… where there's going to be a right answer!” Participant 7022 linked their 

problem-solving ability to degree studies; “things from the early days of working that 

you know, I would still apply the same principles, in terms of diagnosis and testing”, 

adding; “you can't go wrong with mathematics I guess!” 

 

Natural ability 

On acquiring problem-solving skills, 7001 claimed; “from my experience, you’ve either 

got them or you haven’t!” adding; “if you don’t have the ability to solve problems, then 

if your mind just isn’t what I would tend as the artists of the World, you may not have 

the same ability to solve practical skills as engineers”. Participant 7005 was less certain; 

“how do you acquire creativity? I don’t know if he’s born with it. You could teach 

yourself!” 7011 suggested; “to a certain extent they could probably be taught, but… if 
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they're there already… you've obviously got a head start”, adding; “obviously if they're 

natural, then that’s an advantage!” Participant 7012 adopted a similar perspective; “it's 

probably something… you could learn! It may be something that some people do 

have… affinity with initially.” 

 

Self-taught / Learning from Experts 

Participant 7011 considered that; “as things progress… you check for tutorials on the 

Internet and YouTube videos… it’s all virtually self-taught.” Participant 7022 outlined a 

similar, although earlier, self-learning process; “my interest as a child was computers… 

from early doors I was interested in those kind of things! It would have been nineteen 

eighty-two that I got my first computer, first started coding!” Participant 7001 indicated 

the benefits of working with an experienced professional; “in my previous job I worked 

in a team… pair programming with one of my colleagues, and I really thought it was 

going to be the worst thing that ever happened to me, but actually I really enjoyed it. I 

saw a completely different side of programming and it helped me develop personally, 

my own coding standards, to use a more professional approach to programming.” 

 

Disassembly/Reassembly 

Two participants indicated that their problem-solving abilities had stemmed from of an 

early interest in engineering. Participant 7001 claimed; “I was always going to be an 

engineer… I’d be taking things apart and putting them back together again” 7021 

expressed a similar early interest in how things worked; “from the age of ten… a bike, 

dismantle the whole bike right down to the last nut! Clean everything, put all the wheel 

bearings back together… that was my approach! So it's OTT, but that's the way!” adding 

that; “I couldn't see anything without having to think I could make that better and be 

ready to dismantle it and put it back together, better!” 

 

Puzzle-gaming or Playing Music 

An early interest in puzzle-based or strategy-based games, was considered by some 

participants as having helped develop their problem-solving skills. 7005 recalled; “I 

quite enjoyed puzzles… I think it might have enhanced my problem-solving skills… 

whether I had the skills before I liked puzzles… I don’t know.” Participant 7011 indicated 
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a keen early interest in strategical challenges; “I was always quite into strategy games, 

like real-time strategy… where you've got to think a bit more. I was into chess as well 

when I was younger!” 7019 preferred puzzle-based games; “my favourite game of all 

time is one called ‘Luminesce’… which is like a variant on the traditional ‘Tetris’ block 

puzzle!” As with participant 7021, who compared bagpipe music to object-oriented 

programming, 7017 made a similar comparison; “music and stuff… there's lots of 

patterns and numbers in that as well, that I think is relevant!” 

 

Problem-solving skills awareness 

Like the other participant groupings, none of those expressing a preference for 

development could consciously name a problem-solving technique that they regularly 

used, although many outlined known techniques. These were principally trial and error 

or decomposition. 

 

No Awareness 

On knowledge of problem-solving strategies applied, participant 7001 claimed; “I don’t 

think there’d be anything recognised… you know what it’s like in software. Someone’s 

always giving these things a name, an official name, but, not consciously.” 7005 

concurred, suggesting; “I’ve been doing it for so long that I’ve internalised it all.” 

Participant 7011 expressed a similar lack of awareness; “not that I’m consciously aware 

of!” as did 7012; “not that I could explicitly say; “I always try this sort of methodology!”” 

7012 also indicated, that it was “not a conscious process… I don't have a set procedure 

or anything like that I follow!” Participant 7017 was aware of having a logical approach, 

but could not name or articulate it; “on a day-to-day basis I'm not like really consciously 

thinking about it! I'm just cranking the same steps”. An unconscious approach was also 

outlined by 7019; “for a discipline like this, that people think is mechanical, there's a lot 

of just implicit things that you've built up, and you've never really been asked to 

articulate them, so it's quite hard to!” Participant 7022 also had difficulty articulating the 

problem-strategies they applied; “I wouldn't be able to say to you “this is what I'm doing”! 

I know in my mind what I do, what kind of things I like to apply… and usually it's quite 

obvious when it's not working!” 
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Decomposition 

Unable to name any specific problem-solving approach, participant 7017 described 

decomposition; “if it's something I'm less sure of, I’ll do things in smaller steps, like write 

a chunk of code, check it's doing what I think… build up from there!” noting however, 

that “it can take a bit longer… that kind of bitwise, step-by-step kind of approach!” 7021 

outlined a similar approach; “chop it into small bits, say “right, isolate that bit that doesn't 

work, this button works, yeah OK, the function works, but what am I getting out of it?” 

 

Trial and Error 

A trial and error approach was described by 7005; “I’ll just start and do something and 

then come to a tricky bit… think about it… try something and hope it works”, adding; “I 

don’t like designing up front anymore, so… if I’ve got a feeling early on of where I’m 

going, I’m going to go for it.” 7011 described a similar process; “if it's something I'm 

completely inexperienced with… trial and error is probably the go to!” This approach 

was echoed by 7016; “I am quite big on trial and error… every time I move to a new 

project… quite often trial and error from the previous [project] leads to me being able 

to jump directly to the correct solution!” Participant 7021 indicated the potential 

frustrations arising from a trial and error approach; “like everybody else, I just do the 

monkey stuff! I'll be clicking ten times and changing and rebooting and putting my 

coding in and saying “why doesn't it work?” And then I'll stop, have a coffee or a walk, 

whatever! Come back, say “right, start from scratch again”. 

 

Best Fit 

In approaching novel problems, two participants indicated the importance of making 

use of what already existed. Participant 7016 linked the approach to previous projects; 

“that's a bit key to my science, philosophy, is reusability! I think that’s quite common in 

programming. You try to modularise things, so they can be used in different scopes 

and contexts!” 7019 was more interested in what other people had done and how it 

could be incorporated; “part of modern development is selecting the libraries you're 

going to use and the pieces of other code… as part of problem solving, it’s quite 

important to build up good taste about assessing other code… there's a lot of code 

that's already been written”. 
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Encountering complex or difficult problems 

When asked how they approached complex or difficult problems, some software 

development personnel with a development preference were able to give detailed 

descriptions of the process involved. 

 

Visualisation 

Most development participants described the use of visualisation techniques. 

Participant 7011 claimed to; “find it quite helpful to see something written down, a 

particular flow maybe, how things hang together. If it's multiple systems, or if another 

problem’s feeding into it, it’s helpful to see it visually!” For participant 7012 “it would be 

more just sketches on a notepad, on a scrap of paper. I'll start something and “OK, I 

know I need to get ‘X’… here’s how I think I should do it”… there might be… a wee bit 

of pseudocode!” A similar approach was proposed by 7017; “I quite often just use a 

pencil and paper… sketch out, maybe like a flow of different processes that I’m going 

to have to code! Generally with just sort of like lines spinning out, like a spider’s web!” 

A paper-based approach was favoured by 7019; “I do like doing diagrams… but I strictly 

like doing that on paper and I don't like computer diagramming tools… it's much easier 

doing it on paper!” And also by 7022; “I do like to draw out… mind maps of what I'm 

trying to achieve, because I find that the best way to explain problems, certainly to 

myself!” Participant 7016 was alone in suggesting a software-based approach to 

problem-solving, although very much linked to their job role; “You would first see me 

create a spreadsheet. Maybe two or three spreadsheets!” 

 

Use Internet 

All participants with a preference for development considered the Internet a useful 

resource when handling complex or difficult problems. Participant 7001 stated; “I 

usually resort to the Internet. The Internet now is the fastest way” adding; “put your… 

term you’re having the problem with, and from the results, you’re really likely to find the 

answer”, 7005 suggested; “I might Google first. It depends what kind of problem it is. If 

it’s one that I know XXXX or XXXXX (colleagues) have worked on previously”. 

Participant 7011 claimed; “I’d probably go to written material, online resources… online 

resources are more helpful”. 7019 agreed; “initially you'd see me on the web a lot, just 
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surveying what's out there and the differences!” 7016 bemoaned; “I spend a lot of my 

day Googling stuff… but sometimes I'm a bit disappointed in myself… waiting for 

someone to come back into the office to ask them, when I could have just Googled it 

while they were away!” 

 

Participants indicated two websites in particular they considered significant. Participant 

7012 indicated that “the first ports of call is going to be Google”, however “I tend to use 

lots of sites like ‘Stack Overflow’”. Participant 7017 proposed; “like a common thing, it'll 

be really quick and easy to answer, because ‘Stack Exchange’ is really good!” 7019 

indicated; “‘Stack Exchange’, ‘Stack Overflow’, I used that quite a lot in the beginning!” 

7021 could not praise Stack Overflow enough; “It’s like having a third guy in the team! 

‘Stack Overflow’… a brilliant site!” Participant 7022 claimed that “If it's a technical 

problem… a coding issue, then Google’s your best friend and then ‘Stack Exchange’”. 

Two participants suggested that the key to finding a solution lay in correctly formulated 

search queries. 7021 proposed; “It’s how you ask your question and try to reformulate 

it a few times … because… you don't know what your problem is!” 7022 gave a very 

similar response; “I think the key to it is being able to ask the right question… usually 

you'll quite quickly get the right answer… and looking for something fairly recent as 

well!” 

 

Best Fit 

Participants 7012 and 7016 considered potential solutions found via the Internet as the 

first step towards developing a solution, although generally requiring significant 

reformulation. 7012 outlined their approach; “Google whatever it is… be a little bit 

general initially… find something that won't fit… but gives you an understanding of what 

to do… you can probably find something that will not give you the answer, but point you 

in the right direction!” 7016 agreed that a partial solution requiring reformulation was 

likely; “Usually you can find related questions! Then… piece together from different 

topics that you find!” This statement matched that of 7017, who claimed that “a lot of 

the things that I'm going to need to do will have been done somewhere else, so I… 

have like a quick scan of that and edit it, basically, copy paste!” 7019 was like minded; 

“you’d see all these alternatives about how other people are doing things and I’d 
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probably sort of gravitate to one of those… like a tasteful way to do it! And then you'd 

probably see me reinventing that myself… in my own way!” 

 

Get Help 

Some participants were able and willing to consult with colleagues when encountering 

difficult or complex problems.  Participant 7001 claimed; “I’ve asked my other 

colleagues before if they’ve had experience with this, and if they’ve got any example 

code that will get me going, even to shouting over the wall to my colleague.” 7005 was 

equally confident; “If I’m not able to do it myself, I’d normally just ask XXXX or XXXX 

(colleagues)… just say “what do you think of this one?”” Participant 7011 however was 

less keen to seek assistance; “I don't know how to quantify it, but my last resort would 

be to bother someone else… about the problem!” But faced with no other option; “I 

probably find what I'm looking for online or through the resources, but if I was stuck, 

still stuck… I'll probably try and involve other people in it at that stage! Draw on other 

people's experience. Maybe ask around the room?” Participant 7016 indicated that 

while colleagues might not always have answers, together they might be able to work 

it out; “if there's something specific I can't figure out or find on Google… 50% of the 

time he (colleague) doesn't know either… we… sit together and try and just mash out 

as many thoughts as we can, until… usually we arrive at the [answer]!” 

 

Get Specialist Help 

Two participants suggested that some problems were beyond the scope of individuals 

or the team, making it necessary to consult with specialists. 7001 claimed that; “usually 

it’s the third-party stuff that you’re most likely to suffer these unresolvable issues with… 

and speaking, contacting developers… who have used that product before.” Participant 

7022 agreed, suggesting; “go back to the subject matter expert and just say to them 

“look this is the answer I'm getting! Is that what you would expect to see from your 

experience?” And they quite often will be able to say yes or no to that!” 

 

4.11.4. Testing Role preference 

There was only one SD personnel participant in the testing category, but that participant 

was able to provide some very useful descriptions relating to the role. 
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Problem-solving skills application 

Participant 7023 proposed a structured approach to testing; “I wouldn't say I'm a coder, 

but I understand how code works… to me its logic and analytics you apply! 7023 also 

suggested that lateral thinking was necessary; “I try to look at all the combinations that 

a user may come up with, or even trying to use the software for a purpose that it was 

not necessarily intended for!” 

 

Problem-solving skills acquisition 

On the possible source of their problem-solving abilities, participant 7023 suggested; “I 

wouldn't say schooling, because I didn't have very much of that beyond High School!” 

Instead, they proposed; “Some of it is kind of a natural ability, with kind of being curious 

about things and how things work and having an interest in how systems work, in 

software, in Internet technologies… and the other piece of that is definitely experience! 

If you've seen something before!” adding; “the other thing that I’m pushing… for… is to 

have automated tests!” 

 

Problem-solving skills awareness 

The participant could not name any problem-solving strategy, although was able to 

describe decomposition and trial and error approaches. Participant 7023 proposed that; 

“you could break it down into something that's very simple… inputs and outputs! So 

you provide some input and then you expect something in return!”  7023 then described 

a trial and error approach, but strategically conducted; “If you can identify all the pieces, 

then from a high level that's what it is, right! You try to go through each scenario that 

covers the input and check the expected output.” 

 

Encountering complex or difficult problems 

The participant gave the most descriptive responses when outlining how they would 

approach a complex problem: 

 

Close Analysis and Pattern-recognition 

The issue of complex problems and how they might be addressed was largely 
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dependent on the maturity of the development team according to 7023; “If there are 

requirements, you'd go through those requirements and try to build out different test 

cases that you want to run! And as your development shop matures, you get better 

documentation up front… timelines that are more achievable (laughs)… testing is 

something that in an immature shop is done right at the end and very little time is left 

before they want to launch the new product!” For 7023, often the only way to resolve 

an environmental problem was “reading through logs upon logs to try and determine 

when it happens, or to try at least to identify some sort of a pattern!” 

 

Communication and Visualisation 

Problems encountered generally fell into two categories; “It’s either a problem with the 

software or it's a problem with the environment! So it’s determining where the issue lies 

then approaching the team that looks after that piece!” On the possibility of running out 

of time for testing, 7023 insisted “the only thing you can do at that point is a risk analysis, 

“what parts of the system do we really need to focus on that will maybe provide a… if 

something goes wrong, a poor experience for the customer?”” The type of issue arising 

determined the priority of response according to 7023; “if it takes the system down, it's 

an immediate priority and needs to be fixed straight away! If it's something that can be 

mitigated, then you don't have to fix it immediately, but it's still a high priority… 

something that affects half-a-dozen customers… that might just wait until the next 

standard release… to be resolved!”  

 

4.11.5. All roles preferred 

For two SD personnel participants, the whole software development process was 

considered inseparable. Their interview responses follow. 

 

Problem-solving skills application 

Participant 7013 outlined communication, decomposition and sequencing approaches, 

principally associated with problem analysis. 7013 highlighted the limitations of client 

understanding in trying to determine the scope of a proposed project; “You need to be 

able to know yourself what’s possible, because, I find… they want something… they 

don't really realise if it's possible or not, the IT side of things!” 7013 outlined a 
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decomposition approach to problem-solving; “You need to break it down! Breaking it 

down into little pieces!” 7013 also highlighted the necessity in determining “which parts 

are more important first, and what's the main part you need working to make the rest 

work?” 

 

Problem-solving skills acquisition 

The participants outlined a number of approaches to problem-solving: 

 

Education and Experience 

Participant 7008 indicated that a certain inquisitiveness had aided the development of 

their problem-solving skills; “I've always been curious about the world, since birth, and 

I was doing Physics and Maths before I came into IT.” Participant 7013, although fairly 

new to the role, proposed; “if you have experience of it… like through my experience 

of college and stuff, doing software development! Even just now, me doing something 

for the XXXXXX (section) process. I'm doing reporting and I’ve found so many errors 

in the reporting data that I‘ve had to go back and fix. It all adds up to experience and 

next time something happens… there it is!” 

 

Strategy-gaming and Logic 

On whether an interest in puzzles might have contributed to problem-solving skills 

development, 7008 stated; “I used to play quite a lot of chess when I was younger. My 

dad started doing Sudoku years ago and I couldn't understand why, until I actually tried 

it and I actually found out it was quite addictive… I quite enjoy solving puzzles!” 

Considering the role of logic, participant 7008 recalled; “I really enjoyed Astrophysics, 

because it was logical and it can be quite difficult!”, “Going through the… mechanics 

basically… you can visualise it all”, while 7013 observed; “logic stuff… that's a bonus!” 

Problem-solving skills awareness 

Both participants were unable to name any type of problem-solving strategy, although 

in discussing a trial and error approach, participant 7013 admitted to frequently applying 

it; “definitely! It’s one of the biggest things!” 7008 suggested “Nothing really formal. I 

think it may well have been more structured in the past, but… it tends to be organic, it 

grows in different places!” 7013 also claimed “No!  Not in detail!” 
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Encountering complex or difficult problems 

The participants proposed a number of approaches for dealing with complex problems: 

 

Decomposition and Visualisation 

When dealing with complex problems, participant 7008 described a decomposition 

approach; “It's probably a matter of breaking things down into smaller and smaller 

sections until it's refined.” 7013 claimed they would also “break it down into what 

needed working first!” Participant 7008 suggested that their decomposition approach 

would be visualised “in text. I'm breaking [it] down all the time into smaller and smaller 

elements.” 7013 claimed; “I’d just write it down on paper! Just as a list… work it out in 

my head!”  

 

Use Internet or Get Help 

For useful resources, 7013 claimed they would “Look online… ‘Stack Overflow!’ You 

get examples!” Asked how often that site provided useful information, 7013 claimed “I'd 

say 95% of the time!” If the Internet failed to provide a solution, they would simply “talk 

to someone else in the office!” 

 

4.11.6. Other 

Two SD personnel interviewed had role preferences other than the four that were the 

focus of this research. They are presented here, as some aspects of their interview 

responses were considered worthy of inclusion. 

 

Problem-solving skills application 

The participants struggled to think of any software development problem-solving 

approaches, although eventually identified lateral thinking and communication, which 

were both considered somewhat generically. Participant 7007 suggested; “Think 

sideways!” cautioning that “Quite often the most direct route isn’t the way you think!” 

Participant 7018 suggested “Communication skills… because you have to find out what 

the problem is, from whoever is having it!” and then “reproduce that error!” 
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Problem-solving skills acquisition 

Although not directly involved in software development, both participants were able to 

describe problem-solving techniques as well as proposing possible sources of 

acquisition. Participant 7018 proposed having “taught myself” to problem-solve. 

 

Trial and Error and Pattern-recognition 

Participant 7007 proposed that “a lot of it is actually learning through experience rather 

than being taught!” suggesting that principally “You learn by trial and error!”, also 

conjecturing that “A lot of programming… is all pattern-recognition!”  

 

Puzzle-gaming and Disassembly/Reassembly 

Having no real software development experience, 7007 considered that in developing 

problem-solving skills “Puzzles are great! Anything that makes your mind think in a 

different way… jigsaws would be great! Because you have to look at, not just at the 

colours on it, but the shapes and fit it all together! And it’s the same with developing a 

piece of software! You always have these different bits that do different things and you 

have to fit them together!” 7018 claimed; “I've always been quite good at problem 

solving!”, “I build my own bikes and maintain them, because I race! So I know that if 

anything goes wrong, I can problem solve it! It's understanding what makes it work!” 

 

Problem-solving skills awareness 

Neither 7007 nor 7018 were able to name any problem-solving approaches. 7007 

classed themselves as a document controller and 7018 as IT support, so the issues 

they encountered in the workplace generally required a different set of problem-solving 

skills from those that were the focus of this research. 

 

Encountering complex or difficult problems 

In dealing with complex problems, the participants outlined several options: 

 

Visualisation and Best Fit 

The common approach outlined by participant 7007, was to “sit down with a bit of paper 
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and I'll try and write steps down, reorganise things!” observing that “there’s a knowledge 

base, if someone else has come across it before!”  

 

Use Internet or Get Help 

The first recourse for 7018 was to “look online, to see if anybody else has solved the 

problem”, suggesting that in terms of the best online resources; “well there’s ‘Stack 

Exchange’, so I'll look on there!” All else failing, 7007 suggested they would “talk to 

someone! Chuck a few ideas around!”, while 7018 claimed that they “would go ask 

fellow workmates”, as “sometimes they know a solution that I didn't!” 

 

4.12. Triangulation within Phase One 

4.12.1. Comparison of Interview Responses within Preferred Role groupings 

By considering the range of interview responses given within each defined software 

role, this section examined the following question: 

 

To what extent do personality types, traits, or trait groupings and problem-

solving strategy awareness / application, indicate suitability for specific roles 

within the software development industry? 

 

3. How influential are problem-solving strategy skills in determining suitability 

for specific roles within the software development industry? 

 

4.12.2. Whole sample analysis 

A number of key problem-solving skills were identified by participants. These skills were 

first considered for the whole sample, then evaluated by role preference. Problem-

solving skills observed by participants with a preference for all aspects, or for other 

roles, were included for whole sample analysis, but not considered separately. 

 

Problem-solving skills application 

Participant responses were categorised, then statistically assessed to determine which 

problem-solving skills were most commonly applied.  
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Figure 4.42 Problem-solving skills used by SD personnel 

 

These problem-solving skills were further sub-divided into two distinct categories as 

indicated; skills required to comprehend a problem and skills required to determine a 

solution to a problem (Fig 4.4.2). The two groups of skills roughly encompass all of the 

skills applied by software development personnel working on real problems, as part of 

real software development projects. The majority of skills identified were focussed on 

problem comprehension, particularly the analytical skills of decomposition and 

visualisation. Lateral thinking was primarily associated with devising novel solutions to 

novel problems. 

 

Problem-solving skills acquisition 

When asked how they thought they might have acquired their problem-solving skills, 

the participants described a wide variety of possible sources (Fig. 4.43). Eight 

participants considered education a source, although nine put their skills down to 

experience and ten believed them to be a natural ability. In terms of discrete problem-

solving skills, three principal sources for acquisition were proposed; gaming (puzzle 

and strategy), playing music, and an interest in disassembly/reassembly. 
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Figure 4.43 Problem-solving skill acquisition of SD personnel 

Problem-solving skills awareness 

Having described their problem-solving skills application and outlined possible sources 

for the acquisition of those skills, the participants were then asked to name or describe 

any problem-solving approaches that they were aware of (Fig. 4.44).  

 

 

Figure 4.44 Problem-solving skills awareness of SD personnel 
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Very few participants could name any problem-solving approaches, with trial and error 

the only one correctly identified. The two most significant skills described were 

decomposition, a problem comprehension skill, and trial and error, a distinct problem-

solving skill. 

 

Encountering complex problems 

When encountering complex problems, the participants reported a mixture of problem 

comprehension and problem-solving skills, with the two aspects often inter-connected 

(Fig. 4.45).  

 

 

Figure 4.45 SD personnel problem-solving skills applied to complex problems 

 

Visualisation was by far the most common problem-comprehension techniques used, 

while the Internet and the assistance of colleagues were considered the most effective 

methods of resolving difficult problems. 
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4.12.3. By Role Preference 

Analysis Role Preference 

Problem-solving Application in Analysis 

The participants in this category described the application of five types of problem-

solving skill (Fig. 4.46). The skills identified were mainly problem comprehension, with 

close analysis the highest-ranking skill, clearly key to analysis, the ability to understand 

a problem and to define requirements based on that understanding. The remaining 

skills follow close analysis, in breaking down the problem (decomposition), representing 

it graphically or mentally (visualisation), and engaging in dialogue with stakeholders 

(communication). 

 

 

Figure 4.46 Applied problem-solving skills of SD personnel with Analysis preference 

 

Problem-solving Acquisition in Analysis 

Participants identified a number of possible sources for the acquisition of problem-

solving skills. Natural aptitude was rated highly, as was education (Fig 4.47). 

Experience and a youthful interest in disassembly/reassembly, were the next highest-

ranking categories, while strategy-gaming, puzzle-gaming and playing music were also 

proposed. 
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Figure 4.47 Problem-solving acquisition of SD personnel with Analysis preference 

Problem-solving Awareness in Analysis 

In general, participants in this category were unable to name any specific problem-

solving strategies, however three approaches were outlined; trial and error, 

decomposition and visualisation (Fig. 4.48). Decomposition and visualisation were 

previously identified by the same participants regarding problem-solving application, 

however the use of trial and error appeared to be tending towards a design approach. 

This may stem from the reality of the two roles often being integrated, especially within 

small teams. 
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Figure 4.48 Problem-solving awareness of SD personnel with Analysis preference 

 

Encountering complex problems in Analysis 

Participants offered a number of detailed descriptions of problem-solving skills applied 

when encountering complex problems, the majority associated with problem 

comprehension, a key aspect of the analysis role. Decomposition, visualisation and 

communication can be considered important in this regard, all represented highly in the 

sample (Fig. 4.49). While the lower ranked skills of sequencing and planning may again 

hint at design role considerations, like SD personnel in all categories, the Internet and 

consultation with colleagues were deemed helpful when all else failed. Unlike the other 

categories however, those with a preference for analysis preferred to consult with 

colleagues before searching the Internet. 
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Figure 4.49 Encountering Complex problems - SD personnel with Analysis preference 

 

Design Role Preference 

Problem-solving Application in Design 

The most significant problem-solving skills category identified by participants in the 

design category was communication, with clients and colleagues. Pattern-recognition, 

and trial and error approaches were also described (Fig. 4.50).  

 

 

Figure 4.50 Applied problem-solving skills of SD personnel with Design preference 
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Problem-solving Acquisition in Design 

In acquiring problem-solving skills, a natural aptitude was considered over education, 

with some participants indicating that they were self-taught (Fig. 4.51). Two participants 

in the design category outlined a best fit approach, which can be linked to experience, 

an attribute also highlighted in participant responses. 

 

 

Figure 4.51 Problem-solving acquisition of SD personnel with Design preference 

 

Problem-solving Awareness in Design 

Trial and Error was clearly an approach that participants with a preference for design 

had regular experience of, as apparent in the descriptions they provided (Fig. 4.52). 

 

 

Figure 4.52 Problem-solving awareness of SD personnel with Design preference 
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Encountering complex problems in Design 

Design category participants outlined two strategies for dealing with complex problems; 

planning and visualisation (Fig. 4.53). In terms of finding a solution, consulting with 

colleagues was preferable to searching the Internet, corresponding with those in the 

analysis category. 

 

 

Figure 4.53 Encountering Complex problems - SD personnel with Design preference 

 

Development Role Preference 

Problem-solving Application in Development 

Participants expressing a preference for development outlined a number of problem-

solving skills (Fig. 4.54). Decomposition and visualisation were the most notable skills 

applied, with the lesser ranking, but still significant skills of logic, planning, lateral 

thinking and pattern-recognition, also identified. Some participants highlighted the 

value of experience in problem-solving effectively. 
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Figure 4.54 Applied problem-solving skills of SD personnel with Development preference 

 

Problem-solving Acquisition in Development 

Opinion was split amongst the participants regarding how problem-solving skills were 

acquired, with most suggesting it was a natural aptitude (Fig. 4.55). However, almost 

as many participants considered their skills acquired through education, principally 

University, or through professional experience. Part of the sample considered 

themselves self-taught, reflected in the identification of puzzle-gaming, music and 

disassembly/reassembly, as possible sources of problem-solving skills. 

 

 

Figure 4.55 Problem-solving acquisition of SD personnel with Development preference 
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Problem-solving Awareness in Development 

Although SD personnel with a preference for development, proposed decomposition 

and best fit strategies, trial and error ranked more highly than both of these (Fig. 4.56). 

 

 

Figure 4.56 Problem-solving awareness of SD personnel with Development preference 

 

Encountering complex problems in Development 

In encountering complex problems, two discrete aspects identified those with a 

preference for development. The only problem comprehension skill described was 

visualisation, and where a plausible solution was not forthcoming, participants favoured 

finding a solution, or partial solution (best fit), on the Internet (Fig. 4.57). Failing that, 

they consulted with colleagues, although for many, seeking help was considered a last 

resort. 

 

 

Figure 4.57 Encountering Complex problems - SD personnel with Development preference 
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Testing Role Preference 

Problem-solving Application in Testing 

Three participants expressed a preference for testing, with only one consenting to 

interview, however the problem-solving skills identified indicate that testing is a unique 

aspect of software development. Considering problem-solving skills application, logic 

and lateral thinking were described (Fig. 4.58).  

 

 

Figure 4.58 Applied problem-solving skills of SD personnel with testing preference 
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proposing that it was a natural aptitude that could be developed through professional 
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problems by adopting a best fit approach, was also proposed. The participant was clear 

that they considered education as unhelpful in the development of their problem-solving 
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Figure 4.59 Problem-solving acquisition of SD personnel with testing preference 

 

Problem-solving Awareness in Testing 

Although unable to name any, the participant with a preference for testing described 

decomposition and trial and error problem-solving techniques (Fig. 4.60), skills that 

were also described by those with a development preference.  

 

 

Figure 4.60 Problem-solving awareness of SD personnel with testing preference 
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Encountering complex problems in Testing 

When encountering complex problems, the participant in the testing category identified 

three distinct problem-solving approaches; close analysis, logic and pattern-recognition 

(Fig. 4.61).  

 

 

Figure 4.61 Encountering Complex problems - SD personnel with testing preference 
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development, one for testing and two for all aspects. Two participants expressed a 

preference for other software development related roles; document control and ICT 

support. Roughly half of the sample consented to testing and interview beforehand, 

with the remainder consenting on site and at short notice. In reality, advance notification 

did not seem to make much difference, with participants generally surprised by the 

nature of the questions regardless. Several indicated that they were being asked to 

self-reflect on topics they had never really had to consider before. That perspective 

alone appeared to add validity to the responses provided. 

 

4.12.5. Findings 

Taking each of the roles identified; analysis, design, development and testing, the 

interview responses of the participants expressing a preference for each role were 

considered separately. The interview questions were designed to elicit responses 

indicating how each participant; selected, applied, acquired and recognised specific 

problem-solving skills or strategies. This would provide a background context for HNC 

computing students, to determine their potential suitability for industry specific roles 

based upon the same problem-solving skills evaluation. The particular skills or 

strategies identified could be considered within the context of each role preference, so 

for those with a preference for analysis for instance, analytical problem comprehension 

skills such as close analysis would be expected to feature heavily, along with 

communication and teamwork skills (BRG, 2018). 

 

Participant groupings by role preference provided a clear insight into how each role 

was conducted and how problem-solving skills were acquired, selected and applied, as 

well as a consideration of characteristic behaviours exhibited when confronted with 

complex problems. While there were overlaps between roles, there appeared to be 

discrete problem-solving skill sets that could be associated with each role. Many 

participants proposed the same sources for their problem-solving skills development, 

while very few demonstrated any formal problem-solving skill awareness beyond those 

most commonly associated with software development. An outline of the particular 

problem-solving skills and behaviours associated with each role is provided below. 
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Analysis 

This appeared to be one of the most complex and demanding roles, requiring not only 

well-defined problem-solving skills, but also considerable industry experience and 

technical knowledge, coupled with excellent communications skills. The techniques of 

decomposition and visualisation were outlined, the former in breaking down the system 

requirements, the latter tending to involve communication aids, graphical and written. 

Communicating technical knowledge to clients, colleagues or external experts, 

listening, and understanding, were recognised as vital skills. While two participants 

proposed mathematics at degree level as having contributed to their problem-solving 

skills development, many of the group were more inclined to suggest that it was a 

natural ability, self-taught through a personal interest in problem-solving, such as 

disassembly/reassembly or puzzle-gaming, rather than through education. 

 

The participants in the group demonstrated very little awareness of specific problem-

solving skills, outlining only visualisation and decomposition, skills that are most 

frequently applied in the analysis role. While trial and error was also identified, some 

participants recognised applying heuristic problem-solving skills, associated with 

expertise, and that these particular approaches ought to be recorded for others to use. 

While the Internet was considered a potentially useful resource, the knowledge and 

experience of colleagues was recognised as crucial. In considering how vital 

communication and listening skills were to participants with an analysis role preference, 

their use of those techniques when encountering a complex problem appeared entirely 

rational. 

 

Design 

A key aspect of design appeared to be trial and error, with participants suggesting that 

creativity and patience were also vital, and that the process was an organic and 

experimental one. In acquiring problem-solving skills, the participants considered it to 

be a natural ability, suggesting that creativity and artistic skills were not learned, but 

developed through a great deal of practice. There was a definite tendency towards 

perfectionism within the group, coupled with a sense that special talents were required 

for the role. The participants generally considered themselves to be self-taught, placing 
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little value on education, and attributed work-based experience to the further 

development of their skills. Trial and error was the only problem-solving approach 

outlined by these participants and is clearly very relevant to this role, given its often 

experimental nature. The approach was generally associated with patience, tenacity, 

and repeated effort. 

 

When approaching a complex problem, sketches, doodles, notes and mock-ups were 

considered. A tentative start was usually followed by a gathering momentum and while 

the Internet could provide helpful information, participants mainly believed that they had 

to solve most problems by themselves, as the singular nature of the role and the 

problems encountered within it, generally prevented colleagues from providing 

assistance.  

 

Development 

The problem-solving skills applied by those with a development preference 

demonstrated a logical, methodical, structured approach, generally beginning with 

decomposition, including pattern-recognition, and followed by a visualisation process, 

generally graphical, although sometimes merely cognitive. Some senior participants 

suggested that an early interest in computers and coding had helped develop their 

problem-solving skills, while younger participants suggested that strategy and puzzle-

based games had contributed. Playing music may have assisted the development of 

pattern-recognition skills, while an interest in disassembly/reassembly, often 

associated with engineering and mechanics, was the catalyst for others. Education was 

not considered to be a significant source of problem-solving skills development. 

 

Best fit and trial and error were the main problem-solving skills identified. Trial and error 

applied when dealing with novel problems and best fit was commonly linked to 

reusability. Some participants in the group indicated unconsciously applying implicit 

strategies heuristically, noting that such approaches might involve combining other 

skills, or could be unique to the individual. Most participants in the group followed a 

paper-based design-mapping approach when tackling a problem, with data flow 

diagrams, structure diagrams, and pseudocode, all mentioned. A best fit approach 
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usually followed, with significant reformulation if required, based around previous 

organisational projects or sourced from the Internet. ‘Stack Exchange’ and ‘Stack 

Overflow’ were key sites identified as being particularly useful, although some 

participants considered the ability to search and retrieve as a key skill in itself. All else 

failing, participants suggested they would consult with colleagues or seek assistance 

from external specialists, although often as an absolute last resort.  

 

Testing 

Although there was only one testing participant interviewed, their significant experience 

meant they were able to provide some valuable insights into the role. The key problem-

solving application skills were; logic, lateral thinking and pattern-recognition. The 

participant could not say where they had gained their problem-solving skills, but 

suggested strongly that they did not attribute them to education. The participant, 

although unable to name any specific problem-solving strategies, described a very 

methodical trial and error approach. Typical complex problems encountered at testing 

were derived from poor requirements documentation or bugs in third party systems, 

and required a combination of pattern-recognition skills and patience to resolve. 

 

All Aspects 

The participants with a preference for all aspects of software development, not 

specialising in any specific role, outlined fairly generic problem-solving skills, such as 

decomposition, also indicating a need for tenacity. Logic was another problem-solving 

skill identified by participants and possibly developed through an interest in puzzle-

based activities such as Sudoku and Chess, although education and work experience 

were also proposed as possible sources of problem-solving skills. In dealing with 

complex problems, decomposition and visualisation were outlined. Finding answers 

online was ideal, while the assistance of colleagues was considered a last resort. 

 

Other 

Although not directly involved in software development, the participants did manage to 

identify some associated problem-solving skills such as lateral thinking and 

communication. One participant identified pattern-recognition which they associated 
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with puzzles, particularly jigsaws, while the other suggested that an interest in 

disassembly/reassembly had helped develop their problem-solving skills. Neither 

participant could name any problem-solving skills, but in dealing with complex 

problems, both clearly described a best fit approach, with one also describing 

decomposition. The assistance of colleagues was considered to be helpful. 

 

Limitations 

Interviews were mainly conducted in blocks, with some time-restricted owing to 

participants work commitments, and while the quality of responses varied somewhat, 

only one participant expressed a reluctance to answer any particular question, 

presumably because they believed that it might reflect badly upon themselves. One or 

two more interviews with SD personnel preferring a design role and perhaps another 

two for testing, would have been desirable, although there were sufficient participants 

expressing a preference for analysis and development. 

 

4.13. Problem-solving with HNC computing Students 

4.13.1. Introduction 

Interviews with HNC computing students were designed to answer two research 

questions. Firstly, in conjunction with the KTS-II and CPAT, to provide further detail on 

the following sub-question: 

 

• How do HNC computing students recognise, acquire, select and apply 

problem-solving strategies? 

 

The following areas were considered in this regard: 

 

• Problem-solving skills application 

• Problem-solving skills acquisition 

• Problem-solving skills awareness 

• Encountering complex or difficult problems 
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To ascertain this information, at interview participants were initially asked about their 

CPAT performance and how they approached correctly answered questions, talking 

the interviewer through the solving process. Participants were then asked how and 

where they believed they had developed their problem-solving skills and asked if they 

could name or describe any specific problem-solving approaches. In the final section 

of interview, participants were asked to outline the steps they would take in preparing 

to face a complex or difficult problem. 

 

4.13.2. Selecting Students for Interview 

The decision on which students to interview was based upon a combination of three 

factors;  

 

• Strength of performance in any of the four CPAT categories 

• Overall performance across CPAT categories 

• Similarity of personality type to software development personnel expressing a 

preference in the corresponding category (CPAT category V role preference) 

 

Some students scored highly in more than one category, however no single student 

scored highest in more than one. Further details regarding the interview selection 

process can be found in Appendix I, Section 8.9.1.  

 

4.13.3. Interview Analysis by CPAT Category Grouping 

This section examines some of the key statements made by each of the participants in 

relation to the four question categories outlined for analysis. 

 

 Analysis Category 

The following participants were selected for interview, with the reason for selection 

indicated; 

 

• 6001 - second highest analysis score 

• 6003 - highest analysis score 

• 6021 - sixth highest analysis score, ISTJ Type 
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Problem-solving skills application 

Participants in the analysis category identified three problem-solving skills applied in 

the CPAT. Two of these were actually problem comprehension skills; close analysis 

and visualisation, while mathematics made up the third component. Regarding how 

they tackled questions seventeen and eighteen, participant 6001 indicated; “I wrote 

down some of the steps”. 6003 suggested a similar approach; “Worked through it, read 

it carefully”. Like 6001, participant 6003 also suggested “I would have written out that! 

Drew it out like a list of what equals what!” For questions seventeen and eighteen, 

participant 6001 also claimed; “I’m not really that good at Maths, but I was able to use 

it”. 6021 suggested that the questions were “more arithmetic than anything”. For 

questions twenty-three and twenty-four, participant 6001 proposed; “You’ve got to be 

able to imagine it in your head”, while 6003 indicated that they “Most likely drew on the 

grid itself” and “did it twice just to be sure”. 6021 suggested; “You’d need spatial 

awareness” and should try and “Figure in your head, you know? If you can visualise 

the grid”, and claimed to have “Visualised [it] in my head and then got straight to the 

paper” 

 

Problem-solving skills acquisition 

The participants put forward a variety of suggestions as to how they might have 

acquired their problem-solving skills, and as contributing to their skills, the participants 

also further described their problem-solving skills application: 

 

Strategy-gaming, Puzzle-gaming and Disassembly/Reassembly 

Two participants expressed an interest in strategy-gaming. 6001 indicated “I play 

chess. I’ve just started, but I love it” and “a mobile game too called ‘Plague Inc.’. It’s a 

bit like ‘Pandemic’!” 6001 also cited role-playing games; “I’ve also setup a D&D 

(Dungeons and Dragons) club at the College, with XXXXXX (student), from the other 

HNC class.” That other student was participant 6003, who also expressed an interest 

in strategy-gaming; “There’s a new ‘Battlestar Galactica’… ‘Civilization V’… ‘Halo 

Wars’… I’ve just started ‘Halo Wars 2’… ‘Sins of a Solar Empire’!” 6003 also expressed 

an interest in physical strategy games; “Warhammer and mainly miniatures games.” As 

well as strategy-gaming, two participants suggested puzzle-gaming as a potential 
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source of their problem-solving skills. 6001 claimed; “I like to play ‘Skyrim’ and ‘Breath 

of the Wild’… a puzzle type game, and ‘Portal’”. 6021, a mature student cited some 

traditional puzzle games; “crosswords… board games and stuff like that!” In terms of 

video games, 6021 also outlined a fondness for an older console game; “‘The Sphinx 

and the Cursed Mummy’… on the PS2 (PlayStation 2)… a role-play adventure kind of 

game… like ‘Crash Bandicoot’, but, you… do a lot of puzzles”. An inquisitive nature 

was highlighted by participant 6021; “I always like fixing things” and “playing with 

LEGO®… when I was younger! Always building stuff!”  

 

Best Fit, Pattern-recognition and Spatial Awareness 

Participant 6001 suggested that, applying “Mods and stuff”, “changing the appearance 

of something in ‘Skyrim’ for PC”, could have helped develop their problem-solving skills, 

adding; “If I want to do something and I can’t find any instructions… I’ll find the closest 

thing and then slightly modify it”. 6001 also outlined a pattern-recognition approach; 

“Probably sounds stupid, but sewing! Like, altering patterns and stuff”. For participant 

6003, the “Boys Brigade” had helped when answering question twenty-three; “Map-

reading, for that one was quite a good one to have!” 

 

Problem-solving skills awareness 

In terms of problem-solving strategy awareness, the participants named trial and error, 

also describing decomposition and visualisation techniques. 

 

Trial and error 

Participant 6001, describing the usefulness of Internet resources suggested; “it is kind 

of trial and error… because if it doesn’t work, obviously then, it’s not that”. 6003 

indicated “Trial and error, with programming mainly… it’s 50/50, sometimes it works, 

and sometimes it’s a complete disaster”. However, participant 6021 suggested; “Not so 

much… ‘Trial and error’. More so, like a methodical… sequence of tasks.” 

 

Decomposition and Visualisation 

Two participants recognised decomposition; 6001 proposing to “Break it down as much 

as possible and apply the problem to each bit” while 6021 claimed; “That’s the one I 
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used there”, indicating question seventeen in the CPAT! Participant, 6021 detailed a 

visualisation technique, described as; “A ‘Memory Palace’… through associations, 

because I did psychology… to memorise a list”. Describing the use of this technique, 

6021 proposed; “I’m visualising it and I know straight away through association… it’s 

called the ‘Method of Loci’… make up a really obscure and odd visualisation and 

associations, you’ll remember them all”. 

 

Encountering complex or difficult problems 

When encountering complex or novel problems, participants broadly outlined two 

approaches; problem comprehension, through sequencing and decomposition, 

followed by a best fit approach, to try and locate an existing, complete, or partial 

solution. 

 

Sequencing, Decomposition and Best Fit 

Participant 6001 related problem-solving to school revision; “I said to the teacher’s…  I 

showed them the list and said “this is the best way” and I asked, “Can you make one, 

maybe? But none of them did” The use of lists was echoed by 6021; “I like to plan it 

out… I'm the kind of person who goes through lists. I’m just thinking… “What I need to 

do? What order I need to do it in?”” However, 6021 indicated that their structured 

sequencing approach was simply a precursor to decomposition; “Once I've done that… 

I’m really methodical. Pick out the key points… then, break those down. A decision tree, 

if you like?” This approach was echoed by 6003; “I’d read the problem thoroughly. I’d 

break it down… into more manageable segments, then figure [it] out piece-by-piece, 

and not be afraid to restart if I hit a wall”. 6021 proposed a best fit type approach; “The 

next best alternative… can a task be done with the same effect, but in a different way?”  

 

Use Internet or Get Help 

For complex problems, where the solution was not immediately apparent, 6021 

indicated; “I don't have so much a problem looking up the Internet”, however “If I'm 

really struggling with a task and I've exhausted all the options, I'm still hesitant to ask 

someone for help!” 
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Design Category 

The following participants were selected for interview in the design category, with the 

reason for selection shown; 

 

• 6011 - third highest design score, ISTJ type 

• 6016 - highest design score, ISTJ type 

 

By coincidence, the participants selected for interview in this category possessed the 

exact same personality type. 

 

Problem-solving skills application 

The participants in the design category mainly described problem comprehension 

techniques in relation to their CPAT performance: 

 

Best Fit, Close Analysis, Decomposition and Pattern-recognition 

Participant 6011 described a best fit approach in relation to questions ten to twelve of 

the CPAT; “If I can figure out the value of one of the things, I can figure out the others”. 

6011 also described the application of close analysis and decomposition techniques 

for questions fourteen to fifteen; “Just picking out the specific information” and taking it 

“Bit by bit, work through it!” For questions ten to twelve, participant 6016 applied 

pattern-recognition to the problem; “Seeing what letters could replace the numbers and 

what numbers are available to equal that!” 

 

Problem-solving skills acquisition 

As with analysis, strategy and puzzle-gaming appeared to play a pivotal role in the 

acquisition of problem-solving skills. 

 

Strategy-gaming, Puzzle-gaming and Close Analysis  

Both participants suggested that their experience of playing strategy games may have 

contributed to the development of their problem-solving abilities. 6016 when asked if 

they had played chess, stated “oh yeah”, while 6011 claimed; “I used to play chess… 

played it at my old school, at which I was chess champion. 6016 also enjoyed playing 
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PC games, although “Just strategy based!’ Stronghold’, ‘Age of Empires’!” 6016 

suggested that puzzle-gaming could also be a contributor to problem-solving skills 

development; “playing some puzzle games… ‘Professor Layton’.” 6011 again outlined 

a close analysis strategy; “Ability to pick out specific points of information. Reading 

through it properly, understanding it”, and “just to use common sense strategies.” 

 

Problem-solving skills awareness 

The design participants only recognised one problem-solving approach; trial and error. 

Participant 6011 suggested often applying a trial and error approach, indicating 

however; “If I have a proper understanding of what needs to be done, I tend to rely less 

on trial and error!” On being asked if trial and error was an approach that they might 

use, 6016 agreed; “I think I use that mostly!” 

 

Encountering complex or difficult problems 

The participants had similar strategies for dealing with complex problems, but mixed 

opinions on seeking assistance: 

 

Close Analysis, Visualisation and Best Fit 

Participants 6011 and 6016 provided similar responses in considering how they would 

tackle a complex problem, 6011 suggesting; “Read through it. Make sure you 

understand… everything it’s asking you to do, all of the information… and try and find 

a suitable approach towards it.” Participant 6016 indicated; “I look at the questions, I 

identify each of the different steps, and workout where to begin from!” adding; “If it's 

quite lengthy, I’d read it more than once, but most times I just read it once and look at 

the key points!” To assist in this process, 6011 proposed a visualisation technique; 

“Writing down stuff like notes…. also like, mental notes as well.” 6011 proposed a best 

fit approach; “trying to look on past experiences, see… how you've dealt with problems 

like that before!”  

 

Using Internet or Get Help 

Both participants observed that the Internet could provide useful solutions. 6011 

proposed that; “Researching on the Internet… is helpful! It really depends on the 
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problem. Like, most cases it’s fairly easy to find”. 6016 concurred; “I just try and look 

on the Internet to see if there’s any answers or examples from which I can get the 

solution… it works about 60-70% of the time.” 6011 was happy “asking for help!”, 

however 6016 indicated; “I don't like really asking other people for help”, but “If it was 

necessary, then yeah, I would.” 

 

Development Category 

The following participants were selected for interview in the development category, with 

the reason for their selection shown; 

 

• 6010 - joint-top development score 

• 6024 - joint-top development score, score across all four categories 

• 6032 - joint-top development score, overall highest score 

 

The participants in this category all demonstrated strong tendencies towards the 

thinking and judging personality traits. 

 

Problem-solving skills application 

The questions comprising the development category of the CPAT, principally required 

pattern-recognition, visualisation and basic mathematical skills. 

 

Lateral Thinking, Pattern-recognition, Visualisation and Mathematics 

For questions four to six, participant 6010 opted for an alternative approach; “I looked 

through it in columns instead of rows, because it's easier to see differences!”  With the 

cypher shift type questions nineteen to twenty-one, participant 6010 suggested that 

they “worked out a pattern on how it was being shifted.” 6032 proposed a similar 

strategy; “I just looked for relationships. It’s formulaic, relating characters to the 

statement!” 6024 visualised the problem, having; “just did it in my head… carried on 

from there”, while 6024 proposed that; “This question would just be wrong every time if 

you had no maths knowledge.” Participant 6032 claimed having; “Basically solved it 

with formula”, adding; “You’d always write down the component of whatever formula 

you’re using”. 
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Problem-solving skills acquisition 

In terms of acquiring problem-solving skills, those performing well in the CPAT 

development section proposed some potentially significant formative interests: 

 

Strategy and Puzzle-gaming 

All three participants cited strategy gaming as a likely formative exercise in developing 

their problem-solving skills. Participant 6010 claimed “computer games… strategy 

computer games… like ‘Total War’! You have to move troops around… games like 

that!” 6024 indicated; “I love real-time strategy and role-playing, action, and occasional 

racing”. Participant 6032 proposed; “things I do on a day-to-day basis… strategy-

gaming and that sort of area of expertise!” adding; “I used to be in the chess club in 

high school… definitely strategy-based”, and “on the last day of High School, I beat the 

teacher… quite entertaining”. Participant 6024 also considered puzzle-gaming a key 

source of problem-solving skills; “One of the best role-playing games I’ve played is 

‘Legend of Grimrock’”, “solving puzzles and killing monsters and stuff… and some of 

the puzzles are pretty damn fiendish”. 6024 also maintained an interest in traditional 

puzzle games; “you can actually get virtual versions of games like ‘Key to the Kingdom’ 

and ‘Frustration’… It's great fun!” 

 

Lateral Thinking and Spatial Awareness 

6024 indicated: “I used to do like, all sorts of like logic puzzles and stuff… riddles… 

lateral thinking!”,  but had since moved on to video games; “I play a lot of dungeon 

crawling role-play games, so… you need to know where you are on a map!  

 

Education and Practice 

Participant 6024 was quite insistent that the problem-solving strategies they possessed 

were definitely not gained through education; “From what I remember, my education 

was kind of putting me back a lot!” Participant 6032 contended however that some skills 

may have been gained at school; “maybe artistic studies, like ‘Graph 

Comm[unication]’… because you’re very commonly seeking out and pointing out 

relationships between things.” Participants 6010 and 6032 both had some 

programming experience that they perceived to be beneficial in developing their 
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problem-solving skills. 6010 suggested “Through practice I think, of the coding”, also 

claiming “I like to challenge myself with different bits of code!” 6032 suggested; 

“Developing a solution comes naturally when you learn to code!” and requires “Patience 

definitely”, but also, “Mental acuity is definitely important.” 6032 also preferred “to figure 

something out myself because… if you teach something yourself… then it’ll stick a lot 

harder than if someone else teaches it to you.” 

 

Problem-solving skills awareness 

Although unable to name any specific problem-solving skills, the participants in the 

development category demonstrated some awareness of applicable approaches: 

 

Trial and error and Best Fit 

Participant 6010 suggested “Trial and error… working through what it looks like”. 

Regarding a possible best fit approach, 6024 indicated; “If I've got a basic knowledge 

of… the actual problem… I probably wouldn't use trial and error. I'd look at it and use 

my past experience to work it out, but if I have no idea… then I’d use trial and error”, 

“but once I’d worked that one out (indicating question nineteen), I used the same 

process for the rest of them!” The participant claimed; “I would use that, because there 

have been times when I've used stuff from previous programs”. Participant 6032 

agreed; “I have referred to old code to remind me of things!”, but with a caveat:  “very 

rarely, based on the situation! For mathematical solutions, there's no way that would 

work”. 

 

Encountering complex or difficult problems 

The participants in this category described two problem comprehension techniques; 

close analysis and visualisation, and two basic problem-solving techniques; getting 

help or using the Internet. Their responses were very similar: 

 

Close Analysis 

All three participants indicated a willingness to spend time familiarising themselves with 

a task. Participant 6010 suggested; “I like to look at all the information beforehand… 

work out what the challenge is actually asking me to do… call it research, looking over 
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the data that's been handed to me… forming a solution from it!” 6024 indicated a similar 

approach; “I would try and learn some… material beforehand, just so it's fresh my 

memory… try and read through the task itself pretty thoroughly.” 6032 considered that 

“A certain degree of patience is forced from you when you have no choice but to 

examine something! The more time you spend struggling on something, the more likely 

you are to remember it!” 

 

Visualisation 

Two participants expressed a preference for a graphical approach when visualising a 

complex problem. 6024 stated; “I'd like to take in every detail that I possibly can… take 

some notes and do something a little visual. I’m not really sure about diagrams, but a 

chart or something”. Participant 6032 proposed a similar approach; “I visualise the 

exact nature of how everything works. I basically map it all into a flowchart… in my 

mind, or, if it's a particularly complex solution, actually map it out… trying to figure out 

where the logical fallacies are.” 6032 linked this approach to a decomposition strategy; 

“I’ve noticed very recently that I've been doing that a lot. Just taking things and ripping 

them to their raw components” 

 

Use Internet or Get Help 

Participants 6024 and 6032 demonstrated a difference of opinion regarding the value 

of the Internet in finding solutions or helpful information. 6024 suggested; “It's pretty 

easy…. Google is always your friend isn't it? I've got a fairly decent understanding of 

how to track down information.” 6032 disagreed; “Usually I search the Internet for 

information, but that isn’t generally helpful.” Where a problem was considered too 

complex to solve alone, the participants were in agreement. 6024 claimed; “I do find it 

quite hard to ask for help sometimes. I'll try and rack my brain and stress about it… 

then I’ll think “why don't I just ask? Usually I'd go to the point where I'd be ready to just 

throw in the towel”, adding; “I would see if anyone else had some sort of strategy for 

how they tackled the problem… I would rather find the method, then put it in action!” 

6032 appeared like-minded; “Only if I had a vague idea that they’d know! Because if I 

ask someone else to do it for me, there's no way I'm going to learn from it!” 
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Testing Category 

The following participants were selected for interview in the testing category, with the 

reason for selection shown; 

 

• 6008 – second highest testing score 

• 6013 - highest testing score, score across all four categories 

 

Other than the sensing trait, the two participants appeared to have opposing personality 

types. 

 

Problem-solving skills application 

Close Analysis, Logic and Lateral Thinking 

In relation to question nine, participant 6008 outlined a rather cautious close analysis 

approach; “I've got a sort of logical kind of mind. I just count each one, take it step-by-

step… I don't just go straight into it”. However, participant 6013 described a different 

approach to question nine; “I found the total number of triangles and then the total 

number of blue triangles and divided by one hundred.” This hints at a lateral thinking 

approach. 

 

Problem-solving skills acquisition 

Both participants appeared to regard education as a source of problem-solving skills, 

while acknowledging personal interests as contributing also: 

 

Self-taught or Education 

Participant 6008 had prior experience of application development, indicating; “I've 

taught myself through… YouTube… using lots of different websites… tried to kind of 

put everything together, work it out”, adding; “I've… developed apps for iOS, and some 

complex ones as well”. Both participants proposed that education may have contributed 

to their problem-solving skills development. Participant 6008 contended that “You need 

to be able to understand it from the start, at least a little bit as you’re being taught it”, 

while 6013 proposed that “Knowledge of computing and admin throughout my years of 

high school and college”, were key factors. 6013 also suggested that “Working out 

percentages and stuff is quite easy compared to stuff you learn in Higher Maths”. 
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Strategy-gaming 

Participant 6013 claimed to “play a lot of video games, so …quite a lot of games are 

problem-solving orientated”. Asked what type of games, 6013 replied; “tower defence 

games… you've got to… think about pathing… where the enemy might go, good places 

to up defences!” 

 

Problem-solving skills awareness 

In considering their awareness of problem-solving strategies, two approaches were 

described by the participants, seemingly linked: 

 

Trial and error or Best Fit 

Logic was considered key for 6008; “I just read a question and just come up with the 

most logical way to solve it, and go straight into it”. Asked whether they commonly 

resorted to a trial and error approach, 6008 admitted “Yeah, a lot!” Participant 6008 

conjectured that “if I read the question and… understand exactly what it wants me to 

do… like a best fit, decide, this is what I think it is”, although 6013 was more emphatic 

about using a best fit approach; “try something out, if it doesn't work, change it! It’s 

done!” This suggests the application of a best fit approach in combination with trial and 

error. 

 

Encountering complex or difficult problems 

Planning 

Having some experience in software testing from Higher Computing, participant 6013 

claimed they would “Assess the situation, see what's required... how the system 

works… plan ahead maybe, write down a… test plan and implement it”. The problem-

solving skills identified in this statement were; close analysis, decomposition, 

visualisation, planning and trial and error. 

 

Get help / Use Internet 

Participant 6013 did not mind “Asking for help if there’s anyone around… if you're in a 

classroom situation, working together is always good.” 6008 suggested they would “ask 

for help or… go on to the Internet, read through… examples of other people having 
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problems… it just triggers something and… then I figure it out”. 6013 used the Internet 

to “See if anyone else has come across the problem before. Ask around… online 

forums and stuff”. 

 

All Categories 

Participant 6005 scored in the top ten in all four categories of the CPAT (Appendix I, 

Section 8.9.1: Table 50) and was interviewed in order to gain an appreciation of their 

potentially generic problem-solving skills. 

 

Problem-solving skills application 

In describing their approach to certain CPAT questions, participant 6005 indicated a 

lateral thinking strategy. For questions twenty-three to twenty-four, navigating the grid, 

6005 indicated (turning the paper); “so I could remember where I was and I could turn 

it back around, read the question”. For question twenty-nine, which surprisingly few 

participants succeeded in answering correctly, 6005 explained; “It was bigger values 

and you had to swap it”. 

 

Problem-solving skills acquisition 

Participant 6005 could name only one formative interest that might have contributed to 

their problem-solving skills development, however, described the application of close 

analysis, decomposition and visualisation problem-solving techniques. 6005 expressed 

an interest in; “strategy games really, management games… ‘Football Manager’, I’ve 

played!  ‘Hearts of Iron 4’… it's mainly management… ‘Tropical’, I’ve played that a bit!” 

6005 aimed to attain; “A good understanding of the question? By reading it carefully 

and thinking about [it]!” Tied to close analysis, 6005 proposed; “I'd break it down into 

steps. Linking visualisation to decomposition, 6005 indicated; “It sometimes helps me 

to visualise it or to remember it, by breaking it down. I’d write it down, or draw 

something!” 

 

Problem-solving skills awareness 

Although unable to name specific problem-solving strategies, when asked, participant 

6005 contended applying trial and error, best fit and decomposition techniques. Asked 
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if they ever used a trial and error approach, 6005 suggested; “When I kind of know what 

I'm doing, but not fully!” Asked if they had used a best fit approach, 6005 indicated; “An 

educated guess? I do that a lot! Yeah!” 6005 related decomposition to education, using 

it “with the Maths mostly… or like a big problem. I've always enjoyed Maths sort of stuff, 

I've always enjoyed Physics”. 

 

Encountering complex or difficult problems 

In encountering complex or difficult problems, participant 6005 lacked any specific 

strategies, however gave similar answers to the participants in the development 

category. 6005 proposed a trial and error approach, although linked to visualisation; 

“Sometimes trial and error, and if I can… I like to take a step back, get my mind in 

somewhere else… come back to it. On the second attempt, everything just seems a lot 

clearer.” 6005 considered the Internet a useful resource; “Google… very successful!” 

Like participants in other categories, 6005 was reticent to seek assistance; “I wouldn't 

just ask anyone. It's usually someone that I know, who knows what they're doing. After 

I've tried everything!” 

 

4.14. Triangulation within Phase Two 

4.14.1. HNC computing Interviews 

Whole sample analysis 

Of the participants selected for interview, most were top or joint-top scorers in their 

respective question type categories. 6005 was the only participant other than 6024 

(development joint top-scorer) and 6013 (testing top-scorer), to appear on all four 

scoreboards (see Appendix I, Section 8.9.1: Table 50). Participant 6003 came second 

in analysis and was joint third in development. Considering the interview responses of 

the whole sample together provided an overview of the similarities and differences 

within the sample, pertinent to problem-solving strategy awareness, acquisition, 

selection and application. 
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Problem-solving skills application 

Participant responses were categorised and statistically assessed to determine which 

problem-solving skills were most commonly applied. The skills identified comprised ten 

distinct categories (Fig. 4.62). 

 
 

 

Figure 4.62 Problem-solving skills applied in CPAT by all Interview participants 

 

These skills can be grouped into two categories, as listed in Table 7, along with the 

number of participants describing each. 
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Table 7 Ranking of skills applied by participants in CPAT 
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The CPAT was designed to test problem-solving skills for computer programming 

capability, and it is noticeable that the two skills groups identified roughly encompass; 

problem comprehension (analysis/design) and problem-solving (development/testing) 

skills, as applied by software development personnel in real software development 

projects. These skills are clearly not distinct however, but can be applied independently, 

sequentially, in conjunction with each other, or hybridised to form heuristic skills 

(Zimmerman and Campillo, 2003). 

 

Problem-solving skills acquisition 

When asked how their problem-solving skills were acquired, participants proposed a 

variety of potential sources (Fig. 4.63). Only two of the eleven participants considered 

their problem-solving skills obtained through education, with the majority outlining self-

learning or personal interests as probable sources. 

 

 

Figure 4.63 Problem-solving skill acquisition of participants 

 

Table 8 categorises the skills and potential acquisition sources identified, as either 

problem comprehension or problem-solving.  
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Problem Comprehension Problem-solving 

Education (3) Strategy Gaming (10) 

Close Analysis (3) Puzzle Gaming (4) 

Decomposition (2) Experience (2) 

Pattern Recognition (2) Disassembly/Reassembly (1) 

Spatial Awareness (2) Best Fit (1) 

Self-taught (2) Mathematics (1) 

Visualisation (1) Use Internet (1) 

Table 8 Ranked acquired skills of participants 

 

Two participants had previously developed applications, one out of personal interest, 

the other for a theatre group, although both cited self-motivation as the impetus. Four 

participants described modifying or experimenting with code for fun. The most 

commonly cited problem-solving acquisition sources were strategy-gaming, proposed 

by ten of the eleven participants, and puzzle-gaming identified by four participants. 

While PC or console games were popular, four participants mentioned playing chess 

and two cited board games. ‘Jenga’, ‘Lego’, Crosswords and ‘Warhammer’ were also 

mentioned, while one participant suggested that altering sewing patterns may have 

aided their development of pattern-recognition skills. 

 

Problem-solving skills awareness 

Having described their problem-solving skills application in the CPAT and outlined 

possible sources for the acquisition of those skills, participants were asked to name or 

describe problem-solving approaches that they were consciously aware of (Fig. 4.64). 
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Figure 4.64 Participant problem-solving skills awareness 

 

The majority of responses described techniques closely matching those indicated by 

software development personnel (see Section 4.11.3), although only half of the 

interview sample indicated having prior programming experience. As with problem-

solving application, the techniques outlined could be grouped into two categories: 
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Encountering complex or difficult problems 

When asked about the actions they would take in confronting a complex or novel 

problem, participants described a number of techniques they might apply. The problem 

comprehension skills of close analysis, decomposition and visualisation appeared to 

dominate (Fig. 4.65). The identification of these techniques suggests that, while a 

proportion were prepared to consider a problem independently before seeking help 

elsewhere, the majority lacked the problem-solving techniques enabling them to do so. 

Instead, they relied on external sources of information to provide assistance. 

 

 

Figure 4.65 Participant strategy selection when encountering difficult problems 

 

Frequently identified, although basic problem-solving strategies, were using the 

Internet or getting help from a classmate or lecturer (Table 10). These skills appeared 

closely connected and representative of an inexperience level that participants 

identified in themselves. 
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Most participants claimed they would be reticent asking for help, with some suggesting 

that if doing so, they would be interested in learning the method of achieving a solution 

rather than the solution itself.  

 

4.14.2. Interview Responses by CPAT Category 

A deeper examination was conducted to consider participant performance within each 

CPAT question category, to determine whether there were indications at interview of 

potential suitability for the corresponding software development role. This was 

designed to address the third research question aimed at HNC computing students: 

 

What relationships exist between personality type, traits, or trait groupings and 

problem-solving strategy selection in novice computer programming students? 

 

3. To what extent do student problem-solving strategy skills determine potential 

suitability for specific roles within the software development industry? 

 

CPAT Analysis Category 

Problem-solving Skills Application 

HNC computing student participants scoring highest in the analysis category, identified 

a small selection of strategies applied in the CPAT (Fig. 4.66). These were mainly 

problem comprehension rather than problem-solving skills (consistent with the analysis 

role), with visualisation ranked highest. Close analysis ranked joint-second with 

mathematics, with planning and spatial awareness also identified. 
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Figure 4.66 Problem-solving skills applied by Top 13 scorers in CPAT Analysis Category 

 

Problem-solving Skills Acquisition 

In terms of problem-solving skill acquisition, participants who performed well in the 

analysis category, while identifying a variety of possible sources, heavily favoured two 

options; strategy-gaming and puzzle-gaming (Fig. 4.67). Strategy-gaming in particular 

scored highly, suggesting that for the CPAT analysis questions, experience and 

understanding of strategy application was a significant factor. 

 

 

Figure 4.67 Problem-solving skill acquisition of by Top 13 scorers in CPAT Analysis Category 
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Problem-solving Skills Awareness 

While participants in this category were unable to name problem-solving strategies, 

they did manage to describe a limited range (Fig. 4.68). These largely favoured problem 

comprehension skills; decomposition, sequencing and visualisation, with trial and error 

and best fit, the only problem-solving strategies outlined, both of which can be linked 

to inexperience. 

 

 

Figure 4.68 Problem-solving skill awareness of by Top 13 scorers in CPAT Analysis Category 
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Figure 4.69 Top 13 CPAT Analysis Category scorers approaches to complex problems 

Other problem comprehension skills; planning, sequencing and decomposition also 

featured, with best fit and using the Internet, the only two problem-solving skills 

outlined. This selection might reflect the inexperience of the participants, but could be 
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critical. 
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modification, experimentation, close analysis, trial and error, sequencing and 

decomposition. 

 

CPAT Design Category 

There were only two participants in the design category, identifying four skills applied 

in answering the CPAT design questions; close analysis, decomposition, pattern-

recognition and best fit (Fig. 4.70). Like the analysis category participants, problem 

comprehension appeared a priority, with a seemingly limited range of problem-solving 

strategies available to select from. 

 

 

Figure 4.70 Problem-solving skills applied by Top 8 scorers in CPAT Design Category 

 

Problem-solving Skills Acquisition 

As with participants performing well in the analysis category, those in design also 
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Figure 4.71 Problem-solving skill acquisition of by Top 8 scorers in CPAT Design Category 

 

Problem-solving Skills Awareness 

Participants in the design category only managed to describe the most basic problem-

solving strategy of trial and error (Fig. 4.72). 

 

 

Figure 4.72 Problem-solving skill awareness of by Top 8 scorers in CPAT Design Category 
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complex or novel problem (Fig. 4.73). Primary problem-solving techniques identified 

were best fit, using the Internet, or getting help. 

 

 

Figure 4.73 Top 8 CPAT Design Category scorers approaches to complex problems 

 

Review of Design Category 
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Figure 4.74 Problem-solving skills applied by Top 15 scorers in CPAT Development Category 

 

As with participants in the analysis and design categories, participants in the 

development category focussed heavily on problem comprehension (Fig. 4.74). This 

appears to have been the main difference between students in this category and SD 

personnel with a development preference. Close analysis, pattern-recognition and 

visualisation all ranked highly, with lateral thinking, a skill not indicated in previous 

categories, also making an appearance. The only problem-solving skill indicated was 

mathematics, mentioned by a number of participants and clearly regarded as 

fundamental for questions of this nature. 
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Figure 4.75 Problem-solving skill acquisition of by Top 15 scorers in CPAT Development Category 

 

Problem-solving Skills Awareness 

As with the other categories, participants in the development category were largely 

unable to name any specific problem-solving strategies, although they all described a 

best-fit approach (Fig. 4.76). The identification of this vital software development skill 

perhaps stemmed from the limited software development experience possessed by the 

participants, or was intuitively recognised by them, having applied it in the CPAT. 

 

 

Figure 4.76 Problem-solving skill awareness of by Top 15 scorers in CPAT Development Category 
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Encountering Complex Problems 

When encountering complex or novel problems, skills outlined by participants in the 

development category matched quite closely those identified in design. Close analysis 

was again the highest-ranking skill, followed by visualisation and decomposition (Fig. 

4.77). The Internet or getting help appeared to be the primary problem-solving 

approaches employed by those in the development category. 

 

 

Figure 4.77 Top 15 CPAT Development Category scorers approaches to complex problems 

 

Review of Development Category 

Three participants in the CPAT development category achieved full marks, the only 

category in which full marks were achieved. In relation to problem-solving skills 

application, two participants discussed mathematics and two described pattern-
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strategy-gaming experience, while two proposed being self-taught. In terms of problem-

solving skills awareness, all three participants described a “best fit” approach, and two 

described trial and error. When encountering complex problems, two participants 

described close analysis and two indicated the importance of visualisation. Using the 

Internet and getting help were favoured, although seeking help was presented as an 

absolute last resort and primarily to facilitate understanding rather than to obtain a 

solution. 
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CPAT Testing Category 

Problem-solving Skills Application 

Participants in the testing category described four problem-solving strategies applied 

to the CPAT testing category questions, including logic and lateral thinking (Fig. 4.78). 

The SD personnel participant in the testing category also highlighted the importance of 

these two skills (see Section 4.11.4). The other skills identified were problem 

comprehension skills; close analysis and decomposition. 

 

 

Figure 4.78 Problem-solving skills applied by Top 10 scorers in CPAT Testing Category 

 

Problem-solving Skills Acquisition 

Unlike other categories, participants in testing considered education the most likely 

source of their problem-solving skills (Fig. 4.79). Strategy-gaming featured again, as in 

all of the categories, and must therefore be considered as a potentially crucial element 

in the development of problem-solving skills. 
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Figure 4.79 Problem-solving skill acquisition of by Top 10 scorers in CPAT Testing Category 

 

Problem-solving Skills Awareness 

In considering their awareness of specific problem-solving strategies, participants in 

the testing category described two approaches, best fit and trial and error (Fig. 4.80). 

The importance of logic was again highlighted, indicating that it might be of particular 

importance when tackling problems of this nature. 

 

 

Figure 4.80 Problem-solving skill awareness of by Top 130 scorers in CPAT Testing Category 
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Encountering Complex Problems 

While the participants considered close analysis and planning techniques when 

encountering a complex or novel problem, they appeared more inclined to use the 

Internet or to get help in order to solve it (Fig. 4.81).  

 

 

Figure 4.81 Top 10 CPAT Testing Category scorers approaches to complex problems 

 

Review of Testing Category 

The two participants scoring highest in the testing category of the CPAT, both had 

programming experience from studying Higher Computing at secondary school. 

However their study experiences had been very different, with participant 6008 having 
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while participant 6013 reported an enjoyable experience and in particular described the 

importance of detailed planning before tackling a software development problem. 
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5. Findings 

5.1. Introduction 

This section examines the findings of data analysis, comprising, firstly, an examination 

of the demographics from both samples, followed by a review of the data collected and 

analysis of each research question, sub-questions first, followed by the main questions. 

The focus is on personality data initially, followed by problem-solving data, for both 

samples, then a triangulation of data from both studies, considering the following over-

arching research question: 

 

What relationships exist between novice computer programming students and 

software development personnel, personality type and problem-solving strategy 

selection and application? 

 

5.2. Overall aims of research 

The purpose of this research was to examine the personalities and problem-solving 

skill strategy selection and application of software development personnel, and to use 

that data as a foundation for a similar examination of the same attributes in novice HNC 

computing students, to determine potential suitability for industry specific roles. A 

variety of tools and techniques were employed for this purpose. The KTS-II personality 

test was distributed to both samples and the CPAT problem-solving test to HNC 

computing students only. Selected participants from both samples were interviewed 

regarding their problem-solving skill strategy selection and application, SD personnel 

in a work-related context and HNC computing students in relation to their CPAT 

performance and educational experience. Demographic information was also collected 

from both samples to provide background context, and to help compare and contrast 

the samples with those of other studies. 

 

Analysis was first conducted on the personality test data of SD personnel. Interviews 

were then fully transcribed and responses analysed and triangulated within the SD 

personnel sample. With the data from the HNC computing student sample, personality 

testing was analysed first, followed by CPAT responses, indicative of problem-solving 
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skill strategy selection and application. Student participants for interview were selected 

for interview based principally upon their CPAT performance. The interviews were also 

fully transcribed then analysed, and data within the sample triangulated. To attempt an 

examination of the over-arching research question, data from both samples was 

triangulated. 

 

5.3. First study with SD personnel 

5.3.1. Purpose of Study 

The purpose of the first study was to provide suitable background information from a 

sample of software development personnel, in order to be able to compare or contrast 

personalities and problem-solving skill strategy selection and application with an HNC 

computing student sample. The principal research question in this study sought to 

determine whether personality and/or problem-solving skill strategy selection and 

application could be linked to specific industry roles, namely; analysis, design, 

development and testing. The sub-questions were examined first before attempting to 

answer this principal question. The specific areas of research examined were; 

personality types and traits by software role preference, the acquisition, selection, and 

application of problem-solving strategies by software role preference, and a 

triangulation of these. The relevant research questions were: 

 

To what extent do personality type, traits, or trait groupings and problem-solving 

strategy awareness / application, indicate suitability for specific roles within the 

software development industry? 

 

1. How influential are personality types, traits, or trait groupings in determining 

suitability for specific roles within the software development industry? 

2. How do software development personnel recognise, acquire, select and apply 

problem-solving strategies? 

3. How influential are problem-solving strategy skills in determining suitability for 

specific roles within the software development industry? 
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5.3.2. Conducting the First Study with SD Personnel 

The first sub-question with regards to SD personnel was: 

 

1. How influential are personality types, traits, or trait groupings in 

determining suitability for specific roles within the software development 

industry? 

 

5.3.3. Data Analysis – SD personality 

The data collected through the KTS-II was analysed in a number of ways. Firstly, an 

overall consideration was given to question responses where more than 70% of the 

sample gave the same response, with questions grouped by trait pairing. The 

personality types in the sample were then considered as a whole, and finally, average 

trait deviations were considered, taking a 50/50 split as a zero marker, with a positive 

value assigned to the left-hand column of the trait pairing and a negative value to the 

right-hand column, so that for the ISTJ type participant demonstrated in Figure 4.11, 

their trait deviations would have been calculated as shown in Table 11. 

 

Trait Pairing (+/-) E/I S/N T/F J/P 

Trait I S T J 

Percentage 90 70 60 70 

Deviation -40 20 10 20 

Table 11 Calculating trait deviations 

 

To consider fully the above research question, participants were split into groups 

according to role preference, as specified by the demographic information they had 

supplied. The above process was then repeated, considering personality types within 

each group and the average trait deviations across each group. All groupings were 

compiled into Microsoft Excel charts to provide a visual representation of the data. 
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Whole Sample Personality Types 

Analysing question responses by trait pairing, where average overall response was 

greater than 70% in favour of one answer, a broad sample perspective was obtained, 

demonstrating a general tendency towards introversion, sensing and judging, with a 

roughly even split between thinking and feeling traits (Appendix G, Section 8.7). This 

suggested that ISTJ and ISFJ types would be most common across the whole sample. 

The veracity of this deduction would be later ascertained by closer analysis of all 

participant personality types. 

 

Examining the personality types within the whole sample (Table 12), it was found that 

ISTJ was the most common type (Inspector - 20.5%), followed by ISFJ (Protector - 

19%). ESFJ was close behind on 12.5% (Provider) and ESTJ on 11% (Supervisor), 

with the remaining less significant types; ISTP (8%), INFP (8%) and ESFP (6%). These 

seven types made up 85% of the sample. Altogether, thirteen types were identified, 

however the remaining seven ranged between 1-4%, considered to be relatively 

insignificant amounts. 

 

ARTISAN GUARDIAN RATIONAL IDEALIST 

ESTP (0.75%) ESTJ (11%) ENTJ ENFJ 

ISTP (8%) ISTJ (20.5%) INTJ (5%) INFJ (3%) 

ESFP (6%) ESFJ (12.5%) ENTP ENFP (3%) 

ISFP (0.75%) ISFJ (19%) INTP (3.5%) INFP (8%) 

Total – 15.5% Total – 63% Total – 7.5% Total – 14% 

Table 12 Percentages of each SD personnel personality type by KTS-II grouping 

 

The guardian type, identified by Gulati et al. (2016) as making the best programmers 

in students, were described by Keirsey.com (2018) as “experts at doing what needs to 

be done in the manner it must be done. They are dependable, accountable, realistic, 

and service-oriented”. This description corresponds quite well with the responses given 

by software developers in the SD personnel sample, at interview.  
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Of the twenty-five SD personnel with a development preference, 60% were guardian 

types. Of the eight participants with a leadership presence, 50% were guardian and the 

remaining 50%, artisan/guardian. Of those with a preference for testing, 66% were 

guardian types, while 50% of those in design and analysis were also the guardian 

temperament. 

 

There were only four distinct artisan types scattered throughout the sample, although 

eight artisan/guardian combinations were present, of which four expressed a leadership 

preference and three a development preference. The description given by Keirsey.com 

(2018) suggests that “Artisans are crisis managers and trouble-shooters. They can be 

experts at solving problems and doing what is necessary, whether they are expressly 

permitted to or not”. This description is very much in keeping with the SD personnel in 

this category who expressed a preference for leadership roles, personnel who were 

generally very experienced, confident, and articulate at interview. 

 

One of the idealists in the sample expressed a preference for design, another for IT 

support. Keirsey.com (2018) suggested that “Idealists are usually positive, helpful, and 

people-oriented. They can be experts at dealing with the human resource concerns of 

an organization”. This description very much matches the front-facing IT Support role 

preference of participant 7018, the sole INFJ type in the sample. 

 

Only one of the rationalists in the sample expressed a preference for design. 

Keirsey.com (2018) regarded rationalists as “conceptualising and responsive to ideas, 

striving to predict, and preferring to follow guidelines rather than rules”. This description 

appears to accurately reflect the characteristics of a design role and although the other 

design personnel in the sample were spread across the KTS-II temperaments, those 

interviewed indicated possessing similar perspectives. 

 

Personality Types by Preferred Role 

Grouping participants by role preference; analysis, design, development and testing, 

consideration was given to personality types, to determine whether specific types might 

prefer specific roles. An additional role, leadership, was also identified and considered, 
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although could not realistically be extended to the student sample. Six SD personnel 

participants expressed a preference for analysis, six for design, twenty-seven for 

development, three for testing and eight for leadership. 

 

Analysis 

Of the six participants with a preference for analysis, seven personality types were 

identified (Fig. 4.13). This distribution was too broad to associate any specific 

personality type with the analysis role, however closer scrutiny suggested that sensing 

was a significant trait, present in 87%, as was also apparent in the study of Schaubhut 

and Thompson (2008). While there was a seeming split between introversion and 

extraversion, ‘STJ’, ‘SFJ’ and ‘STP’ combinations also accounted for 87% of the 

sample, suggesting that these trait combinations could be associated with the analysis 

role. Capretz et al. (2015) observed that ‘SP’, ‘SJ’ and ‘NF’ trait combinations were the 

most common in analysts, however, an ‘ST’ trait combination was considered ideal by 

Gorla and Lam (2004) and an ESTJ type in particular by Martinez et al. (2010). 

 

Design 

As with the analysis category, the design category returned a broad range of 

personality types, with a different type for each participant in the group (Fig. 4.14). A 

broader sample would be required in order to associate any particular type with the 

design role, however, introversion and feeling were present in 67% of the sample 

respectively. Capretz et al. (2015) associated ‘NT’ and ‘NF’ trait combinations with 

design. 

 

Development 

The development group had the largest representation, potentially presenting the best 

data for analysis. The twenty-seven participants in the group comprised twelve 

personality types (Fig. 4.15). Six types had representation levels of 2-6%, so ignoring 

those as not particularly significant, the remaining six types were distributed as follows: 
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1. ISTJ – 24% 

2. ESTJ – 15% 

3. ISFJ – 11% 

4. INFP – 11% 

5. ESFJ – 7% 

6. INTJ – 7% 

 

Five of these six personality types were introverted. Five out of six also possessed the 

judging trait. This strongly suggests that an ‘IJ’ trait combination plays a significant role 

in the coding aspect of software development, where Capretz et al. (2015) had 

proposed an ‘NF’ combination to be most common, although Gorla and Lam considered 

an ‘ESJ’ combination ideal. The ISTP type identified by Martinez et al. (2010) as most 

suited to programming only accounted for 3% of those with a programming preference 

in this research sample. 

 

Testing 

There were only three participants in the testing category, each with distinct personality 

types (Fig. 4.16). The issues encountered in trying to obtain participants for this 

particular group were outlined previously in Section 4.12.4. The only trait common to 

all participants was sensing. The sensing trait was also dominant in the large samples 

of Schaubhut and Thompson (2008) and the sample of Capretz et al. (2015), who 

suggested that testing was a very unpopular task for software development personnel. 

 

Leadership 

Although not originally considered in the design of this research, eight participants 

identified themselves as having a preference for leadership and their personality types 

were examined. Five of the participants were extroverted (63%), however, as in the 

testing category, all possessed the sensing trait (Fig. 4.17), which was also fairly 

dominant in the analysis category. This combination of extraversion and sensing may 

be a significant factor in software development leadership. Smith et al. (2016) also 

observed a tendency towards extraversion in software development personnel with a 

leadership preference, however Gorla and Lam (2004) proposed that the ideal team 

leader would be an ‘NFJ’ type. 
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Average Personality Trait Deviations by Role Preference 

Considering the sample as a whole, the average trait deviations were calculated using 

individual percentages scores for each trait (Fig. 4.18). This confirmed the findings 

outlined in Section 4.4.5, that ISTJ (Inspector) and ISFJ (Protector) were the most 

common personality types, with introversion exhibiting an average 12% deviation from 

the baseline, sensing an 8.5% deviation and judging a 6.5% deviation. With thinking 

exhibiting only a 0.5% deviation, the thinking/feeling trait pairing appears less 

significant than the other three pairings. 

 

Analysis 

The analysis group demonstrated a strong tendency towards introversion (Fig. 4.19). 

Other traits were less significant, with thinking exhibiting a 4.5% deviation, sensing 

3.5% and judging 2%. This would appear to suggest that the best suited personality 

type for analysis would be an ‘IST’ type. Capretz et al. (2015) suggested that ESTJ, 

ESTP and ISTJ types were the most common in those who preferred analysis, although 

for Schaubhut and Thompson (2008) an ISTJ type (Inspector) was the most common, 

followed by ESTJ (Supervisor). That would appear to suggest that an ‘STJ’ trait 

combination is more important, with the introversion/extraversion trait pairing, less 

influential. 

 

Design 

The design group exhibited similar deviations towards introversion (10%) and thinking 

(4%), as the analysis group, however, demonstrated a 6% trait deviation towards 

intuition rather than sensing (Fig. 4.20). The judging and perceiving trait pairing 

remained on the zero baseline, suggesting little significance in these traits. Based on 

these trait deviations, it could be proposed that INTJ and INTP personality types are 

best suited to a design role. Capretz et al. (2015) observed that ESTJ, ESTP and ISTJ 

types were most common in those preferring design tasks, suggesting that analysis 

and design preferences had a high degree of correspondence with personality type. 

Only the introversion and thinking trait link the findings of that study to this one. 
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Development 

The trait deviations in the development group were as expected, based upon the 

findings outlined in Section 4.4.8. There was a very strong average trait deviation 

towards introversion (14%), with 9% deviations towards sensing and judging (Fig. 

4.21). The lowest deviation was towards thinking at 5%. This would appear to suggest 

that ISTJ personality types are the most suitable for development roles. In their sample 

of 1719 programmers, Schaubhut and Thompson (2008) observed that 19.4% were of 

the ISTJ type, the highest value in that sample and also in this study. Capretz et al. 

(2015) identified ESTJ as the most common type with a programming task preference, 

although that was from a sample of one hundred, mainly professors, and in a sample 

that appeared to have an exaggerated inclination towards extraversion. The ‘STJ’ traits 

link both of those studies to this one, with the importance of the 

introversion/extraversion trait pairing questionable, and as previously suggested, 

perhaps linked to organisational size and structure. 

 

Testing 

Although there were only three participants with a preference for testing, the least 

represented role preference, a 10% deviation towards introversion was notable (Fig. 

4.22). While there was also an 8% deviation towards thinking and a 3% deviation 

towards judging, the greatest overall deviation was towards sensing at 18%, suggesting 

that this trait is very important in testing. Taken overall, the trait deviations suggest an 

ISTJ type as best suited to the role.  

 

Leadership 

In the leadership group, the greatest average trait deviation, as with testing, was 

towards sensing, at 17% a significant indicator. Judging also registered a deviation of 

7%, which may also be significant. Of all groups, this was the only group leaning 

towards extraversion, although at 2.5%, perhaps not significantly so. With a 1% 

deviation towards feeling over thinking, that trait pairing also appears of little 

significance. Based on the reported trait deviations, it would appear that an ESFJ 

personality type is best suited to leadership, with the ‘SJ’ component the most 

important. Smith et al. (2016) using the Five Factor model, observed that leaders of 
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software development teams were slightly more inclined to be extraverted, but 

unfortunately no comparable studies of personality in software leadership could be 

found where the MBTI® or KTS-II had been applied. Because leadership roles usually 

develop out of significant experience in one or more of the four main roles under 

consideration and because HNC computing students for the most part had very limited 

software development experience, the leadership role was not considered any further 

in this research. 

 

5.3.4. Personality Findings 

It was proposed by Sach et al. (2010) and Gulati et al. (2016) that individuals exhibiting 

the ‘sensing’ and ‘judging’ traits performed best in software development, while those 

who exhibited the ‘feeling’ trait were less well suited. This is somewhat borne out by 

the sample make-up, with 79.5% of the sample tending towards ‘sensing’ and 67% 

towards ‘judging’. This is comparable with the findings of Sach et al. (2010) who 

recorded 80.3% tending towards ‘sensing’ and 67% towards ‘judging’. The results are 

almost identical. This would appear to suggest that of the two traits, ‘sensing’ is the 

most important. It could also be discerned form the samples of Schaubhut and 

Thompson (2008), that sensing was the most important trait, although it seemed that 

an ‘ST’ trait combination was slightly more common than ‘SJ’. The ‘guardian’ category 

comprising 63% of the sample in this study, combines the sensing and judging traits, 

suggesting that types that fall within this category are likely to be best suited, although 

for the large samples of Schaubhut and Thompson (2008), an ‘SJ’ trait combination 

accounted for roughly 40% and for Capretz et al. (2015), 44%. Participants exhibiting 

the ‘feeling’ trait made up 47.5% of this sample, suggesting that they cannot be as 

unsuited to software development as proposed by Gulati et al. (2016), however, the 

majority expressed a preference for analysis, design, or leadership roles, rather than 

development. This research in examining role preferences, appears to support the 

notion that different personality types, or at least traits, can be linked to specific software 

development roles. 

 

The Software Industry 

The findings of this research agreed with McConnell (2003), Schaubhut and Thompson 

(2008), Montequin et al. (2012) and Gilal et al. (2017), in observing the ISTJ personality 
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type to be the most dominant in the software industry. The ISTJ type made up 24% of 

this sample. For Schaubhut and Thompson (2008), across their three large samples, it 

was roughly 18%. McConnell also observed that 60% of software developers with 

bachelor’s degrees possessed an ‘ST’ trait combination, which the author linked to 

education. That was in comparison to 30% of the general population. In this sample, 

46% of participants across all roles possessed an ‘ST’ trait combination, although that 

figure was actually 52% for those with a development preference. Although this figure 

is lower than that of McConnell (2003), it is still fairly high. Schaubhut and Thompson 

(2008) observed an average 45% ‘ST’ trait combination across their three samples, 

with the highest figure, 47.6% for programmers. The argument of Capretz (2003) that 

ISTP types make the best programmers, is a difficult one to prove or disprove as any 

measure of programming ability must be subjective. There were very few ISTP types 

in this sample and they were spread across all of the individual roles. 

 

Individual SD Roles 

Very little research has been conducted with regard to individual software development 

roles, however, Bradbary and Garrett (2005) associated personality types with certain 

problem-solving skills that could also be associated with specific roles. The authors 

suggested the following: 

 

• ENTP/ISTP – ingenious problem-solvers, ideal where novel solutions required 

• ENTJ – organised and regimented, good with large messy projects 

• INTP – tinkerers, fine-tuners, good for large complex problems 

• INFJ – tactful and empathetic, good at handling people 

 

Notably, there were no ENTP types in the whole sample, although there were two 0.5 

ISTP types, borderline on judging/perceiving and both expressing a preference for a 

leadership role. There were also very few ENTJ types in the sample, only one in each 

role, and no INTP types at all. There was a 0.5 INFJ type in the sample, in the design 

category, supporting the suppositions of Martinez et al. (2010) and Gilal et al. (2017) 

that the type is unsuited to software development. Overall, the suppositions of Bradbary 

and Garrett (2005) seem to be unsupported by the personality types found in software 
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development, although they could perhaps demonstrate greater relevance in other 

industries. 

 

Capretz (2003) suggested that within software development, ‘ST’ types might be best 

suited to maintaining and adapting software, while ‘TJ’ types might be best suited to 

analyst roles, as generally possessing good communication and problem-solving skills. 

Capretz et al. (2015) observed that ESTJ types were the only personality type exhibiting 

any task preference for testing and maintaining software, while 44% of ‘TJ’ 

combinations preferred analysis tasks, so both initial assertions were supported. In the 

SD personnel sample in this study, of the six participants with an analysis role 

preference, three exhibited an ‘ST’ trait combination (proposed by Gorla and Lam 

(2004) as ideal for analysis), but only 1.5 were ‘TJ’. However, it was clear from interview 

that the two ‘TJ’ participants with an analysis role preference actually had much broader 

responsibilities, so the assertion of the Capretz (2003) appears relevant to this sample. 

The author also proposed that those with a ‘NT’ trait combination might be suitable for 

creative development roles. There were few SD personnel participants with this 

particular trait combination, only one in design and two in development, so the 

proposition does not appear supported based on this sample. Capretz (2003) and 

Martinez et al. (2010) also suggested that an ISTP type made the best programmer (a 

guru), however, in this sample, there were few ISTP types, two in analysis, three in 

development, one in testing and two in leadership. Of these eight, six were in senior or 

very senior positions, all with considerable experience. Two of those with a 

development preference had limited experience, but were arguably employed in very 

technical roles, indicating that perhaps Capretz (2003) was correct in the assertion that 

the ISTP type might make the best developer, although inevitably, it appears that such 

types eventually tend to drift into leadership or managerial type roles, where their 

experience and expertise can be useful in guiding others. 

 

Relevance 

No evidence was found of trait deviations being used to analyse KTS-II results in any 

previous research, although Gilal et al. (2017) did consider respective trait strengths 

across samples. For this research, trait deviations were considered important, because 

individual traits and their relative strengths or weaknesses could be examined across 
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samples and in relation to the four roles identified. In each role, certain traits were seen 

to be particularly strong and their significance could be associated with that particular 

role, giving a more accurate reflection of the personality aspects of each role than 

personality types alone could provide. 

 

Limitations 

Gaining access to software development personnel proved difficult initially and 

persistence was required before permission to proceed was finally granted. The 

breakthrough came when a gatekeeper with a research interest consented to 

organisational participation. An interviewee in the first batch recommended contacting 

an organisation where they were formerly employed, that also immediately consented 

to participation on the same day. Through making a series of contacts, additional 

organisations were eventually persuaded to participate. Where phone calls and e-mails 

had initially proved ineffectual, establishing contacts within the industry helped open 

doors. At the point where even that mechanism no longer proved viable, fifty-four 

participants had completed the KTS-II. Following a determined, but ultimately 

unsuccessful final effort to get more personnel from the software testing side to 

participate, that figure was considered sufficient. 

 

Although a target figure of sixty was initially aimed for, fifty-four software personnel 

eventually took the KTS-II test. The greater part expressed a preference for 

development work, with reasonable numbers also for analysis and design. Ideally the 

number of design preference participants would have been higher, but with only three 

participants preferring testing, that category was definitely under-represented. That 

proved the case despite a number of attempts to engage with software testing 

organisations and despite promises of participation from a few, nothing materialised. 

Whether the information was not passed from the gate-keeper to potential participants, 

or organisational personnel were simply uninterested, can only be surmised. Either 

way, the sample was imbalanced towards those with a development preference and 

away from those with a testing preference. In practice, it was impossible to predict the 

role preferences of SD personnel and perhaps the sample numbers for each role 

preference are representative of industry equivalents.  
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The test instrument (KTS-II) proved to be suitable for the task, although a different 

version which provided tiebreaker questions for each trait pairing was initially 

considered (Tan, 2011). However, the Tan version lacked validity and was therefore 

deemed unsuitable for use. Additionally, it was considered that split traits potentially 

represented a realistic reflection of personality and should be included as encountered 

in the research.  

 

5.4. Second study with HNC computing students 

5.4.1. Purpose of Study 

The purpose of the first study had been to provide suitable background information from 

a sample of software development personnel, in order to be able to compare or contrast 

personalities and problem-solving skill strategy selection and application with an HNC 

computing student sample. The principal research question in this study sought to 

determine whether personality and/or problem-solving skill strategy selection and 

application could be linked to specific industry roles, namely; analysis, design, 

development and testing. The sub-questions were examined first before attempting to 

answer this principal question. The specific areas of research examined were; 

personality types and traits by software role preference, the acquisition, selection, and 

application of problem-solving strategies by software role preference, and triangulation 

of these. The relevant research questions were: 

 

What relationships exist between personality types, traits, or trait groupings and 

problem-solving strategy selection in novice computer programming students? 

 

1. How influential are student personality types, traits, or trait groupings in 

determining suitability for specific software development roles? 

2. How do HNC computing students recognise, acquire, select and apply 

problem-solving strategies? 

3. To what extent do student problem-solving strategy skills determine potential 

suitability for specific roles within the software development industry? 
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5.4.2. Conducting the Second Study with HNC computing students 

The first sub-question was; 

 

1. How influential are student personality types, traits, or trait groupings in 

determining suitability for specific software development roles? 

 

5.4.3. Data Analysis – HNC personality 

The data collected through the KTS-II was analysed in the same manner as for SD 

personnel, with an initial consideration of question responses where over 70% of the 

sample issued the same response, with questions grouped by trait pairing, followed by 

personality types as a whole and average trait deviations. Where SD personnel were 

grouped by role preference, HNC computing participants were split into groups based 

upon category performance in the CPAT. The above process was then repeated, 

considering personality types within each problem-solving category and average trait 

deviations across each category. As with SD personnel, all of the data was compiled 

into Microsoft Excel charts, providing a visual representation of the data. 

 

Whole Sample Personality Types 

Analysing question responses by trait pairing where overall average response was 

greater than 70% in favour of one answer, as with software development personnel, a 

broad perspective of personality in the sample could be determined. Levels of 

introversion/extraversion appeared unimportant, with only one question in this trait 

pairing registering a response over 70%. As with software development personnel, 

there were strong tendencies towards sensing and judging and a roughly even split 

between thinking and feeling (Appendix G, Section 8.7.2). This suggested, that as with 

software personnel, ISTJ and ISFJ types would prove to be common across the whole 

sample, although, unlike software personnel, ESTJ and ESFJ types might also be 

prominent. 

 

Examining HNC computing student personality types within the whole sample, the ISTJ 

type was most frequent (23%), followed by ISFJ (22%). ESFJ types accounted for 17%, 

ISFJ for 13%, and the remaining less significant types; ISFP (7%), ENTJ (5%), and 
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INFP and ESFP, 3.5% each These seven types made up 92% of the sample, with the 

top four accounting for 75%. Altogether, twelve types were identified, however the 

remaining four registered only 1.5% each. Examining types based upon their KTS 

groupings, the top four personality types in the sample all fall within the guardian 

category, proposed by Gulati et al. (2016) as making the best programming students. 

Note that the top four personality types in the SD personnel sample also fell within the 

guardian temperament. 

 

ARTISAN GUARDIAN RATIONAL IDEALIST 

ESTP ESTJ (13%) ENTJ (5%) ENFJ (1.5%) 

ISTP ISTJ (23%) INTJ (1.5%) INFJ (1.5%) 

ESFP (3.5%) ESFJ (17%) ENTP ENFP (1.5%) 

ISFP (7%) ISFJ (22%) INTP INFP (3.5%) 

Total – 10.5% Total – 75% Total – 6.5% Total – 8% 

Table 13 Percentages of each HNC personality type by KTS-II grouping 

 

The supposition of Gulati et al. (2016) that guardian type students make the best 

programmers, is somewhat borne out by the 75% of HNC computing students in the 

sample that were the guardian type (Table 13). This also correlates with the supposition 

of Katira et al. (2004) that ‘SJ’ students perform better than ‘NP’ students on 

programming tasks, although it seems that those with an ‘NP’ trait combination (5%) 

simply avoided this course to begin with. It seems plausible to suggest however, that if 

problem-solving skills are important, then those performing less well in the CPAT would 

be less likely to make good programmers regardless of whether they were guardian 

types or not. 

 

Sach et al. (2010) proposed that artisan and idealist temperaments were unsuitable 

types for computer programming and that proposition appears borne out by the 

findings. One artisan participant did not complete, while another struggled to do so, and 

another who performed poorly in the CPAT also struggled to complete the course. Of 

the idealists in the sample, two participants did not complete the course, however the 

INFP type in the sample, participant 6005, was one of three to score in the top ten of 
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all four CPAT question categories. Two of the three rational participants failed to 

complete the course while the other struggled to complete. 

 

Personality Types by CPAT category performance 

Grouping participants by CPAT performance in the analysis, design, development and 

testing question categories, personality types were again considered, to determine 

whether specific types performed better within certain categories. Seven participants 

were considered for analysis, six for design, fifteen for development and three for 

testing. Participants 6005, 6013 and 6024 were the only participants ranking in all four 

categories, although most participants ranked well in only one category. 

 

Analysis 

Of the thirteen top-scoring participants in the analysis category, nine personality types 

were identified (Fig. 4.25). The three highest ranking personality types in analysis also 

matched the three highest ranking types in the whole sample, and in corresponding 

order (ISFJ, ISTJ and ESFJ). Along with INTJ, these four types made up 69% of the 

analysis group. Closer scrutiny suggested that sensing and judging were significant 

traits in this set, sensing present in 77% and judging in 81%. While there appeared to 

be splits between introversion and extraversion and between thinking and feeling, ‘SJ’ 

combinations (guardian types) made up 65% of the group, suggesting that the trait 

combination could be linked with performance on analysis type questions. This 

corresponds reasonably well to the findings of Schaubhut and Thompson (2008), who 

observed that 41.5% of system analysts, possessed an ‘SJ’ trait combination and closer 

to that of Capretz et al. (2015) who found a 58% ‘SJ’ trait combination in participants 

with an analysis task preference. 

 

Design 

There were six personality types identified in the top eight scorers in the design 

category (Fig. 4.26). Introversion and judging were noticeably present in 88% of the 

group. There were slight tendencies towards sensing over intuition and feeling over 

thinking, but as with analysis, the two highest ranking personality types matched the 

types and ordering of the whole sample. The ‘SJ’ combination was more prevalent here 
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than in analysis, with 81% of the group in the guardian temperament. This figure is 

significantly higher than that of Capretz et al. (2015) who recorded 29% of ‘SJ’ 

(guardian) type software professionals, as having a design task preference. 

 

Development 

As with the SD personnel sample, the HNC computing development group had the 

largest representation, although the number of participants sitting on the category cut-

off mark merited their inclusion, whereas SD personnel were self-selecting based upon 

role preference. The fifteen participants in the category were represented by eight 

personality types (Fig. 4.27). The top three types again matched the top three for the 

whole sample, by rank and ordering.  

 

Notably, of the seven personality types, five were introverted (73% of the group). Six of 

the eight also possessed the judging trait (80% of the group). This is highly suggestive 

that the two traits play a significant role when answering development type questions, 

almost certainly in conjunction with sensing, present in 83% of the group. The data 

appears to indicate that an ‘ISJ’ combination was ideal for the development question 

category. 77% of the participants in this category were guardian types. Compared with 

the studies of Schaubhut and Thompson (2008) and Capretz et al. (2015), the results 

appear exaggerated. Schaubhut and Thompson (2008) found programmers to be 

61.5% introverted, with a 58.3% tendency towards sensing, 56.2% towards judging. 

38.8% demonstrated an ‘SJ’ trait combination and thus fell under the guardian 

temperament. This contrasts with the findings of Capretz et al. (2015), who reported 

37% introverted, with a 74% tendency towards sensing, 59% towards judging, 42.5% 

with an ‘SJ’ trait combination and the guardian temperament. The trait tendencies of 

Capretz et al. (2015) are closer to those in this study, except for 

introversion/extraversion. By comparison, the HNC computing participants with an ‘SJ’ 

trait combination in this study, accounted for 75% of the sample. 

 

Testing 

In the testing category, ten participants were spread across seven personality types 

(Fig. 4.28). The ISTJ and ISFJ types were again in the top two, although not matching 
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the whole sample ordering. The ISTJ type clearly dominated the group. Introversion 

and judging featured heavily at 80% each, with sensing at 75%. The thinking/feeling 

trait was fairly evenly split. As with the development category, an ‘ISJ’ combination 

would appear best suited to testing type questions, although the group exhibited higher 

levels of introversion and lower levels in sensing than development participants. As 

with analysis, 65% of the group were guardian temperaments. In their study, Capretz 

et al. (2015) observed those with a testing task preference to be 35% introverted, 75% 

sensing, 65% judging, and 55% with the guardian temperament. These findings are not 

too dissimilar, although the skewing of the Capretz et al. (2015) sample towards 

extraversion makes it difficult to draw any conclusions regarding the 

introversion/extraversion trait pairing. 

 

Average Personality Trait Deviations by CPAT category performance 

Considering the HNC computing sample as a whole, as with software development 

personnel, the average trait deviations were calculated using the percentage scores for 

each trait (Fig. 4.29). This confirmed the proposition outlined in Section 4.6.3, that ISTJ 

and ISFJ were probably the most common personality types, with introversion 

exhibiting an average 6% deviation from the baseline (SD personnel – 12%), sensing 

a 16% deviation (SD personnel – 8.5%) and judging a 17% deviation (SD personnel – 

6.5%). With feeling exhibiting only a 0.2% deviation, this suggests that the trait pairing 

is not as significant as the others and that it is not particularly important which trait 

dominates. The levels of introversion and judging corresponded to levels found across 

numerous samples by Gilal et al. (2017), however this study found sensing to be 

dominant and thinking/feeling weakly associated, while Gilal et al. (2017) found thinking 

to be dominant and sensing/intuiting weakly associated. In this research, the similarity 

to the software development personnel sample was quite striking, suggesting that 

students with the same personality characteristics as software development personnel 

are drawn to the study of computing. While the dominant traits were the same, the 

deviations were quite different, with stronger introversion tendencies in SD personnel 

and much stronger sensing and judging tendencies in the HNC computing sample. 

Perhaps the general youthfulness of the sample was a factor and that personality traits 

do truly soften with age as proposed by Coffield et al. (2004).  
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Analysis 

As with SD personnel, the HNC computing analysis group demonstrated a strong 

tendency towards introversion (Fig. 4.37). The thinking trait exhibited an identical 4.5% 

deviation, while sensing and judging trait deviations were highly pronounced in the HNC 

computing sample (11% and 17% respectively), with comparative SD personnel trait 

averages of 3.5% and 2%. 

 

Design 

The design group exhibited an extremely high deviation towards introversion (23%) as 

well as a 13% deviation towards sensing (Fig. 4.38). They also exhibited an 11% 

deviation towards feeling and a 14% deviation towards judging. These trait percentages 

do not correspond well with those of the SD personnel design group, and although the 

‘IF’ trait combination does match, the difference in values for each trait is pronounced. 

The issues in selecting questions for the design category and the generally poor results 

achieved, as highlighted in Appendix 8.9.4, suggest that the question category was 

problematic and that those findings must therefore be considered inconclusive. 

 

Development 

The trait deviations in the development group were as expected, based upon the 

findings outlined in Section 4.6.3. There was a very strong average trait deviation 

towards introversion (14%), with 9% deviations towards sensing and judging (Fig. 

4.39). The lowest deviation was towards thinking at 5%. This would appear to suggest 

that ISTJ and ISFJ personality types performed best in this question category. In 

comparison with the SD personnel sample, the similarities between the groups are 

noticeable. Although SD personnel proved slightly more introverted, more inclined 

towards sensing and judging, these three traits correspond well. The only noticeable 

difference was in the thinking/feeling trait pairing, where the HNC computing group 

registered a baseline zero, while SD personnel demonstrated a slight tendency towards 

thinking. 

 

Testing 

Surprisingly, given the small sample size for SD personnel in the testing category, the 

HNC testing group trait deviations corresponded very well with those from that group. 
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The four trait averages identified the same ISTJ type, although the HNC group showed 

a greater tendency towards introversion, 16%, as opposed to 10% in the SD personnel 

group (Fig. 4.40). While the SD personnel group exhibited a high 18% deviation 

towards sensing, the HNC group figure was much lower, although still significant at 

10%. The deviations towards thinking in both groups, while moderate, were similar 

(HNC – 5%, SD – 8%), although for the judging trait the difference was distinct, with 

SD personnel on 3%, while the HNC group registered 17.5%. The similarity in traits 

between the groups would suggest that the CPAT questions for this category were 

appropriate and that an ISTJ personality type performs best at this category of question 

and in the corresponding SD role. 

 

Software Development in Education 

While thirteen of the possible sixteen personality types found in the KTS-II were 

represented in the HNC computing sample, four types present registered only a 0.5 

value. Two of these were INFJ and ENFP personality types, which Varona et al. (2014) 

suggested would potentially struggle throughout academic life. One quit the course 

early on and the other exited with a certificate, seemingly supporting the assertion of 

the authors. Varona et al. (2014) also proposed that ISTJ and ESTJ types would 

perform better in academia, while Ahmed et al. (2010) had demonstrated that ISTJ 

types were the best achievers. In this sample, ISTJ types accounted for 23%, while 

ESTJ types accounted for 13%, with a combined total of 36%, both guardian types, 

suggested by Varona et al. (2014) as being the best at software development and 

altogether guardian types accounted for a combined 75% of this sample. 

 

There were some key difference between this sample and that of Varona et al. (2014). 

The authors found that ESTP, ENTP, ESTJ and ISTJ types were dominant in first and 

final year students, with ESTP and ENTP most dominant. In this sample however, there 

were zero ESTP or ENTP types, a factor which is difficult to reconcile. Varona et al. 

(2014) also indicated that participants were slightly more inclined towards sensing than 

intuiting and perceiving than judging. In this sample, participants were definitely more 

inclined towards sensing (85.5%), however, were also much more inclined towards 

judging (78%). 
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Reynolds et al. (2017) proposed that ‘EST’ trait combinations often major in information 

systems while most computing science majors are either ‘INT’, ‘IST’ or ‘ENT’ types. 

There were four ‘EST’ types in this sample, spread across all categories other than 

design. Two of these completed the course successfully, but then transferred to other 

disciplines, while the other two failed to complete. This is highly suggestive that ‘EST’ 

types are not suitable for computing science, either unmotivated or uninterested and 

tend to dropout (Falkner and Falkner, 2012). The types proposed by Reynolds et al. 

(2017) as accounting for most computing science majors, made up 29.5% of this 

sample, although ‘INT’ and ‘ENT’ types only accounted for 6.5%, while the remainder 

were all ISTJ’s. Unfortunately, the authors did not specify the ratios of each type 

typically found in computing science majors. 

 

Relevance 

Analysis of trait deviations within each question category helped to determine trait 

levels for comparison with SD personnel. Where personality testing in the software 

development education has tended to focus on personality types alone (Sach et al., 

2010; Montequin et al., 2012; Raza and Capretz, 2012; Yilmaz and O’Connor, 2012), 

such an approach was considered insufficiently probing for this research and the 

findings tend to support that decision. Three of the categories; analysis, development, 

and testing, yielded positive results, potentially identifying personality types or traits that 

could indicate suitability for specific software development roles, when combined with 

the requisite problem-solving skills. Whole sample analysis suggested that certain 

personality types that are drawn to computing study at HNC level, commonly possess 

similar personality types to SD personnel. 

 

Limitations 

While most categories appeared to yield worthwhile information, the design category 

proved to be a problematic area. The principal difficulties potentially originated within 

the CPAT test instrument and the difficulties encountered in identifying suitable design 

category questions. That task may have been partially successful although some 

additional and alternative type questions could have improved it, but it seems difficult 

to determine what those design questions would look like and what they might aim to 
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determine. The CPAT was delivered in its original form, which with hindsight seems to 

have captured problem-solving skills for three of the four roles fairly accurately. A 

reconsideration of the design category questions would be necessary if this part of the 

study were to be repeated. 

 

5.4.4. Selecting HNC computing students for interviews 

The second sub-question related to the study with HNC computing students was: 

 

2. How do HNC computing students recognise, acquire, select and apply 

problem-solving strategies? 

 

To address this question, interviews were conducted with eleven HNC computing 

students, having followed the selection process outlined in Appendix I, Section 8.9. 

Participants were selected from the top-scorers identified in each of the four question 

categories, as well as the participant who performed moderately well in all categories. 

Some participants performed well in more than one category, although rarely more than 

two. Where personality types matched the average corresponding SD personnel type 

for that role, that factor was also taken into consideration (see Appendix I, Section 

8.9.2). Three participants were selected from analysis, two from design, three from 

development and two from testing. All participants had advance knowledge that they 

were to be interviewed, at mutually agreeable times, with care taken to ensure that 

interviews did not impact study in any way. The CPAT was used as a talking point to 

get participants initially engaged in discussing the problems they had encountered, how 

they tackled them, and what problem-solving skills they might have applied. 

 

HNC computing Interview Findings 

Considering each question category; analysis, design, development and testing, the 

interview responses of participants in each group were analysed. As with SD personnel, 

interview questions aimed to elicit participant responses indicative of how they; 

selected, applied, acquired and recognised specific problem-solving skills or strategies. 

The identification of particular problem-solving skills within each group could be 

compared against problem-solving skills identified in each preferred SD personnel role, 
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to determine, in conjunction with personality test results, whether students could be 

identified as potentially suitable for a specific role, while having minimal or even zero 

programming experience. 

 

CPAT performance 

Pillay and Jugoo (2005) highlighted the poorly developed problem-solving skills and 

strategies exhibited by novices learning to program, and that was clearly a factor with 

this sample in encountering the CPAT. In trialling the CPAT with two computer science 

graduates, both achieved almost full marks, however the highest student participant 

score was 63% and the lowest was 12%. The average score achieved was 36.5%. 

Higher marks had been anticipated and it became clear at interview that the participants 

seldom associated their problem-solving abilities with education, most contending that 

they had been attained through personal interests. The internal consistency of the 

CPAT questions is applicable across three of the four categories, with average scores 

of roughly: 

 

• Analysis – 10 / 25 

• Design - 4.5 / 25 

• Development - 11.5 / 25 

• Testing - 10.5 / 25 

 

Clearly, the design category questions were more difficult for participants. This made it 

difficult to select interview participants for the design category and as a result, 

comparisons with SD personnel demonstrated the lowest correspondence in that 

category. 

 

Thompson (2006) and Johansson (2015) highlighted the importance of problem-solving 

in software development. This study contended that testing the problem-solving skills 

of novice computer programmers could indicate their potential suitability for specific 

roles in software development and there is some evidence to support that supposition. 

The development category of the CPAT was the only category in which participants 

(three) achieved full marks. These participants were able at interview, using the CPAT 
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for context, to provide fluent and coherent descriptions of their problem-solving strategy 

selection and application. Generally, this held true for all categories other than design, 

where the difficulties encountered have been noted. 

 

Relevance 

Student participants were candid and insightful at interview, with the CPAT providing a 

suitable entry-point, encouraging them to think about problem-solving and to explain 

their selected approaches. There were large overlaps in problem-solving skills 

identified, between HNC computing groups and the corresponding SD personnel role 

preference groups, although student participants clearly lacked the practice and 

experience notable in most SD personnel. That so many SD personnel attributed their 

problem-solving skills to natural aptitude, may stem from their having greater 

experience and increased opportunities to develop the necessary skills through 

practice and personal interests. It was noticeable how many HNC computing students 

attributed their problem-solving skills development to puzzle-gaming and strategy-

gaming, although some younger SD personnel also proposed such sources. This 

implies that the current generation of SD personnel are acquiring their problem-solving 

skills through digital agencies, as opposed to traditional sources such as 

disassembly/reassembly, playing music and physical puzzle and strategy-based 

games, attributed by some SD personnel. They are essentially the same set of 

problem-solving skills, but how well-developed they are is clearly still dependent on a 

variety of personal and situational factors. 

 

Close analysis, decomposition, visualisation, planning, and trial and error, were skills 

common to the analysis category samples. For the design samples, the overlapping 

skills identified were pattern-recognition, visualisation and trial and error. In the 

development category, skills common to both samples were; pattern-recognition, 

lateral thinking, visualisation, best fit, and trial and error. For testing it was: close 

analysis, decomposition, logic, lateral thinking, and trial and error. Trial and error, 

common to all categories in both samples, while seemingly applied by HNC computing 

participants in the absence of alternative strategies, was generally combined with other 

problem-solving approaches by SD personnel, most notably a best fit approach. 
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However, some HNC computing participants also indicated a similar combining of 

approaches, which suggests that their problem-solving skills might be better developed 

than those of their peers. 

 

Comparing the problem-solving skills identified by student participants and SD 

personnel, it was apparent that there were certain skills identified by SD personnel to 

which students could not relate, having based their responses around the CPAT. This 

was principally evident in the analysis category. SD personnel with an analysis role 

preference considered communication as part of the decomposition process and 

connected to teamwork. HNC computing students in the corresponding analysis 

category were unable to relate to those skills, primarily because their responses were 

framed within the context of the CPAT, and secondly, because their team-based 

experience was little or non-existent. There was also a leadership perspective 

permeating thorough SD analysis personnel responses, a sense of authority and 

confidence, clearly stemming from significant industry experience, to which the HNC 

computing students could not possibly relate. SD personnel in the design and 

development categories proposed a variety of design techniques, linked to creativity in 

design, decomposition in development, and to visualisation in both roles. Had it been 

possible to include a design-mapping element in the CPAT, it may have been difficult 

to assess, being so highly subjective in nature. 

 

Limitations 

There were no real problems at interview with the HNC computing participants, 

although it became apparent at analysis that the CPAT did not and possibly could not, 

provide a range of questions encompassing all of the problem-solving skills identified 

by SD personnel. The skills of; communication, design, creativity and teamwork, while 

of differing levels of importance to SD personnel across different role preferences, 

could not easily be assessed with student participants. These particular skills were for 

the most part associated with practice and experience, which the students did not 

possess, therefore any attempt at measuring them would have likely proven ineffective 

anyway. 
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5.4.5. Triangulation of Personality Type with Interview Responses by Role Preference 

A comparison of the responses given by both samples at interview was conducted. The 

same set of questions were put to both samples, with the only difference being that for 

SD personnel, questions were framed in a work-based context, whereas for HNC 

computing students, the CPAT and educational background provided context. This 

addressed the following research question: 

 

What relationships exist between novice computer programming students and 

software development personnel, personality type and problem-solving strategy 

selection and application? 

 

2. What similarities are there, in problem-solving strategy selection and 

application, between novice computing students and software development 

personnel that can be associated with a specific software development role? 

 

Problem-solving – SD Personnel V HNC computing Students (Whole Samples) 

Problem-solving Skills Application Comparison 

In considering interview response similarity across both samples, although the same 

question set was used for each, a like-for-like comparison was not possible given the 

differing background contexts of delivery. While associated behaviours were 

recognised, responses were classified into discrete categories of problem 

comprehension or problem-solving skill. Categories of interview response for SD 

personnel and HNC computing student samples in problem-solving application are 

shown in Figure 5.1, listed in order of highest to lowest SD personnel response. 
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Figure 5.1 Comparison of Problem-solving Skills Application across both samples 

Despite the SD personnel interview sample being almost double the size of the HNC 

student sample, both sets agreed on a number of problem-solving skills in the 

application category. Close analysis, decomposition, visualisation and lateral thinking, 

were most similar. Pattern-recognition, logic and best fit approaches were also 

mentioned by both samples, although less so by students. Of the skills unique to each 

group, communication ranked highest for SD personnel, and mathematics in the 

student sample. 

 

Problem-solving Skills Acquisition Comparison 

The categories of interview response for SD personnel and HNC computing student 

samples in problem-solving acquisition are shown side-by-side in Figure 5.2. 
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Figure 5.2 Comparison of Problem-solving Skills Acquisition across both samples 

 

While there were similarities in the acquisition category, there were many key 

differences. A significant proportion of SD personnel considered themselves as 

possessing a natural aptitude, with a number claiming to be self-taught. The greatest 

correspondence between samples was in the identification of education, puzzle-

gaming and disassembly/reassembly as potential sources of problem-solving skills. For 

the HNC student sample, strategy-gaming was considered the most likely source, while 

participants in both samples considered experience valuable. 

 

Problem-solving Skills Awareness Comparison 

The categories of interview response for SD personnel and the HNC computing student 

samples in problem-solving awareness are shown side-by-side in Figure 5.3. 
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Figure 5.3 Comparison of Problem-solving Skills Awareness across both samples 

 

There was little difference between the samples in terms of problem-solving 

awareness. Very few individuals from either sample were able to name a specific 

problem-solving strategy, although some described clearly the strategies they used. Of 

these, trial and error was the most readily identifiable, followed by decomposition and 

best fit. Visualisation techniques were less commonly identified, while logic and 

sequencing were mentioned by HNC student participants, but not by SD personnel. 

 

 

Encountering Complex Problems Comparison 

The categories of interview response for SD personnel and the HNC computing student 

samples in encountering complex problems are shown side-by-side in Figure 5.4. 
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Figure 5.4 Comparison of Problem-solving Skills used on complex problems across both samples 

 

When encountering complex problems, both samples provided coherent descriptions 

of the steps followed. Close analysis, decomposition and visualisation approaches 

were readily outlined across both samples, however, using the Internet or getting 

colleague/peer help were rated very highly by both groups, although mainly after all 

other measures had failed. Planning and best fit approaches were less frequently 

identified by participants in both groups, while the proportion of SD personnel proposing 

communication could be significant.  

 

Comparison by Role Preference V CPAT category 

Analysis Category Comparison 

In this section, side-by-side comparisons of SD personnel and HNC computing student 

interview responses are broken down further by role preference/CPAT question 

category performance 

 

Problem-solving Skills Application Comparison 

Close analysis and visualisation were the most commonly shared problem 

comprehension skills in this category (Fig 5.5), which seems logical as analysis is 
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largely problem comprehension. SD personnel highlighted communication and 

decomposition as key skills, associating both with client interaction and the definition 

of system requirements, while the student sample indicated spatial awareness and 

mathematics as key, although they did so in the context of the CPAT. 

 

 

Figure 5.5 Comparison of Problem-solving Skills Application in Analysis Category 

 

Problem-solving Skills Acquisition Comparison 

There appeared to be a disparity between the two samples in considering how problem-

solving skills were acquired, SD personnel tending to consider it a natural aptitude, or 

the product of education or experience (Fig. 5.6). Participants in both groups suggested 

that an early interest in disassembly/reassembly may have helped. The HNC student 

sample, possessing little experience and still in formative education, tended to consider 

their problem-solving skills as borne out of personal interests, particularly strategy and 

puzzle-gaming, also considering pattern-recognition important, but perhaps in terms of 

problem comprehension rather than discrete problem-solving. 
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Figure 5.6 Comparison of Problem-solving Skills Acquisition in Analysis Category 

 

Problem-solving Skills Awareness Comparison 

Both samples were largely ignorant of specific problem-solving strategies, however 

participants in either group described the use of trial and error and decomposition (Fig. 

5.7). One participant in each sample described visualisation, while one HNC computing 

participant described sequencing and two outlined a best fit approach. 

 

 

Figure 5.7 Comparison of Problem-solving Skills Awareness in Analysis Category 
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Encountering Complex Problems Comparison 

When encountering complex or novel problems, there were similarities between 

samples, with both groups indicating the importance of close analysis and 

decomposition (Fig. 5.8). Participants in both samples also outlined planning, 

sequencing and visualisation skills, while highlighting the usefulness of Internet 

resources. SD personnel however, were again more focussed on the client-centred 

communication aspect of the role and more inclined to ask for assistance than student 

participants, who generally expressed a reluctance to do so. 

 

 

Figure 5.8 Comparison of Problem-solving Skills used on complex problems in Analysis Category 

 

Design Category Comparison 

Problem-solving Skills Acquisition Comparison 

There were clear disparities in this category, perhaps indicative of SD personnel 

selecting their skills based upon experience (Fig. 5.9). As student participants related 

their problem-solving skills selection to specific CPAT questions, the implication is that 

the design questions were not truly representative of real-life design type problems and 

given the nature of the role as indicated by SD personnel, suitable questions might not 

be so easily formulated. 
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Figure 5.9 Comparison of Problem-solving Skills Application in Design Category 

 

Problem-solving Skills Acquisition Comparison 

There was a real difference of opinion regarding problem-solving skills acquisition in 

the design category, suggesting that either the CPAT questions were unsuitable, or that 

design role skills can only be acquired through extensive experience. SD personnel 

identified natural aptitude, being self-taught, and experience as crucial developmental 

elements, while also highlighting a best fit approach drawn from formative knowledge 

(Fig. 5.10). HNC students suggested having gained experience through strategy and 

puzzle-gaming, while proposing that close analysis and decomposition were crucial 

skills for problem comprehension.  
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Figure 5.10 Comparison of Problem-solving Skills Acquisition in Design Category 

 

Problem-solving Skills Awareness 

Awareness of problem-solving skills was the one area in which participants from both 

samples were in agreement, with both groups proposing a trial and error approach (Fig. 

5.11). SD personnel in particular highlighted the importance of trial and error in 

experimenting with different design concepts, to determine what worked and what did 

not. For student participants, the application of a trial and error approach appeared 

largely borne out of inexperience. 

 

 

Figure 5.11 Comparison of Problem-solving Skills Awareness in Design Category 
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Encountering Complex Problems Comparison 

When encountering complex problems, SD personnel were focussed on visualising the 

problem and planning a solution, preferring to get help if required, rather than searching 

the Internet for potential solutions (Fig. 5.12). HNC students were far more concerned 

with problem comprehension (close analysis) and indicated a preference for searching 

the Internet rather than seeking assistance. These opposing perspectives appear to 

highlight the gulf in experience between the samples. 

 

 

Figure 5.12 Comparison of Problem-solving Skills used on complex problems in Design Category 

 

Development Category Comparison 

Problem-solving Skills Acquisition Comparison 

Visualisation and lateral thinking were problem-solving skills applied by both 

development samples (Fig. 5.13). Decomposition was the most frequently identified SD 

personnel skill, while HNC students largely identified with mathematics and close 

analysis. This appears to suggest that while students begin to tackle a problem by trying 

to determine the context, developers are already one step ahead in decomposing the 

problem.  
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Figure 5.13 Comparison of Problem-solving Skills Application in Development Category 

 

Problem-solving Skills Acquisition Comparison 

In acquiring the necessary problem-solving skills for development, individuals from both 

samples identified experience/practice as important (Fig. 5.14). Some SD personnel 

suggested that a natural aptitude was necessary, or considered themselves self-taught. 

Participants in both groups identified education or puzzle-gaming as potential sources 

of problem-solving skills, while HNC computing participants also recognised strategy-

gaming. 

 

  

Figure 5.14 Comparison of Problem-solving Skills Acquisition in Development Category 
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Problem-solving Skills Awareness Comparison 

A number of SD personnel in the problem-solving awareness category described a trial 

and error problem-solving approach, while also outlining decomposition and best fit 

strategies (Fig. 5.15). The students in the sample mainly described best fit, with only 

one describing a trial and error approach. 

 

 

Figure 5.15 Comparison of Problem-solving Skills Awareness in Development Category 

 

Encountering Complex Problems Comparison 

Visualisation was a key skill identified by participants in both samples when 

encountering complex or novel problems (Fig. 5.16). Both samples regarded the 

Internet as the most important resource, failing which they would consult with 

colleagues/peers. Best fit was identified by some SD personnel, while close analysis 

and decomposition were mentioned by student participants. 
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Figure 5.16 Comparison of Problem-solving Skills used on complex problems in Development Category 

 

Testing Category Comparison 

Problem-solving Skills Acquisition Comparison 

Both samples in this category were small, however were agreed on the applied use of 

logic and lateral thinking as problem-solving skills in testing (Fig. 5.17). Additionally, 

HNC student participants indicated using close analysis and decomposition 

techniques. 

 

 

Figure 5.17 Comparison of Problem-solving Skills Application in Testing Category 
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Problem-solving Skills Acquisition Comparison 

Both HNC student participants in the testing category identified education as a possible 

source of problem-solving skills, while the SD personnel participant opposed that 

viewpoint (Fig. 5.18). Both samples agreed on experience being vital, with the SD 

personnel participant linking it to the application of a best fit approach, while also 

proposing that natural ability might be a key driver in determining suitability for software 

testing. 

 

 

Figure 5.18 Comparison of Problem-solving Skills Acquisition in Testing Category 

 

Problem-solving Skills Awareness Comparison 

In terms of problem-solving awareness, both samples recognised a trial and error 

approach, while the SD personnel participant also described decomposition (Fig. 5.19). 

HNC student participants also outlined a best fit approach and again highlighted the 

importance of logic. 
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Figure 5.19 Comparison of Problem-solving Skills Awareness in Testing Category 

 

Encountering Complex Problems Comparison 

In encountering complex or novel problems, both samples agreed on close analysis as 

a necessary skill (Fig. 5.20). While the very experienced SD personnel participant noted 

the importance of logic and pattern-recognition for testing, the inexperienced student 

participants, although mentioning planning, indicated a reliance on the Internet or peer 

assistance in acquiring a solution. 

 

 

Figure 5.20 Comparison of Problem-solving Skills used on complex problems in Testing Category 
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5.4.6. Comparison of SD Personality and Interview Responses grouped by Preferred Role 

To answer the following research question, the personality test and problem-solving 

skill data of SD personnel was grouped by preferred role for comparison: 

 

To what extent do personality types, traits, or trait groupings and problem-

solving strategy awareness / application, indicate suitability for specific roles 

within the software development industry? 

 

Each role preference was examined by interview participant personality type/traits, in 

conjunction with the problem-solving skills identified or described by them. A key listing 

all twenty-two skills identified by SD personnel is shown in Table 14. 

 

 

Table 14 Key to identified problem-solving skills and associated behaviours 

 

Analysis Category 

The six participants interviewed with a preference for analysis are listed, with 

personality trait percentages and problem-solving skills identified or described by them 

in relation to problem-solving skill application, acquisition, awareness and dealing with 

complex problems. 
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Table 15 Personality Trait percentages and problem-solving skills in Analysis 

 

Introversion and sensing were common traits across the group, with decomposition and 

close analysis the most common problem-solving skills identified or described by 

participants at interview (Table 15). Visualisation was identified by all participants, other 

than the participant with the highest percentage in perceiving. Three participants with 

higher values in sensing identified education as a potential source of problem-solving 

skills, while those with lower values suggested it might be a natural aptitude. The 

participant with the highest sensing level, 7009, suggested neither option, indicating 

strategy-gaming instead. The two most introverted participants identified trial and error 

as an approach, the only participants in the group to do so.  

 

Design Category 

Pattern-recognition was identified or described by two design participants with the 

feeling trait, while the two introverted participants highlighted the importance of 

experience and communication, and considered themselves self-taught (Table 16). 

Trial and error, planning and visualisation were described by all participants in the 

group, while the two participants possessing the judging trait considered problem-

solving to be a natural aptitude. 

 

 

Table 16 Personality Trait percentages and problem-solving skills in Design 

 



313 
 

Development Category 

Although the majority of participants in the development group were introverted, with 

only two extroverted, there was a tendency towards high levels either way (Table 17). 

Three of the four participants possessing the feeling trait outlined a trial and error 

approach, but only one of five thinkers favoured the approach, suggesting perhaps that 

thinkers are more inclined towards thought-out approaches. The two ISTJ types in the 

group indicated the benefit of experience in being able to problem-solve, while 

education was identified by three participants with a ‘TJ’ combination. The Internet was 

identified as a useful resource by all in the group, however those with the feeling rather 

than thinking trait were less inclined to seek the assistance of colleagues. As might be 

expected, the problem-solving skills identified corresponded with those identified by 

Pasqualis (2018), as important in becoming an effective software developer. 

 

 

Table 17 Personality Trait percentages and problem-solving skills in Development 

 

Testing Category 

The testing participant identified a number of problem-solving skills which appear 

pertinent to the role. Logic, lateral thinking, close analysis and pattern-recognition were 

the most prominent of these (Table 18). There were no other participants in this group 

for comparison, however, examining participants with the same personality type (ISTJ) 

in other role preferences (7001 - development and 7002 - analysis), a disdain for the 

benefits of education over natural aptitude and experience appear prevalent. 
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Table 18 Personality Trait percentages and problem-solving skills in Testing 

 

5.4.7. HNC computing Personality and Interview Responses grouped by CPAT Category 

This section considers the personality types and problem-solving skills of HNC 

computing participants by category performance in the CPAT, in attempting to answer 

the following question: 

 

What relationships exist between personality types, traits, or trait groupings and 

problem-solving strategy selection in novice computer programming students? 

 

Each role preference was examined by interview participant personality type/traits in 

conjunction with the problem-solving skills identified or described by them. 

 

 

Table 19 Key to identified problem-solving skills and associated behaviours 
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A key listing the twenty skills identified is shown in Table 19. The key, when compared 

with the SD personnel key shown in Table 14 in Section 5.4.6, indicates that the 

problem-solving skills and associated behaviours identified by participants in both 

studies are largely over-lapping. Mathematics and spatial awareness were the only two 

skills described by HNC computing students not to be described by SD personnel. The 

skills identified by SD personnel, but not identified by HNC computing students were; 

communication, creativity, playing music and natural aptitude. 

 

Analysis Category 

The three participants selected for interview interviewed based upon their CPAT 

performance in the analysis category are listed below, with their personality trait 

percentages and the problem-solving skills identified or described by them in relation 

to problem-solving skill application, acquisition, awareness and dealing with complex 

problems. 

 

 

Table 20 Personality Trait percentages and problem-solving skills in Analysis 

 

Introversion, sensing and judging were common traits, with decomposition close 

analysis, visualisation, planning, and trial and error, the most common problem-solving 

skills identified or described by the participants (Table 20). All three participants 

demonstrated introversion and a significant tendency towards judging, which could be 

associated with their preference for close analysis and planning. Participant 6021, 

possessing the highest trait percentages in thinking and judging, considered 

disassembly/reassembly a possible source of problem-solving skills, while the two 

feeling participants suggested strategy-gaming. Participants 6003 and 6021, ranking 

higher in the sensing category, described spatial awareness as a problem-solving skill 

suggesting that the personality trait and problem-solving skill may be mutually 
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compatible. The participants in this category were not keen to seek assistance, neither 

did they rate the Internet particularly highly as a problem-solving resource. 

 

Design Category 

The design participants differed only in the thinking/feeling trait, although 6016 

demonstrated 100% introversion and was more inclined towards thinking than 6011, 

while 6011 scored higher in the sensing and judging traits (Table 21). The participants 

outlined similar problem-solving skills, both recognising decomposition, visualisation, 

pattern-recognition and trial and error. Both participants proposed strategy-gaming as 

a possible source of problem-solving skills, while 6016 also proposed puzzle-gaming. 

Like the analysis category participants, 6011, with a relatively high tendency towards 

judging, outlined a close analysis approach several times at interview. A best fit 

approach was described by 6011, possibly linked with a higher tendency towards 

sensing. Both participants were happy to use the internet or to seek peer assistance 

when confronted with difficult problems. 

 

 

Table 21 Personality Trait percentages and problem-solving skills in Design 

 

Development Category 

Two of the three participants in the development group demonstrated high extraversion 

levels, while one was extremely introverted. A ‘TJ’ trait combination was common to all 

three, while commonly identified problem-solving skills were; close analysis, best fit and 

visualisation (Table 22). The two sensing participants, 6010 and 6032, considered 

pattern-recognition and experience as important, while the intuiting participant 6024 

suggested lateral thinking and spatial awareness. The two participants with a higher 

tendency towards thinking considered mathematics an important ability. All three 
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participants considered strategy-gaming as a key source of problem-solving skills, 

while 6024 added puzzle-gaming. The 100% introverted participant 6032 was alone in 

suggesting that education aided problem-solving skills development. 

 

 

Table 22 Personality Trait percentages and problem-solving skills in Development 

 

Testing Category 

The participants in the testing category had the ‘SF’ traits in common, both identifying 

the problem-solving skills of close analysis, decomposition and trial and error (Table 

23). Both participants considered education as aiding problem-solving skills 

development and were happy to use the Internet or to seek peer assistance when trying 

to solve a complex problem. Participant 6008, possessing the judging trait, highlighted 

the importance of logic, while the perceiving participant 6013, suggested lateral 

thinking. 

 

 

Table 23 Personality Trait percentages and problem-solving skills in Testing 

 

Other 

Participant 6005, who scored in the top ten of all four CPAT question categories, 

although not particularly highly in any instance, described a number of problem-solving 

skills, including close analysis, visualisation and trial and error (Table 24). 6005 was 
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more definite in citing education and mathematics as probable sources of problem-

solving skills development, while expressing, like most participants, an interest in 

strategy-gaming, albeit with a distinctly managerial preference. 

 

 

Table 24 Personality Trait percentages and problem-solving skills of Top 10 performer 

 

5.4.8. SD Personnel Personality V Problem-solving Skills 

The final sub-question regarding software development personnel was: 

 

3. How influential are problem-solving strategy skills in determining suitability 

for specific roles within the software development industry? 

 

Participant interview responses for SD personnel were categorised into corresponding 

problem-solving skill/strategy classifications to determine the relative importance of 

each skill by the frequency of mention/description occurring. This process was 

conducted for each role preference, and within each preference for the four areas of 

problem-solving under consideration; application, acquisition, awareness and dealing 

with complex problems. This process would indicate whether skills could be specifically 

associated with a particular role, or were generic to software development as a whole. 

Before examining each role, the problem-solving skills identified were considered 

across the whole sample. During this process it became apparent that the skills 

identified could be discretely considered as either problem comprehension or problem-

solving.  

 

Whole Sample Problem-solving Application 

In describing their problem-solving skills application, SD personnel outlined a number 

of techniques, roughly one-third relating to problem comprehension and two-thirds to 
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devising a solution. Decomposition was the primary problem comprehension skill, with 

close analysis and pattern-recognition also identified (Table 25). 

 

Problem Comprehension Problem-solving 

Decomposition (9) Visualisation (6) 

Close Analysis (3) Lateral Thinking (5) 

Pattern Recognition (2) Logic (4) 

Experience (1) Communication (4) 

 Planning (3) 

 Trial and Error (2) 

 Creativity (2) 

 Best Fit (1) 

Table 25 Problem-solving skills application of whole SD Sample 

 

A number of problem-solving skills were proposed for devising or finding solutions to 

problems, including visualisation and creativity, which may be related to or describe the 

same cognitive process. Lateral thinking and logic were suggested, and along with 

planning, might indicate a more methodical scientific approach, although lateral thinking 

could also be linked to visualisation and creativity. Communication and planning were 

sometimes seen as connected, particularly when working with clients. The remaining 

skills of trial and error and best fit were also frequently considered together, however 

an overview of the interview responses suggests that some of the more expert 

participants exercised unnamed implicit heuristic techniques, allowing them to bypass 

an issue or short-cut to a solution. Such techniques could be considered an amalgam 

of identifiable problem-solving skills, or unique skills as yet unclassified. 

 

Acquisition 

When asked to consider how they might have acquired their problem-solving skills, the 

participants proposed a number of possible sources. The most common supposition 

across the sample was that problem-solving skills were a natural ability that could not 

be taught, however, almost as many participants proposed having gained their skills 

through education (Table 26). While, a number of participants made it clear that they 

believed education did not contribute, most concurred that experience was a 
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contributing factor.  

 

Problem Comprehension Problem-solving 

Natural Aptitude (10) Puzzle Gaming (4) 

Experience (9) Best Fit (3) 

Education (8) Strategy Gaming (2) 

Self-taught (4)  

Disassembly/Reassembly (4)  

Playing Music (3)  

Table 26 Problem-solving skills acquisition of whole SD Sample 

 

Two possible sources of pattern-recognition skill were identified by participants in 

disassembly/reassembly and playing music. Whether these should be classified as 

problem comprehension rather than problem-solving is debatable, and context 

dependent. Puzzle and strategy-gaming were also suggested as possible sources of 

problem-solving skills, in traditional as well as digital formats. These likely incorporate 

a diverse set of problem comprehension and problem-solving techniques, which are 

not easily classifiable and certainly worthy of further investigation. 

 

Awareness 

A general theme found in this study was that SD personnel generally possessed little 

awareness of problem-solving techniques and could rarely name any, despite their 

significant and indeed crucial reliance upon them in industry. A commonly described, 

although seldom named technique, was decomposition (Table 27). 

 

Problem Comprehension Problem-solving 

Decomposition (5) Trial and Error (10) 

 Best Fit (2) 

 Visualisation (1) 

Table 27 Problem-solving skills awareness of whole SD Sample 

 

Almost half the sample indicated the application of trial and error as a preferred 



321 
 

problem-solving approach, with best fit and visualisation also described by a small 

number of participants. 

 

Complex Problems 

Although SD personnel struggled to name or even describe any specific problem-

solving skill, when asked how they would approach a complex problem, they were able 

to outline a variety of techniques. In terms of problem comprehension, decomposition 

was again the most frequently described, followed by close analysis, with sequencing 

and pattern-recognition also reported (Table 28). 

 

Problem Comprehension Problem-solving 

Decomposition (5) Visualisation (15) 

Close Analysis (4) Use Internet (15) 

Sequencing (2) Get Help (12) 

Pattern Recognition (1) Planning (4) 

 Best Fit (3) 

 Logic (1) 

Table 28 Problem-solving skills awareness of whole SD Sample 

 

Visualisation was the joint favourite problem-solving technique, with using the Internet 

receiving equal mention. Specific sites seemed to be favoured, however, searching for 

and retrieving the correct information was considered a skill in its own right. Getting 

help from a colleague or external expert was a common approach, although for some 

an absolute last resort. Planning, best fit and logic were also described, although less 

frequently. 

 

Relevance 

This study indicated that the problem-solving abilities of software development 

personnel comprised two elements; problem comprehension and problem-solving, with 

some skills overlapping. Additionally, experienced SD personnel, particularly in 

analysis, but also in development, applied heuristic techniques and possibly possessed 

uncategorised or hybridised problem-solving skills they had developed of their own 
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accord. Across the sample, the hierarchical problem-solving skills identified by 

Pasqualis (2018) were apparent, however, their relative importance did not appear 

related to role. 

 

While some skills appeared generic to software development as a whole, particularly 

visualisation, best fit, trial and error and potentially decomposition, there appeared to 

be problem-solving skills that were of greater importance within specific roles and a 

particular skillset was discernible for each of the four roles under consideration. 

 

Analysis 

What differentiated those in the analysis category from other roles was their level of 

experience, their technical knowledge, and as a product, unconscious heuristic 

problem-solving strategies. Problem comprehension skills were foremost, essentially 

the core elements of close analysis, decomposition and sequencing. Communication 

with clients and colleagues was regarded as extremely important, sometimes involving 

notes, sketches, diagrams and flip-charts. While participants were split on whether 

education had helped develop their problem-solving skills or that they stemmed from a 

natural aptitude, interests such as disassembly/reassembly, playing music, and puzzle-

based or strategy-based gaming, were also proposed as potential sources. 

 

Design 

While some participants clearly had roles over-lapping analysis and design and 

identified skills pertinent to both roles, participants involved purely in design presented 

a set of skills clearly specific to that role. While creativity and visualisation were 

considered important in developing a design, trial and error was the main approach 

used in executing a design. The associated behaviours of tenacity, resilience and 

patience were seen as vital in this regard. The trial and error approach described by 

participants was highly structured, preceded by detailed planning involving sketches, 

mock-ups and notes. Visualisation was important in relation to creativity and 

participants generally considered themselves as possessing a natural aptitude and 

being self-taught. They were mainly self-reliant, because colleagues were unable to 

provide assistance, owing to the uniqueness of the role. 



323 
 

 

Development 

The development category had the most participants identifying the largest number of 

problem-solving skills. Decomposition and visualisation were the most readily 

recognised skills, with logic, lateral thinking and pattern-recognition also described. 

Visualisation was generally a cognitive process rather than physical, while a best fit 

strategy was linked to pattern-recognition and the possible repurposing of code from 

local repositories or online material. Trial and error was also associated with a best fit 

approach, aiming to significantly shortcut development time. Communication and 

creativity were recognised, as was experience. As with analysis, opinion was split 

between education and a natural aptitude in fostering problem-solving skills 

development, with; disassembly/reassembly, playing music, and puzzle-based or 

strategy-based gaming, also identified. 

 

Testing 

Lateral thinking and logic were key skills identified by the testing participant. As with 

those in the development category, a best fit approach was also identified, but linked 

to pattern-recognition rather than to trial and error, although trial and error was also 

recognised as a significant component skill. The participant also described close 

analysis and decomposition strategies, in mapping the test process against system 

requirements documentation.  

 

The very experienced participant considered their skills as stemming from a natural 

aptitude, developed through professional practice and definitely not a product of 

education. 

 

Novice versus Expert problem-solving 

In considering the assertion of Soloway (1986, p.851) that “experts are not necessarily 

conscious of the knowledge and strategies they employ to solve a problem”, the same 

phenomenon was noted with some SD personnel. The use of heuristic techniques or 

short-cuts were described by participants with an analysis role preference. Participant 

7020 made it plain that they had been expected to implicitly develop problem-solving 

skills and believed that explicit instruction would have potentially saved significant time. 
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Zimmerman and Campillo (2003) suggested that effective “strategic short-cuts” were 

taken by expert problem solvers, dramatically reducing the time required to problem-

solve. 

 

A lack of formal problem-solving training had led 7020 to rely on intuition, following an 

unconscious process, although a process that they believed needed to be captured 

somehow.  From an opposing viewpoint, 7009 believed that intrinsically developed 

approaches were the hallmark of natural problem-solving ability and that the skills 

simply evolved with experience and relative to audience. Dreyfus and Dreyfus (1986) 

suggested that the ability to readily adapt existing mental models to fit novel problems 

was a defining trait of experts. Participant 7003 also claimed to no longer think about 

strategies, suggesting an unconscious process similar to that of 7020. This also reflects 

Dreyfus and Dreyfus (1986) suggestion that experts do not follow rules, but can make 

spontaneous yet deliberate choices based upon talent and experience. All three 

participants (7003, 7009 And 7020) had significant experience in the industry (over 20 

years each) and held senior positions. Two were ISFJ types, described by Keirsey.com 

(2018) as dedicated, loyal, industrious, frugal, responsible, precise, respectful and 

conformist. These seem like ideal traits for those in a position of responsibility. The 

other participant was an ISTP type, proposed by Capretz (2003) as a programming 

guru. The participant perspectives also appeared to support another Soloway (1986) 

assertion, that expert programmers possess a range of strategies, honed over time 

through problem-solving experience, which they can integrate and apply to new 

problems. 

 

Limitations 

Some skills identified were definitely problem comprehension while others were 

definitely problem-solving skills. A few skills however were not so easily categorised. 

Visualisation in particular could actually comprise a number of skills, from the cognitive 

process involved to the development of a diagrammatic representation of that. 

However, in this study, these elements were all considered together under the label of 

visualisation. Interview responses in the analysis category seemed to suggest that 

visualisation involved an examination of the problem (decomposition) and was largely 
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graphical in nature. However, decomposition to developers was sometimes described 

as a cognitive process aimed at devising a solution, to achieve that potential “Eureka!” 

moment. Logic, an almost intangible skill, could also be applied to understanding a 

problem or incorporated into devising a solution. A certain flexibility had to be allowed 

in considering the application of these particular skills, as factors such as; project type, 

personnel involved, environment, and role responsibilities, could all contribute to 

determining the precise method of application. 

 

The scale of the organisations involved also impacted the specificity of the roles within 

them, so that where roles within larger organisations were often discrete, in smaller 

organisations individuals were inclined to perform analysis and design together, with 

some developers also responsible for testing, which they did not always appreciate. 

These overlapping roles appeared to influence to some extent the skills identified by 

participants, in accordance with the reality of their day-to-day work practices. 

 

5.4.9. HNC computing personality V Problem-solving Skills 

The third sub-question concerning HNC computing participants, examined: 

 

3. To what extent do student problem-solving strategy skills determine potential 

suitability for specific roles within the software development industry? 

 

Interview responses given by participants were categorised into their corresponding 

problem-solving skill/strategy classifications, to determine the relative importance of 

each skill by the frequency of its description. This process was conducted for each role 

preference and within each preference, for each of the four areas of problem-solving 

under consideration; application, acquisition, awareness and dealing with complex 

problems. The aim was to determine whether skills could be associated with a specific 

role, or might be generic to HNC computing students. Before examining each role, the 

problem-solving skills identified were considered across the whole sample. The skills 

identified could also be considered discretely as either problem comprehension or 

problem-solving. 
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Whole Sample 

Application 

In describing their problem-solving skills application, HNC computing participants 

outlined a number of techniques, roughly two-thirds of which were problem 

comprehension, with the remainder associated with devising a solution. Close analysis, 

visualisation and pattern-recognition were the highest-ranking problem comprehension 

skills, with mathematics the highest ranking discrete problem-solving skill (Table 29). 

 

Problem Comprehension Problem-solving 

Close Analysis (6) Mathematics (5) 

Visualisation (5) Logic (2) 

Pattern Recognition (4) Lateral Thinking (2) 

Decomposition (3) Planning (2) 

Spatial Awareness (1) Best Fit (1) 

Table 29 Problem-solving skills application of whole HNC Sample 

 

HNC computing participants were more inclined than SD personnel to describe problem 

comprehension rather than problem-solving techniques in relation to their problem-

solving skills application. This stems from the context of the CPAT, the starting point 

for interview. In describing the skills used there, the students were likely to consider 

problem comprehension foremost. However, there is an implication in the skills 

identified, that a lack of experience of problem-solving application, particularly in a 

software development context, may have limited HNC computing participant 

descriptions. As with SD personnel, lateral thinking, logic and planning were described, 

suggesting that the methodical scientific approach applied by experienced 

professionals already features in the problem-solving skills of some novice 

programmers. 

 

 

Acquisition 

Unlike SD personnel, not one HNC computing participant suggested natural aptitude 

as a factor in problem-solving, however, as with SD personnel, a small number 
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proposed that education had furnished them with those skills, while two participants 

indicated being self-taught (Table 30).  

 

Problem Comprehension Problem-solving 

Education (3) Strategy Gaming (10) 

Close Analysis (3) Puzzle Gaming (4) 

Decomposition (2) Experience (2) 

Pattern Recognition (2) Disassembly/Reassembly (1) 

Spatial Awareness (2) Best Fit (1) 

Self-taught (2) Mathematics (1) 

Visualisation (1) Use Internet (1) 

Table 30 Problem-solving skills acquisition of whole HNC Sample 

 

Surprisingly, ten of the eleven participants interviewed proposed strategy-gaming as a 

fundamental contributing factor in the development of their problem-solving skills 

(mainly pc-based, although not always). With four participants also proposing puzzle-

gaming as a potential source, there are clear indications that gaming, particularly where 

significant cognitive load is required, could be a key component in problem-solving 

skills development. It seems conceivable that problem comprehension skills such as 

close analysis, decomposition, pattern-recognition and spatial awareness, could all be 

developed through strategy and puzzle-gaming, while problem-solving approaches 

such as best fit and trial and error (although not mentioned in this context) are plainly 

evident. With younger participants in the SD personnel sample also mentioning strategy 

and puzzle-gaming, there is a case for its significance. It would seem that prior 

generations of software development personnel, having not had access to such games, 

were more inclined to ascribe their problem-solving skills to a natural aptitude, although 

clearly, they were enhanced through prolonged practice and experience. It is worth 

noting that some SD personnel did acknowledge an interest in puzzle-gaming, although 

in more traditional formats. 

Awareness 

As with SD personnel, HNC computing participants were generally unable to name any 

specific problem-solving techniques, although they were able to provide some coherent 
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descriptions of techniques they applied (Table 31). 

 

Problem Comprehension Problem-solving 

Decomposition (3) Trial and Error (8) 

Visualisation (2) Best Fit (8) 

Close Analysis (1)  

Sequencing (1)  

Logic (1)  

Table 31 Problem-solving skills awareness of whole HNC Sample 

 

The inexperience of the HNC computing participants was very much evident in their 

responses, with best fit and trial and error the favoured problem-solving approaches. 

Although a number of SD personnel indicated use of the same techniques, they tended 

to outline a methodical and structured application of them, with the two approaches 

very much connected and aimed at securing a development shortcut. 

 

Complex Problems 

Asked how they would approach a complex problem, HNC computing participants split 

their responses between problem comprehension and problem-solving skills. Close 

analysis, decomposition and visualisation, all ranked highly in terms of problem 

comprehension (Table 32). 

 

Problem Comprehension Problem-solving 

Close Analysis (8) Use Internet (8) 

Decomposition (7) Get Help (6) 

Visualisation (6) Planning (3) 

Sequencing (1) Trial and Error (2) 

 Best Fit (2) 

Table 32 Problem-solving skills awareness of whole HNC Sample 

While the Internet was generally considered useful in finding informative resources to 

assist with problem-solving, HNC computing participants appeared less organised, less 

focussed and less successful than their SD counterparts. SD personnel generally had 

a better idea of what they were looking for, where they might find it and the search 
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parameters required. They also indicated an awareness of specific sites they 

considered reliable, having encountered frequent successes with them in the past. 

 

Relevance 

This study clearly demonstrated that HNC computing students do possess a number 

of problem-solving skills corresponding to those of their counterparts in the software 

development industry and that a number of key skills can be related to specific roles. 

HNC computing participants seemed to possess a variety of problem comprehension 

skills such as; close analysis, decomposition, pattern-recognition, and visualisation. 

While perhaps not being as capable or efficient as SD personnel in selecting the correct 

strategies, they were still able to apply these skills to a problem with varying degrees 

of success. What this study failed to anticipate was that some SD personnel skills could 

not be tested. Skills such as teamwork, communication and creativity, were not 

considered in the CPAT and would be very difficult to develop questions for, requiring 

highly subjective measures. 

 

Despite the issues inherent in the CPAT, matching problem-solving skills were found 

for each of the four software development roles, with the development category 

providing the best of these, although the category did have the most participants in 

each study. Testing however, also provided a good match in skills despite having the 

lowest number of participants, and only one SD personnel participant. In general, HNC 

computing participants across all four categories were more problem-oriented, while 

SD personnel tended to be slightly more solution-oriented, although those with a 

preference for analysis were definitely problem-oriented, as expected given the nature 

of the role. 

Analysis Category 

HNC computing participants were characterised by their focus on problem 

comprehension, much like SD personnel with an analysis preference. Key skills 

described were close analysis, spatial awareness and visualisation. Planning and 

mathematics were the main problem-solving skills identified, although largely in relation 

to the CPAT. SD analysis personnel identified teamwork and communication skills as 

important, skills which HNC computing participants were unlikely to consider in the 
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context of the CPAT. Most HNC computing participants in the analysis category 

attributed their problem-solving skills development to interests in strategy-gaming, 

puzzling-gaming or disassembly/reassembly, and identified associated skills of pattern-

recognition and spatial awareness. An awareness of the skills of trial and error, 

decomposition and visualisation, matched SD analysis personnel, while both groups 

expressed a preference for using the Internet to find potential solutions, although SD 

personnel preferred to seek the assistance of colleagues. 

 

Design Category 

The design category highlighted the greatest disparity between groups, with planning, 

creativity and communication highlighted by SD design personnel, while HNC 

computing participants suggested close analysis, decomposition and pattern-

recognition. HNC computing participants attributed their problem-solving skills to 

strategy and puzzle-gaming, while SD design personnel believed themselves to be self-

taught, possessing a natural aptitude for problem–solving developed through extensive 

experience. Both groups favoured a trial and error approach, although HNC computing 

participants appeared to lack any suitable alternative strategy, while SD design 

personnel were deliberate in their choice. In dealing with a complex problem, 

visualisation and planning were identified by both groups, although creativity and a 

reliance on practice and experience, were not recognised by HNC computing 

participants. Creativity was a key factor for SD design personnel and linked to patience, 

tenacity and resilience. 

 

Development Category 

HNC computing participants in the development category identified a number of key 

problem-solving skills in common with SD development personnel; pattern-recognition, 

lateral thinking and visualisation. Both groups identified strategy and puzzle-gaming as 

potential sources of problem-solving ability, linking these to pattern-recognition and 

spatial awareness. Both groups also described best fit and trial and error, with the two 

approaches closely linked, best fit more so for SD development personnel, where 

experience seemingly counted. Experience was also vital when dealing with complex 

problems, with SD development personnel much more strategic in their approaches, 
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immediately, purposefully, and efficiently using the Internet to try and find a best fit 

solution, with trial and error potentially involved. HNC computing participants were 

simply uncertain in their use of best fit or trial and error approaches or sourcing a 

solution from the Internet, and wary of seeking assistance for fear of not understanding 

how a solution had been arrived at. 

 

Testing Category 

The key skills in common between the two groups were logic and lateral thinking, 

although HNC computing participants also described close analysis and 

decomposition, not necessarily discrete problem-solving skills for testing, but possibly 

related to development. As with other categories, strategy-gaming was proposed as a 

source of problem-solving skills development by the HNC computing participants, and 

education was also considered a factor, a proposition which the SD testing participant 

emphatically refuted. Trial and error linked to logic appeared a key approach to 

problem-solving in this category, with close analysis and planning required for the 

scrutiny of data, The SD participant also proposed pattern-recognition as a critical skill. 

 

Problem-solving in Software Development 

The differences between SD personnel and HNC computing participants became 

apparent at interview. While some generic problem-solving skills were common to both 

samples; decomposition, visualisation, trial and error, there were clearly skills 

described by SD personnel that had not been tested for with HNC computing 

participants. These were principally communication, teamwork and creativity, found in 

all roles, but particularly relevant in analysis and design. Hamilton et al. (2015) 

highlighted the importance of soft-skills such as communication, teamwork, and 

business skills to recruiters, and in focus groups with eleven large ICT multi-nationals 

found that the three top-rated employability skills were: 

 

1. Communication Skills 

2. Teamwork 

3. Problem-solving 
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Koppi et al. (2009) indicated that it was problematic trying to address the gap in soft-

skills in education for practical reasons, principally because the demanding nature of 

teaching software development provided little scope to do so. Hagan (2004) observed 

that employers considered on-the-job training necessary to develop the soft-skills 

identified by Hamilton et al. (2015). The lack of problem-solving-skills related by 

employers to the authors was previously observed by Pillay and Jugoo (2005) and Reif 

(2008). It is an ongoing industry and education concern, and one that it appears is still 

not being addressed, as aptly demonstrated in this research. 

 

In describing the application of problem-solving skills, the differences between samples 

were once again apparent. Although, participants in both samples were able to offer 

detailed descriptions, the strategies described by SD personnel were joined-up in 

nature, with either a combination or coherent sequence of skills being applied. With 

HNC computing participants, it appeared that either they were able to identify the 

required approach or resorted to trial and error. Although SD personnel frequently used 

trial and error, it was seldom in isolation, but intentionally applied in combination with 

other skills. It was a possible means to a shortcut rather than a last resort. Experience 

was key, as outlined by many SD personnel and even some HNC computing 

participants. This potentially links to the observation of Dreyfus and Dreyfus (1986) that 

the proficient learner has experienced many positive and negative outcomes, 

influencing their decision-making in determining a finite set of possible solutions, 

accurately assessing the viability of each. It was clear from the CPAT scores that even 

those HNC computing participants who possessed well-formed problem-solving skills, 

had difficulties with certain questions. This could link to the findings of Kwon (2017) 

who observed that novice programmers were unable to develop solutions to problems 

in a programmable context. A different type of thinking is required, that necessitates an 

understanding of the notional machine. 

 

Limitations 

The starting point for HNC computing participant interview was the CPAT, particularly 

questions from the category the participant was selected to represent based upon their 

performance. Since many participants in the HNC computing group had limited or even 
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zero experience of software development, using the CPAT as a launch-point for 

interview seemed a suitable option, allowing the participants an opportunity to describe 

how they had tackled specific problems. However, to equate the CPAT questions with 

problems encountered in the software industry is probably not realistic. The primary 

problems with the CPAT were noticeable when analysing SD personnel interview 

responses from the analysis and design categories. Teamwork and communication 

were two key skills identified, skills not tested in the CPAT, and it is difficult to conceive 

how they could have been tested effectively on novices in a software development 

context. In the design category, SD participants considered their creativity skills to be 

a natural aptitude honed through practice and experience. Again, the CPAT could not 

possibly replicate that for students who had neither sufficient practice nor experience 

and therefore it could not possibly determine who possessed a natural aptitude or did 

not. 

 

With so many HNC computing students (10 of 11 interviewees) proposing that strategy-

gaming may have helped develop their problem-solving skills and a proportion also 

suggesting puzzle-gaming, it seems that perhaps a greater number of SD personnel 

also had the same formative interests, but did not see them as relevant during interview. 

As SD personnel were interviewed first, it was too late to determine whether strategy-

gaming was of greater significance than was apparent from the interview responses. 

 

5.4.10. Data Triangulation 

Personality V Problem-solving across both samples 

The over-arching aim of this research was to compare the personality types and 

problem-solving strategy skills of software development personnel with those of novice 

computer programming students. HNC computing participants performing well in any 

CPAT category (analysis, design, development or testing) were considered potentially 

suitable for the corresponding software development role. Similarity between samples 

of personality type, traits or trait groupings, or problem-solving skills were considered. 

Within each role, problem-solving application, acquisition, awareness and handling of 

complex problems were considered. The over-arching research question was: 
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What relationships exist between novice computer programming students and 

software development personnel, personality type and problem-solving strategy 

selection and application? 

 

Analysis Category 

Problem-solving skills application 

Six SD personnel and three HNC students were interviewed in the analysis category. 

All tended toward introversion, other than one SD personnel participant who was 50/50. 

Participants 7002, 7009 and 7020 highlighted client interaction and while their tendency 

towards introversion suggested they might be less keen on that aspect of development, 

all three ranked quite highly in sensing and judging. Perhaps therefore, an ‘ISJ’ trait 

combination can be considered important in analysis. The guardian temperament was 

strongly represented as in the studies of Schaubhut and Thompson (2008), Capretz et 

al. (2015) and Gilal et al. (2017), although those studies disagreed on the importance 

of the introversion/extraversion trait. 

 

The HNC computing analysis participants strongly exhibited the same ‘ISJ’ trait 

combination. Some participants outlined close analysis and mathematical approaches, 

however all described the use of visualisation techniques in problem comprehension. 

While SD personnel also discussed close analysis, they rated communication skills 

highly, reflective of the analysis role. That failure of student participants to mention 

communication is unsurprising, as through their educational experience they would 

likely be accustomed to working on problems independently. 

 

 

Problem-solving skills acquisition 

Some SD personnel in this category believed problem-solving skills to stem from a 

natural ability. Strategy-gaming and puzzle-gaming were proposed by student 

participants, while education, and particularly mathematics, were considered by SD 

personnel. The relatively high sensing and judging traits of HNC student participants 

could be a reflection of skills honed through prolonged recreational pursuits, while for 

SD personnel, development largely took place in an educational and work-setting rather 
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than recreationally. 

 

Problem-solving skills awareness 

Both sets of participants indicated a preference for trial and error as a problem-solving 

approach, with decomposition also described by both samples, although HNC students 

also described visualisation. Both samples tended towards problem comprehension 

skills rather than discrete problem-solving approaches, perhaps reflecting the nature of 

the role. 

 

Encountering complex or difficult problems 

While SD personnel in this category discussed decomposition and visualisation 

problem-solving approaches, their emphasis was largely on client interaction and 

working with others, even bringing in outside expertise to assist on complex industrial 

projects. HNC students discussed sequencing, decomposition, best fit, and structured 

methodical approaches, but lacking the necessary experience, were unable to 

appreciate what those approaches required from a professional perspective. Interview 

responses indicated that participants in both samples were dissimilar, but with closely 

matching personality traits, it seems that the real difference between samples was the 

substantial experience possessed by one group, but lacking in the other.  

 

Design Category 

Problem-solving skills application 

The identification of suitable problem-solving questions for students in the design 

category proved difficult, and on reflection may not have been realistically achievable. 

It could be argued that the researcher’s understanding of the role was fundamentally 

flawed, considering it a discrete software development role. As it transpired, the role 

can be discrete, but only within certain organisational types, and analysis and design 

mostly appeared to go hand-in-hand. Given these two factors, question category 

responses appeared to demonstrate the greatest disparity between samples. However, 

the two student participants selected for interview shared the same personality type as 

one of the three SD personnel (ISTJ). While student participants mainly described 

decomposition approaches however, SD participants tended to describe trial and error. 
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Again, this suggests that the best problem-solving approaches are learned 

experientially, with SD personnel participant 7014 claiming; “that's something that I've 

kind of learned the hard way!” 

 

Problem-solving skills acquisition 

SD personnel in this category were largely convinced that natural ability was required 

for the role and that their problem-solving skills were self-taught rather than acquired 

through education. As in the analysis category, HNC student participants, lacking any 

formal experience, suggested that strategy and puzzle-gaming had helped develop 

their problem-solving, although one participant did cite education as a potential source. 

The ‘ISJ’ personality traits linked this student group with the analysis group, as did their 

interest in strategy and puzzle-gaming. Participant 7015 in the SD sample, suggested 

“there are lots of different ways of thinking about problems or puzzles. I do tend to think 

of my job as puzzles to solve!” 

 

Problem-solving skills awareness 

As with the analysis sample, trial and error was a key approach described by both 

groups, although the benefit of experience was observed by SD personnel participant 

7015; “There’s more error as you start out obviously! You learn better ways to do things 

always, but then… you get better at approaching problems and thinking about ways to 

solve them”. The judging trait, dominant in both samples, could be associated with a 

tendency to experiment in finding the best route to a solution. 

 

Encountering complex or difficult problems 

For design, it was always unlikely that HNC participants would be able to provide similar 

responses to SD personnel, who were employed in very specific, largely creative roles, 

and linked their interview responses to those roles. The creative nature of the role made 

it difficult to seek assistance according to 7014; “there’s nobody to turn to! If I have a 

problem I have to figure [it] out myself!” Participants in both samples were happy to use 

the Internet for assistance, but while HNC computing participants outlined a close 

analysis approach (probably in relation to the CPAT questions), SD personnel 

described the use of lists, sketches and mock-ups. This suggests an experimental 

approach with less predictable outcomes than in other aspects of development. In 
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actuality, the personality traits for SD personnel with a preference for a design role were 

similar to those in the analysis category, suggesting that there were some aspects 

common to both roles. 

 

Development Category 

Problem-solving skills application 

Visualisation, decomposition, and logic were the principal problem-solving approaches 

outlined by SD personnel in the development category. 7022 outlined a pattern-

recognition approach reflected in statements made by some HNC student participants, 

who also noted a mathematical component. SD personnel participant 7021 also alluded 

to pattern-recognition, comparing object-oriented development to the patterns found in 

bagpipe music. Participant 7021 registered as highly extroverted and along with the 

other highly extroverted SD participant, rated visualisation as a key skill. 7021 stated 

“I'm coding in my head, I can see the lines”, while 7016 claimed “I definitely like to have 

a vision of what I'd like to see at the end of a process”. The lone intuitive HNC computing 

participant, 6024, referring to the CPAT questions, claimed having “just did it in my 

head and just carried on from there”. These three participants all possessed the judging 

trait, so perhaps an ‘EJ’ trait combination can be associated with the ability to mentally 

visualise a problem, while others prefer to use notations or graphics to visually 

represent the problem. 

 

Problem-solving skills acquisition 

The judging trait appeared dominant when considering how problem-solving skills were 

acquired amongst SD personnel, with the majority proposing that it was a natural 

aptitude. Education and experience were also suggested, although puzzle and 

strategy-gaming were proposed by three SD participants. HNC participants, lacking 

any formal experience, were not in any position to determine whether it was a natural 

ability or not, however, were also inclined to propose puzzle and strategy-gaming as 

formative sources of problem-solving skills development, although also suggesting 

education and practice. The similarity in responses between the samples is highly 

suggestive that the sources identified in the acquisition of problem-solving skills are 

relevant, and indicate that the CPAT questions selected for this category were correctly 
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defined. 

 

Identifying common personality traits in the development category proved difficult, 

although there were recognisable patterns. All student participants possessed the 

thinking and judging traits in common, as did 50% of SD personnel, while also ranking 

quite highly in intuition and feeling. Both samples demonstrated extremes towards 

introversion or extraversion, although mainly introversion (only one participant 

registered below 80%), with a more borderline split in sensing/Intuition (in both sets, 

only one participant registering over 75%). 

 

Problem-solving skills awareness 

A distinct lack of awareness of specific problem-solving strategies was prevalent in both 

development samples, although trial and error and a best fit approach were described 

by participants in both groups, with decomposition also identified by SD personnel. One 

key observation regarding SD personnel was a lack of desire to spend time on design, 

preferring as 7016 suggested, to “jump directly to the correct solution”. 7005 also 

claimed; “I don’t like designing up front anymore, so… if I’ve got a feeling early on of 

where I’m going, I’m going to go for it.” Some SD personnel were uninterested in 

specific strategies, but highlighted the often-implicit nature of problem-solving in 

software development (7011, 7012 and 7019), with 7019 and 7022 suggesting that it 

was difficult to articulate the problem-solving processes that they followed. 

 

Encountering complex or difficult problems 

There were definite similarities of response between the two development samples in 

discussing how they would approach a complex or novel problem. As outlined in 

Section 5.4.9, three problem-solving stages could be associated with SD development 

personnel:  

 

• Design mapping (visualisation) 

• Best fit (possible Internet search for solution or next best thing) 

• Get help (appeal to colleagues or external sources for assistance) 
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HNC participants outlined a similar approach, only preceded by close analysis, a step 

which for SD personnel working in development, would usually be performed by 

someone in analysis/design. With both samples, the Internet was generally viewed as 

a valuable resource, with specific key sites identified, although SD personnel 

participants 7021 and 7022 considered the search element a skill in itself, with 7022 

suggesting that “the key to it is being able to ask the right question”. This factor 

contrasts with the inexperience of HNC participant 6032 who claimed; “usually I search 

the Internet for information, but that isn’t generally helpful.” Both sets of participants, 

while willing to seek assistance form colleagues or peers, demonstrated a significant 

reticence in doing so. Asking for help was considered to be a last resort, seemingly 

borne out of a determination to solve the problem independently, rather than a fear of 

being perceived as unable to do so. 

 

Testing Category 

Problem-solving skills application 

With one SD personnel participant and two HNC student participants for testing, 

comparisons were difficult, however there were some commonalities between samples. 

A logical, sequential approach was proposed by SD participant 7023 and by HNC 

student participant 6008. 

 

Problem-solving skills acquisition 

Sensing was the only common personality trait between the two samples and may be 

relevant to testing. The SD participant however, was very experienced in the role and 

unlike HNC participants, did not view education as contributing to their problem-solving 

skills development. The age difference likely accounted for the SD participant having 

no interest in strategy-gaming, while participant 6013 in the HNC sample expressed 

significant interest. 

 

Problem-solving skills awareness 

One HNC participant demonstrated an awareness of trial and error, while both 

participants outlined a best fit approach. A semi-structured trial and error approach was 

outlined by the SD personnel participant, highlighting the unusual nature of the role, 
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where the aim is to force a mistake from the application under test. The ISTP 

personality type of the SD participant appeared indicative of a probing, enquiring 

awareness, consistent with the lateral thinking approach required for the role. HNC 

participant 6013 had a fairly similar ISFP personality type, in which the feeling (F) 

component was borderline. 

 

Encountering complex or difficult problems 

Difficult problems presented to the SD personnel participant generally stemmed from a 

lack of colleague experience or unrealistic timescales. Risk analysis and prioritisation 

were the principal tools for handling such situations, however when handling 

environmental issues, 7023 suggested that pattern-recognition was a key problem-

solving skill. This aspect could link to their sensing and perception personality traits. A 

common skill identified in both groups was close analysis, although logic was also 

identified, albeit in different question categories. The HNC computing participants 

appeared focussed on problem comprehension, identifying close analysis and 

decomposition as key skills, however when it came to problem-solving they resorted to 

trial and error, searching the Internet or asking for help. The implication is that the HNC 

computing participants possessed limited problem-solving strategies, although testing 

is largely concerned with finding problems, not necessarily solving them. 

 

5.4.11. Summary of Problem-solving skills V Personality in HNC computing students 

To determine whether there were any particular aspects of personality that could be 

linked to problem-solving strategy application, acquisition, awareness, or selection in 

each of the four problem-solving categories, the following question was posed: 

 

What relationships exist between personality types, traits, or trait groupings and 

problem-solving strategy selection in novice computer programming students? 

 

The problem-solving skills identified by HNC computing participants within each CPAT 

question category were considered alongside individual personality types and trait 

percentages. This aimed to determine whether there were any relationships between 

the two factors and whether certain problem-solving skills might be favoured by certain 
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personality type or traits, or could be related to specific categories of problem. Twenty 

skills representing problem comprehension and problem-solving were identified by 

participants, as shown in Table 20, with eighteen of them matching the skills previously 

identified by SD personnel. 

 

Analysis Observations 

All three HNC computing participants tended highly towards judging and all three 

identified close analysis, decomposition, visualisation, trial and error, and planning 

skills. The strongest ‘judging’ participant in the group, 6021, considered 

disassembly/reassembly as a possible source of problem-solving skills, while the two 

lesser ‘judging’ participants suggested strategy-gaming. Spatial awareness was 

proposed by participants 6001 and 6003, with both suggesting strategy-gaming as a 

possible source of their problem-solving skills, while 6001 and 6023 considered puzzle-

gaming a potential contributory factor.  

 

As with SD personnel, an ‘ISJ’ trait combination was apparent in this sample and could 

be significant. The guardian temperament was strongly represented as in the studies 

of Schaubhut and Thompson (2008) and Capretz et al. (2015). Likewise, ‘feeling’ 

participants were drawn to strategy-gaming and the strongest thinker in the group to 

puzzle-gaming and disassembly/reassembly. It could be contended that strategy-

gaming is potentially a more feelings-based pursuit, and puzzle-gaming, more thinking 

or logic-based.  

 

 

 

Design Observations 

The participants in this group had very similar personality types, although with different 

trait percentages. Both identified close analysis, pattern-recognition, decomposition, 

trial and error, and visualisation problem-solving skills. Both participants considered 

strategy-gaming a possible source of their problem-solving skills, while participant 

6016, who was 100% introverted, also suggested puzzle-gaming. Participant 6011, 

more inclined towards judging, placed greater emphasis on problem comprehension 
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than the other participant. The ‘ISJ’ trait combination again appeared significant. 

 

Development Observations 

The three development participants possessed different personality types, however 

had ‘TJ’ traits in common. All three identified close analysis, visualisation and best fit 

as problem-solving skills. The two participants with the ‘sensing’ trait, identified pattern-

recognition as a problem-solving skill and also highlighted the value of experience. The 

‘intuiting’ participant proposed lateral thinking and spatial awareness, while the thinkers 

were drawn to the mathematical aspects of the CPAT. All three participants considered 

strategy-gaming a possible source of their problem-solving skills, with the ‘intuiting’ 

participant also suggesting puzzle-gaming. While the ‘TJ’ trait combination might be 

significant in this category, the participants also tended towards extremes of 

introversion or extraversion. The participants seemed to appreciate not only scientific 

and mathematical thinking, but also lateral thinking and the importance of acquiring 

experience. 

 

Testing Observations 

The participants in this category demonstrated different personality types, however had 

the ‘SF’ traits in common. Both participants identified the problem-solving skills of; close 

analysis, decomposition, best fit and trial and error, and considered education a source 

of their problem-solving skills, although the more introverted participant also proposed 

strategy-gaming. The ‘judging’ participant, 6008, identified logic, while the ‘perceiving’ 

participant, 6013, identified lateral thinking. These problem-solving skills and 

personality traits could be connected. 

 

Relevance 

While specific personality types did not appear directly associated with specific 

problem-solving categories in the CPAT, there were definite trait combinations that 

seemed to reflect the necessary characteristics required. It also appeared that certain 

problem-solving skills could be linked to specific personality traits or trait combinations, 

perhaps dependent on the percentage levels associated with those traits, highlighting 

the potential importance of measuring relative trait strengths. While some skills were 
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identifiable across the whole sample, others were centred on a specific category and/or 

specific personality traits. The association of certain personality traits or trait 

combinations with specific problem-solving skills, seems fairly natural, as the traits 

characterise individual expression, although perhaps actual trait percentages can 

influence the level of certainty with which an individual might associate themselves and 

a particular problem-solving skill. 

 

Limitations 

While personality and problem-solving ability or capability could be considered 

inextricably linked, there appears to have been very little research into the possible 

connectivity of the two aspects prior to this study. As indicated in Section 5.4.4, the 

main problem with this particular aspect of the study may have been the inability of the 

CPAT to exercise the dynamic skills identified by SD personnel, such as; teamwork, 

communication and creativity. The HNC computing participants were unable to identify 

those particular skills, having framed their interview responses in the context of the 

CPAT, although it is difficult to conceive what type of questions could have exercised 

those skills or allowed them to be measured effectively.  

 

The possible relationships between learning strategies and personality were 

highlighted in Sections 1.3-1.4, and considered as an area for investigation in this 

research. It had been proposed initially to test SD personnel and HNC computing 

participants on their self-efficacy, attribution and motivation, as well as having these 

elements form part of the interview process. The testing aspect was later discarded as 

it would have increased the project scope to an unmanageable level, however, as 

ethical consent had already been obtained to do so, data related to these aspects was 

collected at interview with both samples and retained for potential future publication.  

5.4.12. Review of SD Problem-solving and Personality comparison 

Examining the personality traits of individual interview participants within their preferred 

role, the problem-solving skills or associated behaviours identified by them were 

considered, particularly similarity of response corresponding to personality type or 

traits. Clearly, there were some problem-solving skills that appeared generic to 

software development, however a closer examination also suggested that certain skills 

could be preferred by certain personality type or traits. Individual perspectives on how 
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those skills might have been acquired also appear to have been influenced by these 

factors. 

 

The over-arching research question was: 

 

To what extent do personality type, traits or trait groupings and problem-solving 

strategy awareness / application, indicate suitability for specific roles within the 

software development industry? 

 

Analysis Observations 

The thinkers in the sample demonstrated a strong inclination towards close analysis, 

while visualisation was described by five of the six participants. All participants in the 

group described decomposition and communication skills at interview, while trial and 

error was only mentioned by two participants, 7004 and 7020. Participant 7020 

exhibited the highest level of introversion in the group. The participant who considered 

experience as important demonstrated the lowest percentage in the sensing trait 

(7006), while those who placed greater value on education had higher percentages in 

sensing (7002, 7003 and 7004). Participants 7002 and 7009 registered the ‘ISJ’ traits 

and suggested that their problem-solving skills were developed through an interest in 

gaming or disassembly/reassembly. The difference between the two participants was, 

that 7002 (a thinker) believed education had helped develop their problem-solving 

skills, while 7009 (a feeler) considered it a natural aptitude. It appears that these 

personality traits do correspond with the participant responses given, as 7002 also 

expressed an interest in puzzle-gaming, while 7009 preferred strategy-gaming, 

definitely thinking-oriented, while strategy-gaming although also cognitive, could be 

considered more hunch-based.  

Design Observations 

The two design participants possessing the feeling trait described pattern-recognition 

and best fit approaches, and considered their problem-solving skills as stemming from 

a natural aptitude (7010 and 7015). The two introverted participants considered 

themselves to be self-taught and experience to be important (7014 and 7015). All three 

participants described visualisation, planning and trial and error approaches. 
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Development Observations 

Most development participants who were inclined towards feeling, described a trial and 

error approach, which suggests that the trait and approach may be linked, like those 

with a design role preference. They also considered their problem-solving skills as 

stemming from a natural aptitude. The three participants who considered education as 

having developed their problem-solving skills exhibited a ‘TJ’ trait combination, similar 

to those in analysis. Two of the three participants with ‘IF’ trait combinations described 

lateral thinking, while two ‘INJ’ combinations considered strategy-gaming or puzzle-

gaming as aiding their problem-solving skills development. A third proposed that 

playing music had contributed. Puzzle-gaming was also mentioned by an ISFP, one of 

two 100% introverted participants in the group. All participants claimed to use the 

Internet as a resource, while most were prepared to ask a colleague for assistance, 

albeit reluctantly. It is worth observing that every participant in the group was either 

highly introverted or highly extroverted (over 80%). 

 

Testing Observations 

With only one participant in this category, comparisons were impossible, however 

certain problem-solving skills could potentially be ascribed to or linked with certain 

personality traits exhibited. A comparison with the matching ISTJ types; 7001 from the 

development category and 7002 from the analysis category, demonstrated that all three 

participants believed problem-solving skills to be a natural aptitude and developed 

through experience rather than through education. 

 

 

 

Relevance 

The personality testing of software development personnel by role had been proposed 

by Sach et al. (2010), Wiesche and Krcmar (2014) and Koppi et al. (2009), however 

prior studies did not consider all of the roles examined in this study. Limited evidence 

could be found of any similar research being conducted previously, although elements 

of personality testing and problem-solving had certainly been explored, but seldom in 

conjunction. This research drilled-down further into personality than those prior studies 
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(Schaubhut and Thompson, 2008; Capretz et al., 2015; Gilal et al., 2017), examining 

not only specific personality traits, but also levels of individual deviation within each trait 

pairing and by role. 

 

5.4.13. Demographics – SD Personnel 

In the SD personnel sample, the gender balance was found to be consistent with ratios 

observed in industry (Kolakowski, 2018). Role preference indicated that more than 

halve of males had a preference for development, while females were generally drawn 

to leadership roles or development. It was not possible to determine whether any 

females had been pushed out of development roles into those positions, as suggested 

by Lien (2015), or had a genuine preference for leadership. The personnel in the 

sample were extremely well qualified, far beyond the level observed by McConnell 

(2003), 89% as opposed to 60% with degree level or equivalent qualifications. The 

general population level in 2003 was 30%, and even though that may have improved 

since then it must surely remain a long way behind this sample. In the UK, the office 

for national statistics put the general population with a degree equivalent at 40% in 

2017 (ONS, 2017). 

 

5.4.14. Demographics – HNC computing students 

The number of male participants in the HNC computing sample (82%) very accurately 

reflected the assertion of Roberts et al. (2012) and Osunde et al. (2014) who found the 

ratio to be roughly 8:2. This was higher than the 10:1 ratio observed by Hinsliff (2015), 

suggesting a continuing gradual improvement, however in the following year the cohort 

although of equivalent size, was 100% male. 

 
 

5.4.15. Personality testing with SD personnel – quantitative overview 

In considering the aspects of personality and problem-solving descriptions offered by 

SD personnel at interview, these appeared very similar in nature to personal behaviours 

suggested by Keirsey.com (2018) for the different temperaments. The description given 

for guardian types particularly resonated with the characteristics of software developers 

in the sample, of which 58% possessed guardian temperaments. However, the 

descriptions offered for artisans also corresponded well with statements given by SD 
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personnel with an analysis or leadership preference, accounting for roughly 18% and 

12.5% respectively. However, of the eight SD personnel with a leadership preference 

all were guardian types, while two were half-guardian, half-artisan. These two groups 

were generally the most experienced and most confident of the SD personnel 

interviewed. Idealists appeared less suitable for software development roles and better 

suited to front-facing support roles and while the description of a rationalist given by 

Keirsey.com (2018) closely paralleled the accounts given by those with a design 

preference, idealist SD personnel were spread across the temperaments. While Goram 

and Lam (2004) proposed that ‘NFJ’ idealist types were best suited to team leader 

roles, none of those with a leadership preference in this sample were idealists, 

suggesting that the supposition made Goram and Lam (2004) was either incorrect or 

no longer holds true. 

 

Examining previous research of software developer personality, it was noted that Gulati 

et al. (2016) had described the best performers as exhibiting the ‘sensing’ and ‘judging’ 

traits. These traits are a particular feature of the guardian temperament, which 

comprised 63% of the SD personnel in this sample. Across the whole sample, 78.5% 

tended towards ‘sensing’ and 66% towards ‘judging’, apparently supporting the 

contention of the author.  Gulati et al. (2016) also contended that individuals exhibiting 

the ‘feeling’ trait might be unsuited to software development, but that appeared to be 

contradicted by this research, with 52.25% of SD personnel exhibiting the trait. 

However, the majority of SD personnel in the sample possessing the feeling trait 

expressed a preference for non-development roles, so perhaps the assertion was 

indeed valid. In actuality, only 20% of guardian types indicated a development role 

preference. The samples examined by Gilal et al. (2017) indicated that thinking and 

judging were the most dominant traits in industry and in educational software 

development settings, and while the thinking trait appeared ambiguous within this 

research, it is representative of the two most prominent personality types in both 

samples; ISTJ and ESTJ. As Gilal et al. (2017) correctly anticipated, in this research 

the rational ENTJ type, which they considered unsuitable for software development, 

was not present in the SD personnel sample and accounted for only two of the student 

participants. 
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Examining discrete personality types found within the SD personnel sample against 

those observed by previous researchers, the ISTJ type was found to be most dominant 

(24%), as noted by McConnell (2003), Montequin et al. (2012) and Gilal et al. (2017). 

McConnell (2003) linked the ‘ST’ trait combination to education, noting that developers 

tended to be highly educated, an assertion supported by this research. While the author 

found 60% of developers to possess an ’ST’ trait combination, the figure for this 

research was 52%. Capretz (2003) suggested that ‘ST’ types might be best suited to 

maintaining and adapting software and it was clear from the interviews conducted that 

such tasks were often part of the development role, but also occasionally assigned to 

analysts to deal with. 43% of those in the sample with an analysis preference exhibited 

an ‘ST’ trait combination. Capretz (2003) had also suggested that a ‘TJ’ trait 

combination made good analysts, but only 29% of those with an analysis preference 

exhibited such a combination. While the author suggested that ‘NT’ trait combinations 

might lend themselves to creative roles, a lack of such types in the sample meant that 

the proposition could not be evaluated. Capretz (2003) and Martinez et al. (2010) 

suggested that the ISTP type made the best programmer, however there were very few 

of that type in this sample and mainly in senior or leadership roles (six of eight), 

suggesting that the assertion of those authors could be correct, but that the skills of the 

ISTP tended in the long run to propel developers into positions of authority.  

 

5.4.16. Personality testing with HNC computing participants – quantitative overview 

Gulati et al. (2016) proposed that the best programming students were those in the 

guardian temperament category. The top four types in the HNC computing sample 

(75%) accounted for all four guardian types, exhibiting an ‘SJ’ trait combination. The 

ISTJ type accounted for 23% of the sample, a very similar amount to that found in the 

SD personnel sample (24%). Varona et al. (2014) suggested that the ISTJ type were 

the best academic achievers, along with ESTJ types (Ahmed et al., 2010), which 

combined, accounted for 35% of this sample, with 75% completing the course 

successfully. The supposition of Sach et al. (2010) that artisans and idealists tend not 

to succeed in software development was largely borne out by the findings of this 

research, with participants of both temperaments quitting the course or struggling to 

complete. Two students who were observed to struggle throughout the course, were 
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INFJ and ENFP idealist types, identified by Varona et al. (2014), Martinez et al. (2010) 

and Gilal et al. (2017) as likely to struggle academically. However, this research found 

that rationalist types struggled even more, a phenomenon not noted by those authors, 

in fact, Gilal et al. (2017) proposed that the rationalist INTP and ENTP types (along with 

guardian ISTJ and ISFJ) were the most effective in industry and academic settings. 

Although software development constituted only a component part of the course and 

was not necessarily the primary driver behind student difficulties, the similarities are 

still worth noting. Personality types identified as dominant by Varona et al. (2014), did 

not match those in this research, with some not even represented, however, the author 

observed that participants were more inclined towards sensing and in this research 

sample 85.5% were so inclined. 

 

Reynolds et al. (2017) contended that most computing science majors were ‘INT’, ‘IST’ 

or ‘ENT’ types (29.5% in this sample), while ‘EST’ types tended to major in information 

systems (13% in this sample). The assertion of the authors seems to be supported in 

that two ‘EST’ types transferred to other course areas upon completion of HNC 

computing, indicating that they may have been studying the wrong subject. 

 

5.4.17. Problem-solving investigation with SD personnel – qualitative overview 

Grouping SD personnel by role preference meant that their problem-solving skills could 

be considered within the context of that role, an important element of this research. The 

aspects of problem-solving for consideration were strategy selection, application, 

acquisition, awareness, and dealing with complex problems.  

 

As proposed by BRG (2018), those with an analysis preference did highlight close 

analysis, communication and teamwork as part of a wider range of problem-solving 

skills, mainly linked to problem comprehension. The analysis role proved particularly 

interesting, because participants with an analysis role preference tended to be very 

experienced, often occupying senior positions and with leadership responsibilities. In 

smaller organisations they might also have been responsible for elements of design 

and development. 
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From the interviews conducted, it was clear that very few if any participants had ever 

received any discrete problem-solving training. Very few considered education to be 

the source of their problem-solving skills, but rather, believed that they had implicitly 

accrued them through personal interests such as strategy or puzzle-gaming, playing 

music, or an interest in disassembling and reassembling objects. Most participants 

could describe problem-solving approaches although they could not name them. These 

tended to be generic skills associated with software development and possibly 

cultivated within the workplace.  

 

It became clear during the interview process that many of the senior SD personnel no 

longer considered discrete problem-solving skills while applying them, but did so 

unconsciously, relying on their knowledge, experience, and tried and tested techniques 

to devise a solution. This approach was observed by Dreyfus and Dreyfus (1986), who 

suggested that experts are defined by their willingness to break the rules or adapt their 

existing perceptions, in order to solve a problem. In many instances, problem-solving 

techniques had become blended together or alternatives discovered. The use of 

shortcuts or heuristic techniques by experts was identified by Soloway (1986) and 

Zimmerman and Campillo (2003), as an effective and time-saving strategy, however 

the undocumented nature of these can result in them inevitably being lost. This 

possibility was recognised by one of the participants. 

 

5.4.18. Problem-solving investigation with HNC computing participants – qualitative overview 

While Thompson (2006) and Johansson (2015) highlighted the importance of problem-

solving in software development, Pillay and Jugoo (2005) observed poorly developed 

problem-solving skills and strategies in novice programmers. That phenomenon was 

clearly displayed in the results of the CPAT, the problem-solving test issued to HNC 

computing participants in this research. Overall performance was relatively poor, with 

the majority of participants favouring trial and error over other approaches, perhaps 

because they lacked alternative strategies.  

 

With hindsight there were some issues with the test, but other than for the design 

category the difficulty level and range of question types seemed valid. In general, many 
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of the problem-solving skills identified by HNC computing participants were similar to 

those described by SD personnel, although the students tended to focus more on 

problem comprehension, possibly framing their responses in the context of the CPAT, 

although and perhaps more likely, because their lack of problem-solving strategies 

caused them to fixate on the problem. Both samples indicated that trial and error was 

a common problem-solving approach, but it was clear that where student participants 

resorted to trial and error because of a lack of alternatives, SD personnel did so 

methodically and with the aim of finding a shortcut to a solution. This expert capability 

of accurately locating and assessing the potential viability of a solution was observed 

by Dreyfus and Dreyfus (1986). In terms of acquiring problem-solving skills, student 

responses were similar to those of SD personnel, but with less value placed on 

education and a great deal of value placed upon strategy-gaming in particular. 

 

5.4.19. Qualitative studies comparison 

Hagan (2004) and Hamilton et al. (2015) highlighted the importance of soft-skills to 

large ICT multi-nationals, observing that these were often lacking in graduate recruits. 

Of the three top-rated skills identified by the authors, communication and teamwork 

were frequently mentioned by SD personnel in this research, especially those with an 

analysis preference. While creativity was not high on the list of desirable skills for 

employers, those with a design preference in the SD personnel sample rated it highly. 

These three skills were not evident at interview with HNC computing participants, 

however, as they did not form a component of the CPAT and their interview responses 

were framed against that, there was no real need for them to mention them. Koppi et 

al. (2009) had observed the difficulties of teaching soft-skills in an educational setting, 

particularly in software development where the difficulty of the subject matter 

demanded attention, often to the exclusion of all else. 

 

Problem-solving and particularly problem comprehension skills generic to both samples 

were apparent; close analysis, decomposition, visualisation, and trial and error. The 

use of the Internet in conjunction with a best fit approach was common across all roles 

for SD personnel, especially development, and a similar approach was described by 

many HNC computing participants, although generally appearing less successful.  
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5.4.20. Individual roles 

Bradbary and Garrett (2005) associated certain personality types with certain problem-

solving skills and it appeared that these problem-solving skills could be associated with 

specific roles. However, a comparison with those in the sample found that there was 

actually very little correspondence, although specific personality traits and their relative 

strengths were found to be potentially relevant to each role considered. 

 

5.4.21. Relevance 

While there were certain personality type or traits that could be associated with each of 

the specified software development roles, and certain problem-solving skills and 

associated behaviours, connecting the two aspects proved difficult. There appeared to 

be some similarities, but it was uncertain whether a failure to mention a particular 

problem-solving skill was an indication that a participant did not possess/apply that skill, 

simply never considered it, or failed to disclose it at interview. In determining where 

problem-solving skills might have been acquired, this was not such an issue, as 

participants generally expressed firmly held beliefs in that regard. 

 

5.4.22. Limitations 

Other than interviewing more participants, it is difficult to appreciate what could have 

been done differently. The testing category observations were lacking because there 

was only one SD personnel participant with that role preference. Whether each 

participant identified all the problem-solving skills that they applied or were aware of, is 

open to conjecture. An alternative might have been to provide them with a list of skills 

and have them select from it, although such an approach would surely have potentially 

restricted the participants ability to provide the rich detailed descriptions they did, or led 

them to identify problem-solving skills they did not use or misidentify skills through lack 

of awareness. 

 

5.5. Main Findings 

The main over-arching research question was: 
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What relationships exist between novice computer programming students and 

software development personnel, personality type and problem-solving strategy 

selection and application? 

 

To answer this question, a comparison of personality and problem-solving skills 

between the two groups, was conducted. The following two sub-questions were 

considered first, one comparing personality between the two groups and the other 

problem-solving: 

 

1. What similarities are there, in personality types, traits, or trait groupings, 

between novice computing students and software development personnel that 

can be associated with a specific software development role? 

 

2. What similarities are there, in problem-solving strategy selection and 

application, between novice computing students and software development 

personnel that can be associated with a specific software development role? 

 

5.5.1. Research Approach 

Personality measurements across both samples were applied in a range of forms, all 

based upon KTS-II responses. Individual personality types were considered first for the 

whole sample and then by role preference/CPAT category. Responses over 70% were 

also considered, as a whole and by role preference/CPAT category. Finally, percentage 

deviations within each of the four trait pairings were considered again for each sample 

and by role preference/CPAT category.  

Problem-solving skills were evaluated by conducting interviews with participants from 

both samples. The participants answered questions examining four areas of problem-

solving; application, awareness, acquisition and selection. All responses were 

transcribed and the relevant problem-solving skills identified, then considered as a 

whole for each sample and by role preference/CPAT category. The frequency of 

identification of themes was considered by role preference/CPAT category and within 

those, in terms of application, awareness, acquisition and selection 
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5.5.2. Personality Comparison 

This section compares the personality findings of both samples; SD personnel and 

HNC computing students, in considering the first main sub-question: 

 

1. What similarities are there, in personality types, traits, or trait groupings, 

between novice computing students and software development personnel that 

can be associated with a specific software development role? 

 

A closer comparison of the personality types found within both groups was conducted, 

considering these within the context of the four Keirsey temperament types; Artisan, 

Guardian, Rational and Idealist (Keirsey.com, 2018). 

 

Whole sample comparison - By Type 

Four specific personality types were found to make up 63% of the SD personnel sample 

and also 74% of the HNC computing student sample. These are shown in table 33 

along with their percentage values found in each sample. The four types, all comprising 

an ‘SJ’ trait combination, make up the guardian temperament. 

 

Personality Type SD Personnel HNC computing Students 

ISTJ 20.5% 22% 

ISFJ 19% 28% 

ESFJ 12.5% 12% 

ESTJ 11% 12% 

Table 33 Top four personality types in both samples 

The ranking of the four types, although not identical, is very similar, with only the top 

two types in each sample reversed. However, from a possible sixteen personality types, 

these four represent significant proportions within each sample and suggest strongly 

that particular types are drawn to computing in general and potentially to software 

development in particular. In fact, for three of the four types, the percentage levels 

actually corresponded very closely. 
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Comparison of Studies 

Sach et al. (2010) proposed that the guardian type was the best at programming, and 

with 75% of the HNC computing participants in the guardian category (Table 34) and 

60% of SD personnel (Table 35), that supposition appears to be supported by this data. 

In the rational category only one HNC computing participant completed, however was 

observed to struggle through the course. Of the 2.5 SD personnel in the rational 

category, one expressed a preference for design. Sach et al. (2010) also proposed that 

artisans and idealists were unsuitable types for computer programming. These made 

up fairly small proportions of the HNC computing sample, at 10.5% artisan and 8% 

idealist, however two of the four idealists (3%) did not complete the course. One of the 

three artisans (4%) also failed to complete the course and another performed badly in 

the CPAT. With SD personnel, idealists made up 14% (seven of eight participants) of 

the sample, however one preferred IT Support and another design. Artisans made up 

15.5% of the SD personnel sample, however only 6.5% expressed a preference for 

development, while an artisan/guardian combination accounted for 50% of those with 

a leadership preference, the other 50% belonging to the guardian temperament. 

 

ARTISAN GUARDIAN RATIONAL IDEALIST 

ESTP (0.75%) ESTJ (11%) ENTJ ENFJ 

ISTP (8%) ISTJ (20.5%) INTJ (5%) INFJ (3%) 

ESFP (6%) ESFJ (12.5%) ENTP ENFP (3%) 

ISFP (0.75%) ISFJ (19%) INTP (3.5%) INFP (8%) 

Total – 15.5% Total – 63% Total – 7.5% Total – 14% 

Table 34 Percentages of each SD personnel personality type by KTS-II grouping 

 

ARTISAN GUARDIAN RATIONAL IDEALIST 

ESTP ESTJ (13%) ENTJ (5%) ENFJ (1.5%) 

ISTP ISTJ (23%) INTJ (1.5%) INFJ (1.5%) 

ESFP (3.5%) ESFJ (17%) ENTP ENFP (1.5%) 

ISFP (7%) ISFJ (22%) INTP INFP (3.5%) 

Total – 10.5% Total – 75% Total – 6.5% Total – 8% 

Table 35 Percentages of each HNC personality type by KTS-II grouping 
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Keirsey.com (2010) proposed that guardian types were logistical, responsible, 

conventional and liked to follow step-by-step procedures, which equates well with 

computer programming, however, artisans were considered tactical, quick to react and 

able to organise resources and people, which corresponds well with analysis and 

leadership role requirements. 

 

Considering a normal population sample composition of personality types as 

background context to this research, how do the samples compare? Keirsey.com 

(2018) reported the guardian type as making up 40-45% of the general population, 

artisans 30-35%, idealists 15-20% and rationalists 8-10%. This temperament ordering 

was reflected in both samples, with matching orders of precedence. The main 

difference being that guardians made up a higher ratio of HNC computing participants 

and SD personnel, with the other three categories demonstrating percentages lower 

than the general population in both samples, idealists and rationalists slightly lower, 

and artisans considerably lower. 

 

It is also worthwhile considering which personality types were less common in the 

samples and what the implications of that might be. It seems that the rational types are 

neither attracted to, nor best suited to computing or software development. Gulati et al. 

(2016) suggested that artisans and idealists were least suited, but made no mention of 

the rational type. These findings indicate that idealists did appear to struggle on an 

HNC computing course. Although idealists were more common in SD personnel, 

artisans on the HNC computing course also struggled, but in SD personnel accounted 

for a number of analysts, project leaders and some designers, with many indicating that 

they had come to software development via other disciplines, such as engineering, 

geology or mathematics. 

 

Comparison by Trait combinations 

The judging trait was consistent across the four top personality types in both samples 

and sensing across the top five, suggesting that these two traits are dominant in 

computing, while the extraversion/introversion and thinking//feeling trait pairings 
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appeared less significant. Sensing was a common trait in 83% of SD personnel and 

80% of HNC computing students, while judging was common to 75% of SD personnel 

and 81% of HNC computing students. Overall, an ‘ISJ’ trait combination appeared 

prevalent, and especially for HNC computing participants but different trait 

combinations appeared significant within each of the defined roles (Table 36). 

 

Role SD Personnel HNC computing 

Analysis IF ISTJ 

Design INF ISJT 

Development ISTJ ISJ 

Testing IST ISTJ 

Leadership (E)SJ NA 

Table 36 Significant traits by role, for each sample 

 

With a cut-off set at 4% deviation towards a trait, table 36 indicates the dominant 

average traits by role preference/CPAT category. Assuming that the dominant traits for 

SD personnel demonstrate a realistic representation of SD personnel in general, then 

the development and testing categories are well matched in the HNC computing 

participant sample, suggesting that the CPAT provided a suitable test of those skills. 

However, the ‘feeling’ trait, so plainly manifest in SD personnel with an analysis or 

design role preference, was not matched in HNC computing participants. The probable 

reasons for this were explored in Sections 5.4.4 and 5.4.11, and might stem from an 

inherent flaw in the CPAT that only became apparent during data analysis. 

 

 

While the thinking/feeling trait pairings were almost evenly split across both samples, 

introverts made up 60% of the SD personnel sample and 69% of the HNC computing 

sample, demonstrating that introversion was slightly more dominant in both groups. 

Participants tending towards intuiting were less prevalent in both samples, eleven 

(21%) of SD personnel and 4.5 (15%) of HNC computing students. The ‘NFP’ and ‘NFJ’ 

trait combinations in particular had little representation: 

 



358 
 

• NFP - 12% of SD personnel and 5% of HNC computing students. 

• NFJ - 4% of SD personnel and 3% of HNC computing students. 

 

Of all the SD personnel participants, three in design (50%) demonstrated an ‘NF’ trait 

combination, two in analysis (29%), and four in development (15%), while none were 

found in testing or leadership. This suggests that these two traits are of particular 

relevance in design and somewhat relevant in analysis, which arguably overlap. Two 

‘NFP’ trait combinations were found in development, one in analysis and one in design, 

and only one ‘NFJ’ in design and one in development.  

 

Sample representation by type and temperament 

Fifteen personality types were found across both samples, with the ENTP (Rational) 

type found in neither, while other rational types also had very low representation, 

suggesting that rationalists are not particularly drawn to computing or software 

development. The idealist ENFJ type had one student representative, who failed to 

complete the course, while the other idealist types, besides INFP, were also poorly 

represented, as was the ESTP artisan type. 

 

 

 

 

 

 

 

Type KTS-II Type SD % HNC% 

ISTJ Guardian 20.5 23 

ISFJ Guardian 19 22 

ESFJ Guardian 12.5 17 

ESTJ Guardian 11 13 

ISTP Artisan 8 0 
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INFP Idealist 8 3.5 

ESFP Artisan 6 3.5 

INTJ Rational 5 1.5 

INFJ Idealist 3.5 1.5 

INTP Rational 3.5 0 

ENFP Idealist 3 1.5 

ISFP Artisan 0.75 3 

ESTP Artisan 0.75 0 

ENTJ Rational 0 5 

ENTP Rational 0 0 

ENFJ Idealist 0 1.5 

Table 37 Personality type rankings of both samples 

 

It can be observed from table 37 that the top four ranking personality types in each 

sample were guardians, with idealists and artisans making up less significant 

proportions of each sample and rationalists accounting for very small proportions. 

 

Comparison of Question responses over 70% 

Examining KTS-II question responses, those receiving a greater than 70% average 

towards a particular trait in both samples were considered (Appendix G, Section 8.7.1). 

Of the seventy questions comprising the KTS-II, the division of questions across trait 

parings was: 

 
 
 
 
 
 

• Introversion/Extraversion – 10 questions 

• Sensing/Intuiting – 20 questions 

• Thinking/Feeling – 20 questions 

• Judging/Perceiving – 20 questions 

 

Notably, there were no matching questions in the introversion/extraversion pairing 
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averaging over 70% in both samples.  The implications are clear, that this trait pairing 

has little or perhaps no influence on suitability for any particular software development 

role. There were however, notable matches in the remaining three trait pairings. In the 

sensing/intuiting trait pairing, there were six matching questions with average questions 

responses over 70%, and of these, five favoured sensing and one intuiting. This 

corresponds with the high levels of sensing found across both samples. In the 

thinking/feeling trait pairing, there were four matching question responses averaging 

over 70%, two towards thinking and two towards feeling, suggesting that these traits 

are perhaps not as influential as others. In the judging/perceiving trait pairing, five 

matching question responses averaged over 70%, all in favour of judging. This further 

supports this supposition that the judging trait is an important trait for software 

development personnel and for HNC computing students. 

 

Comparison of Average trait deviations by role/question category 

Analysis 

Introversion/extraversion levels in both samples demonstrated a similar average 

deviation towards introversion. A roughly average 13% deviation for SD analysis 

personnel appeared significant and somewhat unusual for personnel who most 

certainly had a role involving considerable client interaction (Fig. 4.86). Software 

personnel appeared much less inclined towards sensing than HNC computing 

participants in this role/category, which also seems surprising given the overall sample 

tendency towards sensing. While HNC computing participants deviated slightly towards 

thinking, SD analysis personnel were slightly inclined towards feeling, which is certainly 

representative of the role in terms of the teamwork and communication elements, as 

highlighted by participants.  

 

While the analysis groups in both samples demonstrated an average trait deviation 

towards judging over perceiving, the SD analysis personnel deviation was slight, at just 

over 2%, while the HNC computing deviation was significantly highly at nearer 22%. 

This could imply less trust in the facts as reported to SD analysis personnel, in terms 

of believing what is stated, relying more on personal experience and perceptions of 

people and situations. HNC computing participants in the analysis category, with their 
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narrow breadth of experience, could be considered as more inclined to accept 

information from a perceived source of authority. 

 

Design 

There were few similarities in average trait deviation between the two groups in the 

design category. The possible reasons for these differences have already been outlined 

(see Section 5.4.4). Both groups displayed an average trait deviation towards 

introversion and while this was significant for SD design personnel (10%), it was 

extremely high for HNC computing participants (23%). There were similarities in the 

deviation towards thinking, with SD design personnel demonstrating a 4% deviation 

and HNC computing participants, 11% (Fig. 4.38). SD design personnel demonstrated 

zero deviation in judging and perceiving, perhaps characteristic of the role, while HNC 

computing participants averaged a 14% deviation towards judging. A similar disparity 

was observed in the sensing/intuiting trait pairing, with SD design personnel showing a 

6% deviation towards intuiting, while HNC computing participants demonstrated a 13% 

deviation towards sensing. The intuitive nature of the design role was made apparent 

at interview, however it appeared that the CPAT was unable to identify that particular 

trait. Based on SD design personnel trait deviations, an ‘INF’ trait combination seems 

best suited to the design role, however the HNC computing average trait deviations do 

not match well, highlighting a potential flaw in the CPAT with regard to the design 

category. 

 

It could be suggested that intuition and feeling are personality traits inextricably 

associated with good software design skills, however student participants were highly 

inclined towards sensing and judging rather than intuition and feeling, as they were with 

analysis category questions.  

The conclusion must be that the CPAT design category questions failed to capture the 

essence of the problem-solving skills required to work in a software development 

design role. The stark contrast in personality trait deviations between these 

corresponding groups when compared with those found in the other three roles, is very 

much apparent. 
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Development 

The closest matches in trait pairings between sample groupings were found in the 

development category. The deviation towards introversion was almost identical in both 

samples at just over 13%, the sensing trait deviation close at 9% for SD personnel and 

13% for HNC computing participants, with judging at 9% in SD personnel and 14% in 

HNC computing participants (Fig. 4.88). The strong tendency in both samples towards 

sensing and judging could indicate the particular significance of these two traits in 

development, while the lower values for SD personnel could be an indicator that 

personality traits do become moderated or softened over time, as proposed by Coffield 

et al. (2004). Although SD personnel were inclined slightly towards thinking, while HNC 

computing participants were only very slightly inclined towards feeling, the difference 

between these was minor and could suggest that the trait pairing plays less of a role in 

development than the other three pairings. There is every indication that an ‘ISJ’ trait 

combination would be best suited to this type of role. 

 

Testing 

There were admittedly small samples for testing in both groups, with only one 

participant for SD personnel and two for HNC computing. However, an ISTJ type 

emerges quite clearly from the average trait deviations. In particular, tendencies 

towards introversion and sensing were strong in both samples and relatively strong 

towards thinking (Fig. 4.89). The main difference between the samples was the 

deviation towards judging, which was relatively low for the SD personnel participant 

(3%) and very high for the HNC computing participants (17.5%). The higher deviation 

towards thinking for software development personnel, could be owing to the need for 

clinical precision in the role. Unlike other aspects of software development, testing is 

clearly defined in terms of requirements, with minimal room for exploration or 

experimentation. The high deviation towards judging over perceiving in the student 

sample could again be attributed to a lack of experience in the discipline, however, the 

student sample registered highly in judging across all four categories, so is not just a 

feature of students performing well in the CPAT. It would be interesting to see if this 

was the case with other HNC computing cohorts. For testing, based upon the relatively 

small samples, the indications are that an ISTJ personality type may be best suited to 

the role, or at least an ‘IST’ or ‘IS’ trait combination, although the low sample sizes 



363 
 

involved detract from that assertion. 

 

5.5.3. Problem-solving Comparison 

This section compares the problem-solving skills found in both samples; SD personnel 

and HNC computing students, considering the second main sub-question: 

 

2. What similarities are there, in problem-solving strategy selection and 

application, between novice computing students and software development 

personnel that can be associated with a specific software development role? 

 

Problem-solving skills were considered in four set contexts throughout each interview. 

These were; selection and application, acquisition, awareness, and encountering 

complex problems. While the problem-solving skills identified were considered within 

each context, the skills described by participants as a whole in the course of their 

interview were also considered. The SD personnel interview sample was just over 

double in size that of HNC computing participants. SD personnel tended to frame their 

responses in the context of their employment experience, while HNC computing 

participants framed their responses in the context of the CPAT and their educational 

and personal experiences. As a whole, participants identified eighteen problem-solving 

skills in common, with SD personnel identifying six skills that HNC computing 

participants did not, while HNC computing participants identified a further two skills that 

SD personnel did not. 

 

 

 

Comparison of problem-solving skills 

Whole samples comparison 

Application 

The problem-solving skills identified by participants that were common to both samples 

in terms of application were: decomposition, visualisation, lateral thinking and close 

analysis (Fig. 4.91). Also in common, but with fewer similarities, were pattern-
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recognition, logic and best fit. Arguably, these form a core set of software development 

problem-solving skills, although most were actually problem comprehension skills. 

Communication, planning, creativity and trial and error were also identified by SD 

personnel in this context, although not by HNC computing participants, while 

mathematics and spatial awareness were identified by HNC computing participants and 

not SD personnel. Communication and creativity were not identified by HNC computing 

participants at interview at all, the potential reasons for which were outlined in Section 

5.4.4, however planning and trial and error were clearly identified later on in some 

interviews and related to specific CPAT questions. 

 

Acquisition 

Commonalities in terms of problem-solving acquisition were; education, experience, 

being self-taught, disassembly/reassembly, puzzle-gaming and strategy-gaming. 

Surprisingly, while roughly half of SD personnel considered their problem-solving skills 

as stemming from a natural aptitude, no HNC computing participant expressed a similar 

belief. Education and experience were the two most agreed upon sources along with 

puzzle-gaming, and while natural aptitude was the highest ranking source identified by 

SD personnel, nine of the eleven HNC computing participants identified strategy-

gaming. This is a significant factor, in comparison for instance with education which 

was acknowledged by only three HNC computing participants. Three SD personnel 

considered music a possible source of problem-solving ability, particularly in relation to 

pattern-recognition skills. 

 

Given the general youthfulness of HNC computing participants and with only three SD 

personnel identifying strategy-gaming, it appears that this type of activity is generally 

confined to digital formats. However, participants in both samples suggested chess, a 

traditional strategy-gaming pursuit linked to pattern-recognition, spatial awareness, 

logic and lateral thinking. It seems probable that technology had exposed HNC 

computing participants to opportunities for problem-solving skills development that 

more senior SD personnel participants either never had access to, or had not been 

exposed to. Whether the same set of skills were being developed regardless of the 

exposure medium, would be difficult to determine. It may be that strategy-gaming only 
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contributes to the aforementioned skills and that a variety of relevant interests, pursuits 

or endeavours are necessary in order to develop a robust set of problem-solving skills 

suitable for a software development role.  

 

Awareness 

Regarding awareness of problem-solving strategies, HNC computing participants were 

able to describe more skills than SD personnel, although only slightly (Fig. 4.93). Their 

recent recounting of strategies used in the CPAT, possibly enabled them in identifying 

these. Trial and error, decomposition and best fit were strategies described by 

participants in both samples, with trial and error most frequently described overall. 

Decomposition was described more frequently by SD personnel, while best fit was 

described more frequently by HNC computing participants. This factor could possibly 

be ascribed to the differences between the samples in terms of experience, with best 

fit liked to trial and error. 39% of SD personnel described a trial and error approach in 

this context compared to 82% of HNC computing participants, highlighting the main 

difference in attitudes towards problem-solving within the samples. 

 

Complex Problems 

This line of questioning drew more detailed responses than the others, with participants 

describing eight problem-solving strategies in common between the samples (Fig. 

4.94). Close analysis, decomposition, and visualisation were amongst the most 

commonly described strategies of HNC computing participants. These problem 

comprehension skills, illustrated their relative inexperience, in fixating upon strategies 

for the consideration of a problem rather than devising solutions. This could link to the 

five problem-solving capabilities that McCracken et al. (2001) found students to be 

lacking. Visualisation was also frequently described by SD personnel and appears to 

be a critical skill. Both samples indicated that the Internet was an important resource 

and that being able to seek assistance was an important factor, although in either case, 

the reasoning for doing so and how it was received differed markedly between samples 

(see Section 5.4.5). 

 

Problem-solving Skills by Role Preference/CPAT category 
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In this section, both samples are examined in relation to their corresponding role 

preference/CPAT category; analysis, design, development and testing. Each 

role/category is further broken down into the problem-solving areas investigated at 

interview, namely; selection and application, acquisition, awareness, and encountering 

complex problems. 

 

Analysis 

Application 

The problem comprehension skills of close analysis and visualisation were the only 

common approaches identified between samples, with decomposition, logic and 

communication identified by SD personnel, while mathematics, planning and spatial 

awareness were identified by HNC computing participants. Clearly analysis focusses 

largely on problem comprehension and for the most part the CPAT questions examined 

those skills. Participants also applied decomposition skills in the CPAT and although 

they did not identify them at this stage of interview, they did in later stages. Mathematics 

and spatial awareness, skills required for the CPAT analysis category questions, were 

identified by some participants. Communication was a standout skill, valued in the 

analysis role by SD personnel, but not a component of the CPAT and therefore not 

identified by any HNC computing participant. 

 

Acquisition 

In identifying potential sources of problem-solving skills in the analysis category, 

common sources suggested by participants were; strategy-gaming, puzzle-gaming, 

music and disassembly/reassembly. Strategy-gaming and puzzle-gaming were the 

sources most commonly identified by HNC computing participants, while SD personnel 

most commonly suggested education or natural aptitude as the source of their problem-

solving abilities, while also highlighting the importance of experience. It seems probable 

that the most experienced senior SD personnel in analysis roles acquired their problem-

solving skills in a different way from HNC computing participants and younger less 

experienced SD personnel, who mainly ascribed them to strategy and puzzle-gaming 

in digital formats. 
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Awareness 

Participants demonstrated awareness of three problem-solving skills in common. 

These were; decomposition, visualisation and trial and error, with HNC computing 

participants also identifying best fit and sequencing. Decomposition and visualisation 

were clearly important problem comprehension skills related to the analysis role, 

however trial and error appeared to be part of the problem-solving process in analysis, 

because solutions not only had to be devised by analysts, but agreed upon with clients 

and other personnel involved. That process would often require several iterations of 

planning and design before agreement could be reached. 

 

Complex Problems 

As with responses given regarding problem-solving skills application, in dealing with 

complex problems participants in both samples identified a variety of problem-solving 

skills in common, mainly problem comprehension. These were; close analysis, 

decomposition, visualisation, sequencing, planning, and using the Internet. Again, skills 

identified by SD personnel with an analysis role preference, but not by HNC computing 

participants, were communication and getting help. Within analysis, these skills may be 

strongly linked and as indicated by SD personnel during interview, were 

developmentally dependent upon significant experience, highlighting the main 

difference between the samples. The inability of the CPAT to assess communication 

skills was considered in Section 5.4.4. 

 

Design 

Application 

Although participants in both samples identified a number of applied problem-solving 

skills in the design category, only one common skill was identified; pattern-recognition. 

The indications are that the CPAT was ineffective in representing the design problem 

category, with the skills of communication and creativity not identified by any HNC 

computing participant at interview. Trial and error and visualisation approaches, 

regarded by SD personnel as a significant element of design, were identified by HNC 

computing participants later in interview, however, unlike SD personnel, the student 

focus tended towards problem comprehension. 
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Acquisition 

There were no common sources of problem-solving skills identified between the two 

design samples. HNC computing participants attributed their skills to strategy and 

puzzle-gaming, while SD personnel considered it a natural aptitude, self-taught, and 

developed through experience. HNC computing participants were not in a viable 

position to register the factors identified by SD personnel and the differing responses 

between the samples is appreciable. 

 

Awareness 

Both samples recognised only one problem-solving skill; trial and error. SD personnel 

in the design role highlighted the importance of trial and error as part of the 

development process and outlined a structured and methodical approach, influenced 

by experience. HNC computing participants identified trial and error, as a process led 

by inexperience and applied where an appropriate strategy was lacking or incorrectly 

applied. 

 

Complex Problems 

When encountering a complex problem, three techniques in common were identified 

between the two design samples. The primary technique identified was visualisation, 

with using the Internet or getting help also suggested. Planning was a skill identified by 

SD personnel but not by HNC computing participants. As with the application of 

problem-solving skills, industry experience again appeared to differentiate the samples, 

with the CPAT failing to provide HNC computing participants with the necessary 

question types that would have allowed them to identify the same skills as SD 

personnel. Given the subjective nature of those skills, it is difficult to comprehend how 

novices might have been assessed in them. Robins et al. (2003) highlighted a lack of 

design focus in novice software developers, while Falkner et al. (2015) also observed 

a huge difference in design focus between first and final year students. 

 

Development 

Application 

A large number of problem-solving skills were identified by SD personnel in this 

category, but only three in common with HNC computing participants. They were; 
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visualisation, lateral thinking and pattern-recognition. Again, these were principally 

problem comprehension skills, in addition to which SD personnel identified 

decomposition (highest ranking) and HNC computing participants, close analysis. SD 

personnel offered a number of discrete problem-solving skills; planning, best fit, 

creativity and communication, while HNC computing participants suggested only 

mathematics. Participants in the HNC computing sample had the opportunity to 

exercise all of those skills in the CPAT, other than communication and creativity, which 

as proposed in the analysis and design categories would be difficult to assess via formal 

assessment. Essentially, the core development skills although far from fully developed 

in HNC computing participants, were in evidence, other than those which could only be 

gained through industry experience. 

 

Acquisition 

As in the other categories, there were disparities between development samples in 

terms of problem-solving skills acquisition. SD personnel favoured a natural aptitude, 

while HNC computing participants favoured strategy-gaming, with no overlap between 

the two proposed sources. Other common attributions were; education, puzzle-gaming 

and experience, while SD personnel also suggested music, disassembly/reassembly 

or being self-taught. The emphasis in problem-solving acquisition for the development 

category centred on the acquisition of skills incidentally and over an extended time 

frame, building on prior knowledge and experience. While participants in both samples 

credited education in developing their problem-solving skills, they generally assumed it 

rather than drawing any clear connections. However, puzzle-gaming, strategy-gaming, 

music, and disassembly/reassembly, were all clearly identified as contributing factors 

in problem-solving skills acquisition. 

Awareness 

In considering awareness of problem-solving skills, there were reasonable overlaps 

between the samples, with both identifying trial and error and best fit. It was clear from 

interview that the two strategies were explicitly linked from a development perspective, 

more so and more effectively with experience. SD personnel also identified 

decomposition, although HNC computing participants did not. 

 

Complex Problems 



370 
 

When encountering a complex problem, the matching strategies between samples 

were almost identical to those identified in design. Corresponding problem-solving skills 

were; visualisation, using the Internet, or getting help. SD personnel also outlined a 

best fit approach while HNC computing participants described close analysis and 

decomposition. The importance of visualisation in software development was 

highlighted, and although other skills in common were identified, their application 

appeared rather different. Experienced SD personnel were able to search the Internet 

effectively to locate a potential best fit solution and were generally happy asking for 

help when all else failed. HNC computing participants appeared to lack a strategic 

approach to locating resources on the Internet, perhaps because they were unclear 

what to search for or how to recognise what was useful. They were also more reluctant 

to seek assistance, only doing so where they thought they might gain some 

understanding of the process. 

 

Testing 

Application 

The key skills identified by participants in both testing samples were logic and lateral 

thinking, with HNC computing participants also suggesting close analysis and 

decomposition. While there appeared to be some links to development, the focus in 

testing definitely differed from other categories, emphasising the unique nature of the 

role. The precise, calculating nature of testing was apparent at interview with both 

samples. 

 

 

Acquisition 

There was a real difference in opinion between samples regarding how problem-solving 

skills might have been acquired. The SD personnel participant suggested that it was a 

natural aptitude developed through experience, while HNC computing participants 

favoured education, particularly mathematics, but also strategy-gaming. The main 

difference between samples concerned education, which HNC computing participants 

clearly valued, but the SD personnel participant considered not to have contributed to 

problem-solving skills acquisition. Both samples valued experience, with the highly 
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experienced SD participant having been a lead tester for a considerable time. 

 

Awareness 

All participants in this category identified trial and error, with the SD personnel 

participant also suggesting decomposition, while HNC computing participants 

proposed logic and best fit. Unlike the other software development categories, trial and 

error appeared to be a core aspect of testing and much more structured than that the 

process outlined by design participants who also favoured the approach.    

 

Complex Problems 

In encountering complex problems, participants in both samples identified close 

analysis in common, with the SD personnel participant also suggesting logic and 

pattern-recognition, while HNC computing participants suggested decomposition, 

planning, trial and error, using the Internet and getting help. Close analysis was a key 

skill, indicating that an eye for detail is extremely important. Logic came up again in this 

part of the interview and appeared to relate to a common-sense appreciation of error 

cause and effect. The SD personnel participant also linked logic to pattern-recognition 

and to experience. 

 

Relevance 

SD Personnel 

The real problem-solving experts in the SD personnel sample were conscious of their 

use of heuristic techniques, as described by Zimmerman and Campillo (2003). Some 

of those who had been in the industry for a long time, found it difficult to describe their 

problem-solving skills application, despite their obvious abilities (Soloway, 1986). 

Although problem-solving expertise would appear to be essential in software 

development, the SD personnel with an analysis role preference appeared to be 

particularly aware of their problem-solving abilities. They were generally the most 

experienced in the sample and provided the best descriptions of their problem-solving 

processes. Because of the need to be able to adapt when facing novel problems, those 

in analysis and design frequently described a trial and error approach that proved to be 

a very structured and thought out process of elimination. This ties in with the 

adaptability of expert problem-solvers as described by Dreyfus and Dreyfus (1986) 
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HNC computing students 

The HNC computing participants displayed poorly developed problem-solving skills for 

the most part, as Pillay and Jugoo (2005) and Reif (2008) suggested novice 

programmers would do. CPAT performance and results failed to meet expectations, 

even for the higher scorers, with some participants scoring surprisingly low. Those 

interviewed were able to provide good descriptions of their application of a range of 

problem-solving skills, although trial and error was one of the favoured options. The 

design category of the CPAT was problematic, with participants averaging only 4.5%, 

compared to 10-12% in the other categories. Problem-solving is clearly a vital software 

development ability (Thompson, 2006; Johansson, 2015), but the generally poor 

performance of HNC computing participants and their tendency towards trial and error 

when lacking or unable to determine the correct problem-solving approach, indicates a 

distinct lack of problem-solving training.    

 

Comparison of studies 

Formal problem-solving training was found to be completely absent from both samples. 

It was one of the softs skills identified by Hagan (2004) as requiring on-the-job training 

and those in the SD personnel sample certainly appeared to have developed their 

problem-solving skills in that way. However, SD personnel had generally acquired their 

problem-solving skills by enacting the role rather than intentionally setting out to acquire 

them. While they could describe approaches, they could rarely name them, with some 

having developed their own blended or heuristic approaches, which they found difficult 

to verbalise.  

 

Employer concerns regarding a lack of problem-solving skills in graduates were 

observed by Hamilton et al. (2015) and by Gragueb and Edelman (2018). Hamilton et 

al. (2015) noted that teamwork and communications skills were significantly valued by 

employers, but also found by them to be generally lacking in graduate recruits. With 

this study, both skills were identified by participants in the SD personnel sample, 

especially those with an analysis role preference, but also by those preferring design 

or development. HNC computing participants did not mention them at all, although in 

the context of the CPAT those particular skills were not required, while for SD personnel 
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they were clearly a key aspect of day-to-day workplace interactions. 

 

Another almost undefinable skill was that of creativity, identified mainly by those with a 

design role preference, linked to trial and error, but also to tenacity and experience. 

Again, there was little scope within the context of the CPAT for HNC computing 

participants to identify creativity and the design category of the CPAT was one in which 

the participants performed by far the worst. The difficulties encountered in identifying 

suitable design category questions for the CPAT clearly contributed to this factor, 

however the researcher, lacking a clear understanding of the design role, failed to 

incorporate what were subsequently identified as key design skills. 

 

The problem-solving skills of decomposition, visualisation, and trial and error were 

described across both samples. Because SD personnel problem-solving skills were 

largely developed in the workplace, experience was considered by them to be a key 

factor and also by some HNC computing participants. Education was afforded little 

importance in fostering those skills prior to work, however participants in both samples 

identified strategy-gaming and to a lesser extent puzzle-gaming as a major contributor. 

This was particularly true for HNC computing participants, who, because of their 

general youthfulness, had likely received greater exposure to PC or console-based 

games of the type, while more senior participants were inclined to consider traditional 

games like chess and role-playing games as having contributed. 

 

5.5.4. Findings Conclusion 

This research has demonstrated a number of potential links between personality and 

problem-solving, in novice programmers and software development professionals. 

Possible links between personality and certain software development roles have been 

proposed, links that appear to be relevant to novices and experts. Similar links were 

observed in relation to problem-solving and specific software development roles, 

although SD personnel demonstrated better developed skills and a sub-set of soft-skills 

not manifest in HNC computing participants. The problem-solving test instrument 

(CPAT) was considered to have been partially to blame for some differences in 

problem-solving skills between the samples, particularly in association with the design 

role. Despite these difficulties, a number of the findings could be significant and merit 
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further investigation as discussed in the next section. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

6. Discussion 

6.1. Purpose of research 

There were two key aspects of investigation contributing to this research; personality 

and problem-solving in software development. The principal aim was to establish 

whether these two aspects when considered together, could indicate potential 

suitability of novice programmers for specific software development roles. To further 
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examine this idea, two studies were conducted, the first with SD personnel and the 

second with a new cohort of HNC computing students at Moray College UHI. Both 

samples completed the KTS-II personality test first, and with SD personnel this was 

followed by interviews with consenting participants. The general aim was to get a 

representative sample from each of the four software development roles identified prior 

to commencement; analysis, design, development and testing. There were however, 

particular difficulties obtaining participants with a preference for testing (see p. 288).  

 

After completing the KTS-II, HNC computing participants completed the CPAT, a 

problem-solving test with questions grouped into categories corresponding to the four 

aforementioned software development roles. Participants were then selected for 

interview on the basis of their respective performance in the different categories. 

Interviews were held with participants from both samples. The purpose of interviewing, 

was to determine how participants had acquired and developed their problem-solving 

skills, how they selected and applied them and their handling of complex problems. For 

SD personnel, these factors were largely related to their employment, while HNC 

computing participants related then to the CPAT and their education. All interviews 

were transcribed then analysed following the analysis of personality data. 

 

6.2. Samples comparison - Personality 

As observed in the analysis of personality type prevalence in both samples, the sensing 

and judging traits dominated, while extraversion/introversion and thinking//feeling traits 

appeared less significant. The majority of participants in both samples had personality 

types within the guardian temperament category of the KTS-II, with artisans and 

idealists making up smaller proportions. Rationalists were rare in both samples and in 

the case of the HNC computing participants, were not particularly successful on the 

course. 

 

6.3. Relevance 

Personality testing was executed as planned. Besides identifying individual personality 

types, it was decided in advance to also examine trait combinations and average trait 
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deviations. Where some researchers had previously examined trait combinations 

(Gorla and Lam, 2004; Schaubhut and Thompson, 2008; Capretz et al., 2015), there 

was little evidence found of trait percentages being considered in academic research, 

other than by Gilal et al. (2017), who actually examined relative trait combination 

strengths. The indications from analysis were that similarities between samples could 

be found across all three aspects. Certain personality types seemed to prefer specific 

roles, certain trait combinations appeared more prevalent in specific roles, and 

percentages deviated towards higher values for certain traits within certain roles. These 

factors when taken together helped identify personality characteristics/traits that could 

be associated with specific software development roles. 

 

6.4. Limitations 

The main purpose of personality testing was to allow for comparison of SD personnel 

and HNC computing students across four categories; analysis, design, development 

and testing. SD personnel specified their role preference and HNC computing 

participants were grouped according to performance in the CPAT, a test aimed at 

assessing student ability against different problem categories, corresponding to the 

respective software development roles. The validity and reliability of the KTS-II have 

been fully established through repeated measures (DeVellis, 2003; Francis et al., 

2008), however, the CPAT instrument used was re-purposed and categories of problem 

assigned to it by the researcher. Question weightings were revised based upon the 

number of correct responses provided for each, although categorisation with hindsight 

could be considered slightly flawed. As a result, students were probably not always 

grouped correctly, consequently impacting the consideration of personality types and 

traits within the four categories. 

Another potential issue with the KTS-II was that trait pairings could be split 50/50. In 

this research there were participants in both samples who had up to two traits split this 

way, so that they potentially identified as associated with up to four personality types. 

Ideally the personality test would force participants into one type. Tan (2011) developed 

an extended version of the KTS-II which included tie-breaker questions for each of the 

pairings. The version created by Tan was considered for this research, but was rejected 

as lacking validity, and on balance it seemed appropriate that traits could be split 50/50, 
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to more accurately reflect individual personality. It was however one of the primary 

reasons why a closer examination of individual traits and their relative strengths had to 

be taken into consideration. 

 

6.5. Samples comparison – Problem-solving 

Considering the problem-solving strategies or skills described by participants in both 

samples as a whole, a set of common skills emerged, encompassing problem 

comprehension and problem-solving. These could be considered the core skills 

required for software development, and although some skills are clearly crucial 

regardless of role, it seems likely that some skills are role specific. All skills identified 

across both samples are listed below, ranked by frequency of description and grouped 

into problem comprehension or problem-solving (Table 38). Also included are key skills 

identified by SD personnel, but not by HNC computing participants. 

 

Problem Comprehension Problem-solving 

Visualisation (19/11) Use Internet (14/8) 

Decomposition (16/13) Trial and Error (11/8) 

Close Analysis (7/15) Get Help (10/6) 

Experience (9/3) Best Fit (9/9) 

Pattern Recognition (5/4) Communication (9/0) 

Sequencing (2/2) Planning (7/3) 

 Logic (5/2) 

 Lateral Thinking (5/2) 

 Creativity (2/0) 

Table 38 Ranked core set of software development problem-solving skills (SD/HNC) 

Six problem comprehension skills were identified and not necessarily discrete, but 

potentially applicable simultaneously or as part of a joined-up process. Considering 

them sequentially, close analysis is an obvious starting point, followed by 

decomposition or potentially pattern-recognition. In decomposing a problem, 

sequencing or visualisation techniques might be applied, perhaps together, dependent 

on the nature of the problem. The problem comprehension process does not 

necessarily follow a logical structure, but as indicated by participants, experience is 
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essential, perhaps allowing for the development of heuristic techniques that combine 

some, or all of the skills identified. 

 

Examining discrete problem-solving skills, the top five identified were arguably not skills 

at all, but techniques aimed at securing the best solution in the least possible time. 

Within these techniques however, there were skills at work; the ability to locate and 

identify a resource that provides a best fit and the ability to reformulate it. 

Communication was a critical skill identified that could also relate to getting help, being 

able to relate the exact nature of the problem and appreciating whether a proposed 

solution might work or not. The skills of logic and lateral thinking could be considered 

related to mathematical skills, and mathematics was a key skill identified by HNC 

computing participants, although not by SD personnel. Lateral thinking could also relate 

to visualisation in terms of problem comprehension and how problems are perceived. 

Planning appeared important in all of the roles, although participants in the design and 

testing categories discussed it more frequently, and somewhat paradoxically, in relation 

to trial and error in both cases. 

 

6.5.1. Relevance 

A core set of problem-solving skills was identified in this research and while some skills 

appeared generic to software development, specific skills could be associated with 

particular roles. Key differences were apparent between samples, with setting perhaps 

a contributory factor, although the significant experience possessed by many SD 

personnel appeared to give them a perspective that HNC computing participants could 

not perceive. That problem-solving skills were developed ‘on-the-job’ was clear across 

all SD personnel, none of whom had received any form of problem-solving training, and 

with few able to identify the skills that they described. Many simply found what worked 

for them and adapted that mechanism when required. Although many HNC computing 

participants possessed problem-solving skills, those skills were generally weaker than 

those of SD personnel, probably owing to a lack of development opportunities. 

Perhaps, as suggested by Kwon (2017), they had the skills but could not relate them 

effectively to software development type problems owing to a lack of understanding of 

the notional machine. 
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6.5.2. Limitations 

Although participants in both interview samples were able to identify eighteen problem-

solving skills in common, out of twenty for HNC computing participants and twenty-four 

for SD personnel, particular key skills were not identified by HNC computing 

participants. These were teamwork, communication and creativity. The reason they 

were unable to identify these skills was because they had limited experience of them, 

and the CPAT in which context interview questions were framed, did not call for them 

to exercise those particular skills. This was an issue, particularly when comparing the 

design category participants and to a lesser degree, analysis participants. Clearly the 

CPAT did not accurately reflect all the aspects of software development that it aimed 

to measure, although how it could be adapted to include questions aimed at measuring 

such subjective skills is unclear. However, for three of the four roles examined it 

seemed to elicit relatable responses at interview. 

 

A secondary issue was the small sample sizes for some roles. While development had 

decent coverage in both studies and analysis acceptable coverage, design category 

participation was minimal and the testing category poorly represented. The issues in 

obtaining SD personnel with a testing role preference were outlined in Sections 4.12 

and 5.3.3, and the failure to enlist participants from a testing background was certainly 

not for a lack of effort.  

 

 

 

 

6.6. Review of Research Methodology and Methods 

A pragmatism methodology (Williams, 2018) employing a mixed methods strategy was 

adopted for this research, comprising a quantitative approach that was fairly simplistic, 

and a qualitative thematic analysis approach (Maguire and Delahunt, 2017). 

Quantitative elements while mainly encountered in the personality aspects of the 

research and elsewhere in the project, for instance, in considering the occurrences of 

problem-solving strategies and in scoring the CPAT. There was no requirement for the 
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use of complex software to analyse quantitative data, as the intended measures were 

easily reproduced using standard software packages.  

 

The qualitative aspect of the research examined interview data gathered from both 

samples regarding their problem-solving skills. The skills identified or described by 

participants were grouped according to the themes of; acquisition, selection, application 

and approaching complex problems, as well as being grouped by role preference/CPAT 

category. Some relationships between themes were established, more often by SD 

personnel who had the experience and understanding to determine the connections, 

while HNC computing participants were less able to demonstrate a joined-up process. 

The output from analysis of the interview data was a set of core problem-solving skills, 

an appreciation of the emphasis on different skill sets for different roles and a 

comprehension of the opposing perspectives between samples.  

 

Thematic analysis in this research project was inductive in the first study, with themes 

emerging from the data within the research question contexts of problem-solving; 

acquisition, selection, application and dealing with difficult problems. The first step in 

analysing interview transcripts was to become familiar with the data before beginning 

to code it. As broad themes began to emerge, these were classified in relation to the 

research questions. The themes were then reviewed, consolidated and merged, or 

separated out further where necessary, with over-arching themes identified. In 

analysing data from the second study, a largely inductive approach was also taken, as 

new themes emerged, although this analysis was partly deductive as many of the 

responses matched categories identified in the first study. This was necessary to allow 

for triangulation between the samples and reach conclusions that would address the 

research questions. King (2004) suggested that thematic analysis provided a variety of 

participant perspectives, that similarities and differences in the data could be identified 

and that unanticipated insights might be generated. All of these observations proved 

correct in relation to this research, with a number of participants in each study providing 

valuable insights and several surprises. 

 

On reflection, a pragmatism approach was the most suitable for the qualitative aspects 

of the research. The scale of the research and the different combinations of data 
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gathering and analysis required in each study, made it difficult to adhere to any 

traditional methodology, although many aspects of the project could have been 

considered closely aligned with a post-positivistic worldview. Mixed methods were 

applied within each study, in similar yet differing applications, rendering it necessary to 

conduct the research in what was considered to be the best and most pragmatic 

manner.  

 

Overall, this achieved a largely satisfactory outcome. Although additional interview data 

from SD personnel with a testing role preference would have been desirable and there 

were some issues with the CPAT, particularly in relation to the design category 

questions, the methodology itself did not present any hindrance, but actually rendered 

the process trouble-free.  

 

6.7. Overview of Findings 

6.7.1. By Group comparison 

The skills identified by both groups were separated into problem comprehension and 

problem-solving application skills and considered in the context of each of the four 

software development roles identified; analysis, design, development, and testing.  

 

Analysis  

The introversion and sensing traits were common to all analysis participants and while 

there was a general split between thinking and feeling in both samples, the general 

tendency was towards thinking. Visualisation and decomposition were identified by all 

but one SD personnel participant (the perceiver) and close analysis by all but two, while 

all HNC computing participants identified the same three skills. While all HNC 

computing participants identified trial and error, the most highly introverted SD 

personnel seemed more inclined to do so. Introversion and sensing appeared to be the 

most important personality traits in analysis, and can be seen to correspond with the 

key problem comprehension skills of; close analysis, decomposition and visualisation. 

Trial and error was sometimes associated with visualisation, as part of the process of 

developing the requirements specification, with communication and teamwork skills to 

the fore. While SD personnel with high values in the sensing trait considered education 

a potential problem-solving skills source and those with lower values considered it a 
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natural aptitude, HNC computing participants proposed that strategy and puzzle-

gaming were key potential sources. While SD personnel were relatively happy to use 

the Internet or seek assistance when handling a complex problem, HNC computing 

participants were considerably less inclined to do so. A composite diagram proposing 

the inter-connectivity of problem-solving and personality for software analysis is shown 

in Figure 6.1. 

 

 

Figure 6.1 Plausible Relationships between Personality and Problem-solving in Analysis 

 

Design 

Introversion, sensing, feeling and judging, were the most common traits across both 

design samples. Experience was important to SD personnel, who largely considered 

themselves self-taught, while HNC computing participants considered strategy and 

puzzle-gaming as possible sources for their problem-solving skills. Visualisation, 

planning and trial and error were key SD personnel skills, with pattern-recognition and 

communication also highlighted. Pattern-recognition, trial and error and visualisation 

were also recognised by HNC computing participants, suggesting that these might be 

pivotal design skills. A composite diagram proposing the inter-connectivity of problem-

solving and personality for software design is shown in Figure 6.2. 
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Figure 6.2 Plausible Relationships between Personality and Problem-solving in Design 

 

Development 

While participants across both samples demonstrated a mixture of introversion and 

extraversion, the percentages were very high, suggesting that those with a preference 

or suitability for development, tended to extremes in that trait pairing. All participants 

with a ‘TJ’ trait combination, across both samples, identified visualisation, while those 

in the HNC computing sample also identified close analysis and best fit. Those with a 

‘TJ’ combination in the SD personnel sample considered education as a source of 

problem-solving skills, while HNC computing participants were inclined to suggest 

strategy-gaming, with only the 100% introverted participant proposing education. The 

ISTJ types in the SD personnel sample highlighted the value of experience, as did the 

HNC computing ISTJ type. Using the Internet or getting help when dealing with complex 

problems was common to both samples, although there was a general preference for 

using the Internet, with HNC computing participants more reluctant to seek assistance. 

A composite diagram proposing the inter-connectivity of problem-solving and 

personality for software development is shown in Figure 6.3. 
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Figure 6.3 Plausible Relationships between Personality and Problem-solving in Development 

 

Testing 

Sensing was the only common trait between the testing samples, while all participants 

identified close analysis, logic, decomposition, trial and error, and best fit strategies in 

common. Lateral thinking was identified by the SD participant and one HNC computing 

participant, both tending highly towards introversion. The SD participant was self-

taught, self-reliant and considered experience important, while the HNC computing 

participants considered education important in developing their problem-solving skills, 

particularly mathematics. Using the Internet or getting assistance with a complex 

problem were options for HNC computing participants, although not the SD participant 

who suggested that the worst types of bug generally meant sifting through numerous 

pages of logs and required excellent pattern-recognition skills. A composite diagram 

proposing the inter-connectivity of problem-solving and personality for software testing 

is shown in Figure 6.4. 
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Figure 6.4 Plausible Relationships between Personality and Problem-solving in Testing 

 

6.7.2. Problem comprehension and problem-solving 

The problem comprehension skills of close analysis and visualisation appeared 

common across all four roles, with decomposition also common, although less so in 

design. Trial and error was the most common problem-solving approach, featuring in 

all roles, with best fit also fairly common. Communication featured heavily in analysis 

and design, with teamwork also appearing to be a fundamental aspect of analysis and 

intrinsically linked to communication skills. Although all roles used the Internet or sought 

assistance to some extent from colleagues/peers, it appeared particularly true in 

development. Using the Internet was frequently associated with a best fit approach. 

Lateral thinking appeared connected to design and testing, but with different 

applications. In design it was linked to creativity, but in testing to logic. In both roles, 

logic was also linked to trial and error. 

 

6.7.3. Problem-solving skills acquisition 

In considering where problem-solving skills might have been attained, education was 

identified in all roles, but usually as a secondary source across both samples. Many SD 

personnel considered it a natural aptitude, particularly in analysis, although not so much 
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in development. Experience was considered to be vitally important in design and 

development roles, with SD personnel in design considering themselves self-taught 

and possessing a creativity that stemmed from a natural aptitude. Some HNC 

computing participants, particularly those scoring highest in the CPAT, also highlighted 

the importance of experience. Strategy-gaming was recognised by HNC computing 

participants as an important source of problem-solving skills, in all roles except for 

testing where education was favoured. Puzzle-gaming was also attributed, but to a 

lesser extent. An interest in disassembly/reassembly was also considered, although by 

fewer participants in both samples. 

 

6.7.4. Personality traits 

Introversion appeared consistently strong across all four roles, although particularly so 

in development. Judging was also common across all roles, but weaker than 

introversion. Sensing was dominant in all roles except for design and particularly 

dominant in development and testing. Thinking was moderately dominant in testing, as 

was feeling in design, although the trait pairing demonstrated little significance in the 

analysis or development categories. 

 

6.7.5. Relevance 

Although a broad range of problem comprehension and problem-solving skills were 

identified in this research, a core group of skills could be associated with each of the 

four software development roles. These skills varied in importance by role, with each 

role also featuring specific skills connecting to the core set through role specificity, as 

demonstrated in figures 6.1 – 6.4. The identification of these skills, their relative 

importance and relationships to each other within each role, was a key aspect of this 

research. The other major element of the research was personality, and for three of the 

four roles, personality traits and their significance have been proposed. Only the design 

category produced unsatisfactory results and that finding was attributed to the failing of 

the CPAT to successfully test the subjective skills identified by SD personnel. The 

personality findings correspond well with previous research in the field, although 

arguably this research went deeper, in examining individual personality traits and their 

relative strengths or weaknesses within each SD role/category. 
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The similarities between the two samples in terms of personality and identification of 

problem-solving skills, was indicative that some HNC computing students could be 

determined as suitable for specific SD roles, even though possessing limited or zero 

programming experience. This was clear from the responses of those performing well 

in the different question categories of the CPAT and how closely the problem-solving 

skills they identified and their personality types/traits, matched with SD personnel in 

corresponding roles.  

 

6.7.6. Limitations 

While there were some obvious disparities owing to individuality, the similarities were 

still considerable. A lack of experience on the side of HNC computing participants and 

the inability of the CPAT to test certain problem-solving skills, may have resulted in 

some discrepancies, while HNC computing participants also appeared to have 

exaggerated personality trait scores in comparison with SD personnel. This factor could 

relate to the proposition of Coffield et al. (2004) that personality traits can become 

moderated over time, especially when the overall youthfulness of the HNC computing 

participants is taken into consideration. 

 

6.8. Significance of Findings 

This research explored several inter-connecting aspects of software development in 

those who learn and practice it professionally. The influence of personality on learners 

and practitioners was considered, examining personality types in general, then traits 

and the comparative strengths of individual traits. Those of learners were grouped into 

problem-solving categories broadly equivalent to the professional software roles of; 

analysis, design, development and testing.  

 

Problem-solving skills were at the centre of this research; how they were acquired, 

developed, selected and applied. These aspects were considered for novice 

programmers as well as experienced professionals. Participants from the SD personnel 

sample were grouped according to role preference, while HNC computing participants 

were grouped into corresponding problem-solving categories based upon their 

performance in the CPAT, a problem-solving test designed for undergraduate software 
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development students. Participants in both samples were compared within the sample 

and within their respective groupings, based upon their problem-solving acquisition, 

selection and application. The similarities and differences between samples and 

sample groupings were also considered. 

 

6.9. Contribution to knowledge 

6.9.1. Personality 

The personality testing conducted in this research with SD personnel and HNC 

computing participants, agreed with some prior research studies while contradicting 

other research. The ISTJ and ESTJ personality types were found to be dominant across 

both samples and both types fall within the Guardian category of the KTS-II, which 

accounted for 63% of the SD personnel and 75% of HNC computing participants. 

Grouping SD personnel by role preference indicated that certain personality types were 

more dominant than others within certain roles.  

 

The measurement of average strength for each personality trait was a vital element of 

personality testing and its consideration in relation to specific software development 

roles has not been applied elsewhere, so was unique to this research, as far as 

discernible. What it demonstrated was that the corresponding grouping of HNC 

computing participants by CPAT category performance, indicated an overall tendency 

towards the same traits within each group as SD personnel, except for the design 

category, most likely owing to the inherent faults of the test as previously indicated. In 

the categories where traits corresponded, the HNC computing participants tended 

towards higher values than SD personnel, indicative that Coffield et al. (2004) may have 

been correct in suggesting that traits can become moderated over time. The HNC 

computing participants were aged eighteen on average, while the larger part of the SD 

personnel sample had significant experience in the industry. The similarity of traits 

between roles and CPAT categories does not infer novice programmer suitability for 

specific roles, but it does suggest that those drawn to computing study possess similar 

personality types and traits to software industry professionals. The implication may be 

that some students possessing suitable personality traits and in the process of 

developing the requisite problem-solving skills, could with study and experience at 

some future point find themselves employed within the software development industry.  
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While the research into distinct personality types indicated that both samples were 

inclined towards the guardian temperament, particularly ISTJ and ESTJ types, this 

finding tended to support prior research performed by others. This research went 

further, examining types and traits within the different software roles, suggesting that 

individual personality traits may be more significant within specific roles and that their 

comparative strengths might be another indication of their importance. If further 

research were to be carried out into the personality aspect of software development, it 

would be in examining that particular aspect, whether the average trait deviations 

identified would be as significant or as strong when considering different samples and 

whether different cultural settings are influential in the clustering of specific personality 

types in software teams (Capretz et al., 2010). 

 

6.9.2. Problem-solving 

Both samples, SD personnel and HNC computing participants, identified eighteen 

problem-solving skills in common out of twenty for HNC computing and twenty-two for 

SD personnel. The number of corresponding skills identified was surprising, given the 

relative inexperience of HNC computing participants. Some skills identified were 

problem comprehension rather than problem-solving, although still inextricably part of 

the problem-solving process. Some skills identified could be regarded as not skills at 

all, but factors contributing to problem-solving skills development. These were; 

experience, being self-taught, and puzzle and strategy-based gaming. They were 

included in the list of problem-solving skills simply because they were mentioned by a 

number of participants in both samples. 

 

A number of themes worth further exploration emerged from the problem-solving 

aspect of the research. In terms of problem-solving skills acquisition, the lack of 

importance placed upon education and the intrinsic value placed upon strategy and 

puzzle-gaming requires further investigation. The findings leave some unanswered 

questions, particularly regarding why there is such a lack of explicit problem-solving 

training in education, to the extent that those who require problem-solving skills in their 

professional lives have to acquire them through personal interests. A general lack of 

experience and exposure to suitable problem tasks was apparent even in those HNC 
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computing participants scoring highest in the CPAT. At the lower-end of the CPAT 

score-table, some students appeared to possess very few problem comprehension 

skills and were thus prevented from attempting many of the questions. Exposure to a 

range of problems and solutions, including alternatives, must therefore be considered 

essential in constructing a robust set of problem-solving skills (Johansson, 2015).  

 

Problem-solving is very seldom taught in general school education or as part of a 

software development degree program, as was apparent from the responses given by 

SD personnel and HNC computing participants. Some universities have endeavoured 

to include problem-solving training in their curricula, however it seems students are 

generally disadvantaged by their lack of exposure to discrete problem-solving training 

at a much earlier stage in their formal education. This factor is almost certainly a key 

contributor to the cognitive overload experienced by many students when learning to 

program (Mayer, 1998; Lopez et al., 2012; Teague et al., 2015). Teaching problem-

solving and computer programming side-by-side could only serve to hasten the effect 

(Hill, 2019).  It would also appear that those students possessing some moderate level 

of problem-solving ability are frequently able to muddle through their degree program 

and emerge with a reasonable level of programming talent, while still unprepared for 

the demanding nature of problem-solving required in industry.  

 

6.9.3. Software Development Roles 

Four software development roles were initially considered for this research, with a fifth 

role, leadership, emerging from SD personnel. Suitability for a leadership role was not 

considered for HNC computing participants, owing to their inexperience. Those SD 

personnel participants with a leadership role preference generally had a great deal of 

experience, having ascended to a leadership position via one or more of the identified 

roles. Like Smith et al. (2016), this research also found that those with a leadership 

preference generally tended towards extraversion. 

 

Within each of the pre-determined roles; analysis, design, development and testing, 

there were commonalities found in personality types, traits and problem-solving skills, 

between participants within each sample. There were variations as would be expected, 
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but for all roles other than design, certain personality traits were seen to be dominant 

and specific problem-solving skills more frequently described. While it cannot 

conclusively be claimed that certain personality traits are prerequisite for a specific role, 

the data gathered does suggest that in general, participants with a specific role 

preference do tend more strongly towards specific personality traits. This was also true 

for HNC computing participants who performed well in the corresponding categories of 

the CPAT. As the CPAT was designed to test problem-solving skills and those 

performing best at a particular set of questions displayed similar tendencies towards 

particular personality traits, the implication is that the traits and problem-solving skills 

may be connected. Consequently, the observation of similar traits and similar problem-

solving skills, albeit better developed in SD personnel, suggests that there is indeed a 

link. 

 

6.10. Generalisability of main findings 
The findings from the personality aspect of this research cannot be generalised, as 

previous studies of personality in education and industry have demonstrated a broad 

range of findings. Although the personality types identified in this research as most 

common in SD personnel and HNC computing students sampled, matched those found 

in some other studies, this research also found that the four highest ranking personality 

types in each sample closely matched each other and in both studies comprised the 

Guardian temperament of the KTS-II. There is a strong degree of likelihood that such 

a finding could be replicated in similar studies conducted with comparable samples. 

Trait strength deviations were considered for each software role; analysis, design, 

development and testing, and although replicating the analysis process with another 

sample of similar composition would likely show tendencies towards the same traits 

overall, the strength of each trait would likely differ owing to the exact make-up of the 

sample in question. 

 

The problem-solving skills identified in SD personnel can likely be generalised, as they 

comprise a core set of skills required for software development. Where this research 

differed from others was in identifying which skills were important to which software 

development role, and to what extent and those findings would also likely be 

generalisable, although could perhaps be bolstered by additional data. 
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6.11. Recommendations for practice 
Several recommendations for practice can be made based on the findings of this 

research. With regards to personality, it seems clear that some personality types 

(especially Guardian temperaments) are well-suited to software development in 

general, however other types (Rational and Idealist temperaments) are generally not 

well suited. This finding does not imply that certain personality types should be 

excluded, but rather, are less likely to gravitate towards studying or working in software 

development. From an educational perspective, determining student candidate 

suitability based on personality type would not and clearly should not be permitted on 

the grounds of discrimination. 

 

A key aspect of this research was an examination of the problem-solving skills 

associated with different software development roles; analysis, design, development 

and testing. In comparison there was not much to differentiate the problems-solving 

skills identified by SD personnel and HNC computing students, however it was clear 

from analysis that the main difference between samples was a lack of student practice 

and experience. Students were largely aware of the skills required, but tended to apply 

them in a less structured and often naïve manner. Awareness of the diverse problem-

solving skills required for different software development roles, could be used to 

develop suitable tasks for students to exercise these skills effectively. This could begin 

with non-contextual tasks where appropriate before applying the skills to programming 

specific tasks, to demonstrate generic skills alongside domain-specific skills and 

potential overlaps. Ideally any such problem-solving training would ensure coverage of 

the skills identified across the various roles rather than focus purely on those skills 

required for development. 

 

The problem-solving skills identified in both samples were comprehensive, however 

very few participants in either sample attributed their problem-solving skills to education 

and that is a cause for serious concern. Teachers and lecturers of computer 

programming tend to assume that their students come readily equipped with the 

requisite problem-solving skills and that is clearly not the case (Veerasamy et al., 2018). 

Even though some problem-solving skills are domain specific and must be developed 

in tandem with computer programming instruction, possessing well-developed generic 
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problem-solving skills would almost certainly provide any student with a distinct 

advantage when embarking on a computer programming course or unit of study. 

Unfortunately, it is beyond the scope of this researcher to affect change at the lower 

levels of education, other than through raising awareness. Perhaps the alternative 

sources posited by participants as responsible for the development of their problem-

solving skills can be explored further and their relative merits assessed. These were 

puzzle and strategy-gaming, playing music and hobbies involving 

disassembly/reassembly activities. Whether it is possible or not to incorporate these 

pursuits into education with the explicit intent of identifying and developing specific 

problem-solving skills, is a question that must be asked. Background work would be 

required to identify suitable physical or digital media and a metric devised to measure 

problem-solving improvement. Any mechanism for constructive engagement in student 

interests with the aim of developing their problem-solving skills, would undoubtedly be 

productive. 

 

Initially identified in the literature review, the data collected also demonstrated that 

student soft skills need more attention. The nature of software development in industry 

has moved towards a team-focussed dynamic and the soft skills of graduates need to 

reflect that, with teamwork and communication featuring heavily alongside problem-

solving. Some past interventions, where properly managed, have demonstrated the 

value of pair-programming (Lewis and Shah, 2015) or team-based learning (Zarb et al., 

2015), and it would seem important to include problem-solving tasks that provide 

students with opportunities to exercise these soft skills. 

 

6.12. Research Limitations 

6.12.1. Samples 

Sample sizes were adequate for both studies and met initial expectations, although 

obtaining a suitable number of software development personnel proved to be 

challenging and particularly so for interview. Gaining access via gatekeepers took 

considerable effort and it required a single initial success to open doors and to make 

connections that would subsequently prove effective in helping secure access to other 

sites and participants. It subsequently became clear that additional participants with a 
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design or testing role preference would have been suitable, however after further 

concerted effort, additional participants proved unobtainable and the research process 

had to proceed to the next stage 

 

6.12.2. Test Instruments 

The test instruments were for the most part effective in gathering suitable information. 

The KTS-II proved a suitable instrument for measuring personality, although the 

structure of the test sometimes resulted in participants being split on certain trait 

pairings. However, that possibly troublesome aspect of the test was considered as 

presenting a realistic snapshot of individual personality, since the trait pairings were 

essentially sliding scales. Trait percentages were also taken into consideration in this 

research, a depth of measurement not found in similar research.  

 

The CPAT instrument used to test the problem-solving skills application of the HNC 

computing sample, demonstrated some inherent flaws that only became apparent 

when the interview data was analysed. The main issues arose in trying to draw 

comparisons between software development personnel with an analysis or design role 

preference and HNC computing participants performing well in those categories of the 

CPAT. The roles and corresponding categories were used to group participants so that 

personality types or traits could be compared alongside the application of problem-

solving skills. SD personnel in those roles identified communication and teamwork as 

key skills, those with a design preference adding creativity. These skills were not tested 

in the CPAT, written by Woodcock (2010) at the University of Kent to test the problem-

solving skills of undergraduates in software development. Because it did not require 

any programing knowledge, the test was deemed suitable for this study. It was actually 

successful in testing all of the problem-solving skills intended, however the skills of 

teamwork, communication and creativity were not incorporated and it would have been 

impractical to do so. Different tests would have been necessary to test those skills, 

although it could be argued that any measurement of such skills would have been 

subjective. Those elements were not anticipated though, as the test was administered 

while SD personnel interviews were still being transcribed and it was too late to make 

any adaptations.  
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The CPAT achieved what it intended to, in identifying problem-solving skills suitable for 

software development roles, although in the design category, students generally 

performed poorly, suggesting that the category was flawed. When drawing 

comparisons at the analysis stage, although there were some overlaps in terms of 

personality and problem-solving skills, the greatest disparity between samples was in 

the design category. This suggests that there was an inherent flaw in the test and that 

the design questions failed to capture the essence of the design role effectively, making 

subsequent comparisons difficult, although based upon the interview responses of 

design preference SD personnel, the role appears to require undeniably unique skills. 

 

6.12.3. Summary 
As indicated, there were two potentially limiting factors to this research; the distribution 

of software development role preferences across the SD sample and the design 

category questions in the CPAT test instrument. Finding research participants for 

interview with a preference for a testing role proved to be very difficult and ultimately 

only one participant gave an interview despite a concerted effort to obtain more. This 

meant that a comparison of problem-solving skills in those with a testing role preference 

was not possible. The CPAT test was given to HNC computing students while the 

transcribing process was still underway for SD personnel interviews and an inherent 

flaw in the test was overlooked. SD personnel identified three critical problem-solving 

skills which were not tested by the CPAT; communication, creativity and teamwork. 

These skills were mainly connected by SD personnel to the early stages of 

development (analysis and design), and while it was unclear how these skills might 

have been tested, their omission, although not seeming to adversely impact the 

analysis category, did appear to have an impact on the design category questions and 

therefore the results. The design category demonstrated the most significant 

differences in personality trait strengths between samples and the implication is that 

the HNC computing students grouped into the design category were grouped 

incorrectly because of this inherent CPAT flaw. 
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6.13. Future research 

Initially, this research intended to examine attribution, motivation and self-efficacy as 

well as personality and problem-solving, however it quickly became apparent that with 

two separate studies, the scale of the project would be far beyond reasonable. Those 

particular aspects of testing were subsequently shelved, but with ethical consent 

already granted, the interview questions were left in and provided some rich detailed 

information which could be pertinent to some of the main aspects of the research.  

 

Analysis of the data relating to attribution, motivation and self-efficacy, collected at 

interview, could provide additional insights into the main themes of this research, 

specifically, how personality influences problem-solving capability or performance. 

While personality undoubtedly influences problem-solving, capability may be regulated 

by motivation and self-efficacy, as indicated by McCombs (1988) and Settle et al. 

(2014). Both aspects relate to attribution in determining factors that enable or inhibit the 

problem-solving process and how the problem-solver perceives the locus of 

responsibility for the outcome of that process (Groenewold, 1990). An examination of 

these elements could account for some of the personality differences within the role 

groupings. It would also serve to indicate why individuals might prefer what they would 

consider a safe or structured problem-solving approach while others might attempt a 

riskier shortcut to a solution.  

 

The association of specific problem-solving skills with specific software development 

roles, as suggested by the findings of this research, is another aspect that could be 

refined through further data gathering and analysis. This would potentially allow for 

further confirmation of the findings or identification of any potential issues inherent in 

the research 

 

If strategy and puzzle-gaming are as important in problem-solving skills development 

as this research appears to suggest they are, then could they be employed as tools for 

problem-solving training? Which game types are best for learning problem-solving 

skills? What skills are learned from them? Are those skills truly transferrable, as the 

participants in this research have suggested they are? Can they be used as an 

educational tool, or are there other tools that could be employed to make problem-
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solving training explicit within education? These aspects are certainly worthy of further 

exploration. 

 

6.14. Conclusion Summary 
This research project examined the complex nature of personality in learning computer 

programing and in the software development industry. It furthered examined the 

relationship between personality and problem-solving in determining suitability for 

different software development roles. Thanks must go to the SD personnel and HNC 

computing participants who gave their time, knowledge, and understanding to help 

further this research. Interviews with SD personnel were often revealing and their 

insightful perspectives opened a window upon what it really means to work in software 

development. Interviews with HNC computing students were also surprising in that they 

were able to outline such a broad range of problem-solving skills at a very early point 

in their course, as well as indicating many of the same unexpected acquisition sources 

for problem-solving skills as those identified by SD personnel. The information provided 

by both samples not only highlighted the need for further research of these topics, but 

it also brought to the forefront, potential new areas of research that are definitely worthy 

of further exploration. 
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8. Appendices 

8.1. Appendix A – Demographic Information Forms 

8.1.1. Software Development Personnel 
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8.1.2. HNC computing Students 

 

 

 

 

 

 

 



443 
 

8.2. Appendix B – Participant Information Sheets 

8.2.1. Gatekeeper Information Sheet 

Title of Project:  

 

WHAT ARE THE FEATURES LINKING COMPUTER PROGRAMMING WITH 

PERSONALITY TYPE? 

 

Name of Researcher and Institution: Graham A. Wilson (Moray College UHI) 

 

1. What is the reason for this letter? 

This is a request for access to software development personnel within your 

organisation, for the purpose of interview and testing as part of a PhD research 

project. 

 

 

2. What is the purpose of the study/rationale for the project?  

I am conducting a PhD study examining the potential suitability of novice computing 

students from industry specific software development roes, based upon similarity of 

personality type/traits and problem-solving strategy selection and application.  

 

3. What we are asking you to do?  

Consider granting access to your facilities and personnel at a suitable time, purely for 

the purpose of conducting interviews and testing as indicated. 

 

 

4. Why do we need access to your facilities/staff/students? 

I would like to conduct interviews with consenting software development personnel in 

your organisation, followed up by some informal tests which they could complete 

immediately thereafter or in their own time, returning them to the researcher via self-

addressed envelope. Interviews will take approximately 40 minutes each and testing 

approximately 15 minutes. 
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5. If you are willing to assist in the study what happens next? 

Complete the attached consent form and return it to the researcher, who will then 

contact you to discuss the next steps. 

  

 

6. How we will use the Information/questionnaire? 

Audio recordings will be made of interviews and subsequently transcribed. These and 

all completed tests will be securely stored in a locked filing cabinet. Any data used will 

be completely anonymised. 

 

 

7. Will the name of my organisation taking part in the study be kept confidential?’ 

(The gatekeeper must be told in simple terms how their confidentiality is being 

safeguarded during and after the study) 

 

 

8. What will taking part involve? What should I do now? 

 

Minimum disruption to the workplace or work routines is desirable. Should you be 

willing to permit access, upon giving your consent, please consider possible 

participants who may be willing to engage in the research and what might be a 

suitable day or time to visit the site and conduct data collection procedures. Note that 

potential participants will also be required to give their individual consent In order to 

participate. 

 

Please sign and return the Gatekeeper Consent Form provided 

 

Should you have any comments or questions regarding this research, you may contact the 

researcher: 
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Contact Details of Researcher  

Researcher:  Graham A. Wilson 

Organisation:  Moray College UHI 

Phone:   01343 576314 

E-Mail:   Graham.Wilson.Moray@uhi.ac.uk 

 

If you have any questions/concerns, during or after the investigation or wish to contact 

an independent person to whom any questions may be directed please contact:  

 

University of the Highlands and Islands Research Ethics Committee (FREC)  

UHI Research Ethics Officer  

University of the Highlands and Islands, 12b Ness Walk, Inverness, IV3 5SQ.  

Telephone: 01463-279349  

Email: research.ethics@uhi.ac.uk 
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8.2.2. Software Development Personnel – Information Sheet 

 

Title of the study:  

WHAT ARE THE FEATURES LINKING COMPUTER PROGRAMMING WITH 

PERSONALITY TYPE? 

 

Name of department:  

Computing – Moray College UHI 

 

Date:  

xx/xx/xxxx 

 

Introduction  

This study is part of a PhD research project comparing the traits and attributes of 

novice computer programmers with those of professional software development 

personnel. 

 

What is the purpose of this investigation?  

The aim of this research is to attempt to match the personality types of software 

development personnel with those of novice computer programming students, 

considering the individual roles of software development personnel in matching 

personality types, and the similarity of perceptions regarding problem-solving strategy 

selection and application between software development personnel and students. 

The data gathered will be used to address the following questions: 

 

• How does problem-solving strategy and application relate to personality in 

influencing professional software developers? 

 

• How influential are personality traits or trait groupings in determining suitability 

for specific roles within the software development industry? 
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Do you have to take part?  

Your participation in this research is entirely voluntary. You may decide to stop being 

a part of the research study at any time up to data analysis without explanation and 

have the right to ask that any data you have supplied to that point be withdrawn or 

destroyed.  

 

What will you do in the project?  

You will be invited to attend a semi-structured interview, lasting 30-40 minutes. 

You will be invited to complete the following test: 

 

Informal testing 

• Keirsey Temperament Sorter (KTS-II) - 70 item personality test (estimated 

time: 10-25 mins). 

 

You can complete the test immediately following interview, or at a later time if 

suitable, returning it in the enclosed self-addressed envelope. 

 

Why have you been invited to take part?  

This study aims to examine the personality types/traits of software development 

personnel and their perceptions regarding problem-solving strategy selection and 

application. As someone engaged in such a role, you have been invited to participate 

in this research. 

 

What are the potential risks to you in taking part?  

Participation in the research will have no adverse impact upon your routine work 

duties. The data collected will be held securely and in extreme confidence and your 

employer will not have access to any part of it. 

 

What happens to the information in the project?  

The data collected will be securely stored in a confidential manner. Only the 

researcher will have access to the data, which will be anonymised before undergoing 

data analysis and contributing to this PhD study. While quotes and statistical data 

may be incorporated into the final thesis or future publications, no individual will be 

made identifiable by these. 
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What happens next?  

Thank you for taking the time to read this Participant Information Sheet. If you have 

any further questions or require any further information please ask before the study 

begins.  

 

Researcher contact details;  

Name:  Graham A. Wilson 

Address:  Computing Department, Moray College,  

Telephone: 01343 576314   

Email:  Graham. Wilson.Moray@uhi.ac.uk 

 

This investigation was granted ethical approval by the University of Highlands and 

Islands Research Ethics Committee on date_____________________.  

 

Further contact details;  

If you have any questions/concerns, during or after the investigation or wish to 

contact an independent person to whom any questions may be directed please 

contact:  

 

University of the Highlands and Islands Research Ethics Committee (FREC)  

UHI Research Ethics Officer  

University of the Highlands and Islands, 12b Ness Walk, Inverness, IV3 5SQ.  

Telephone: 01463-279349  

Email: research.ethics@uhi.ac.uk 
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8.2.3. HNC computing Student – Information Sheet 

Title of the study:  

WHAT ARE THE FEATURES LINKING COMPUTER PROGRAMMING WITH 

PERSONALITY TYPE? 

 

Name of department:  

Computing – Moray College UHI 

 

Date:  

xx/xx/xxxx 

 

Introduction  

This study is part of a PhD research project comparing the traits and attributes of 

novice computer programmers with those of professional software development 

personnel. 

 

What is the purpose of this investigation?  

The aim of this research is to attempt to match the personality types of software 

development personnel with those of novice computer programming students, 

considering the individual roles of software development personnel in matching 

personality types, and the similarity of perceptions regarding problem-solving strategy 

selection and application between software development personnel and students. 

The data gathered will be used to address the following questions: 

 

• What correlation is there between novice computer programming student 

personality type, problem-solving strategy application and suitability for 

potential software development roles? 

 

• How does problem-solving strategy selection and application in novice 

computer programming students relate to potential software development 

roles? 
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Do you have to take part?  

Your participation in this research is entirely voluntary. You may decide to stop being 

a part of the research study at any time up to data analysis without explanation and 

have the right to ask that any data you have supplied to that point be withdrawn or 

destroyed.  

 

What will you do in the project?  

You will participate in the following tests: 

 

Formal testing 

• Computer Programming aptitude test (CPAT) - 29 questions (time: 45 mins). 

 

Informal testing 

• Keirsey Temperament Sorter (KTS-II) - 70 item personality test (estimated 

time: 10-25 mins). 

 

You may also be invited to attend a semi-structured interview, lasting 30-40 minutes. 

 

Why have you been invited to take part?  

You have been invited to participate in this research as you are an HNC computing 

student at Moray College UHI about to learn computer programming. 

 

What are the potential risks to you in taking part?  

Participation in the research will have no adverse impact upon your course, classes 

or grades. Tests and interviews will be timed to ensure that there is no adverse 

impact upon your studies. 

 

What happens to the information in the project?  

The data collected will be securely stored in a confidential manner. Only the 

researcher will have access to the data, which will be anonymised before undergoing 

data analysis and contributing to this PhD study. While quotes and statistical data 

may be incorporated into the final thesis or future publications, no individual will be 

made identifiable by these. 
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What happens next?  

Thank you for taking the time to read this Participant Information Sheet. If you have 

any further questions or require any further information please ask before the study 

begins.  

Researcher contact details;  

Name:  Graham A. Wilson 

Address:  Computing Department, Moray College,  

Telephone: 01343 576314   

Email:  Graham. Wilson.Moray@uhi.ac.uk 

 

This investigation was granted ethical approval by the University of Highlands and 

Islands Research Ethics Committee on date_____________________.  

 

Further contact details;  

If you have any questions/concerns, during or after the investigation or wish to 

contact an independent person to whom any questions may be directed please 

contact:  

 

University of the Highlands and Islands Research Ethics Committee (FREC)  

UHI Research Ethics Officer  

University of the Highlands and Islands, 12b Ness Walk, Inverness, IV3 5SQ.  

Telephone: 01463-279349  

Email: research.ethics@uhi.ac.uk 
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8.3. Appendix C – Consent Forms 

8.3.1. Gatekeeper Consent Form 

Organisation Name: 

Title of Project:  

 

WHAT ARE THE FEATURES LINKING COMPUTER PROGRAMMING WITH 

PERSONALITY TYPE? 

Name of Researchers: Graham A. Wilson 

 

Please tick to confirm your understanding of the study and that you are happy for your 

organisation to take part and your facilities to be used to host parts of the project.  

 

This indicates your consent to software development personnel within your organisation being 

invited to participate in this research project by way of interview and testing. 

 

1. I confirm that I have read and understand the information provided for the above 

study. I have had the opportunity to consider the information, ask questions and 

have had these answered satisfactorily. 

 

2. I understand that participation of our organisation and members in the research is 

voluntary and that they are free to withdraw at any time, without giving a reason 

and that this will not affect legal rights. 

 

3. I understand that any personal information collected during the study will be 

anonymised and remain confidential. 

 

4. I agree for our organisation and members to take part in the above study. 

 

5. I agree to conform to the data protection act  

 

Gatekeeper Name:      Date:        Signature: 

Researcher Name:      Date:        Signature: 
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8.3.2. Participant Consent Form 

 

NAME OF PARTICIPANT:      PARTICIPANT NO: 

Title of the project:  

 

WHAT ARE THE FEATURES LINKING COMPUTER PROGRAMMING WITH 

PERSONALITY TYPE? 

 

Main investigator and contact details: Graham Wilson (Moray College UHI) 

 

1. I agree to take part in the above research.  I have read the Participant Information Sheet 

for the study dated [02/02/2017 v1]. 

 

2. I understand what my role will be in this research, and all my questions have been 

answered to my satisfaction. 

 

3. I understand that my participation is voluntary and that I am free to withdraw from the 

research at any time, without giving a reason, up to the point of data analysis, at which 

time my data will have been incorporated into the whole. 

 

4. I am free to ask any questions at any time before and during the study. 

 

4. I understand that any information recorded in the investigation will remain confidential and 

no information that identifies me will be made publicly available. 

 

6. I consent to use of the data I provide, in research, publications, sharing and archiving as 

explained to me in the Participant Information Sheet. 

 

7.  I understand that quotes from me will be used in the dissemination of the research 

 

8.  I understand that the interview will be audio recorded and transcribed and that I will have 

the opportunity to read the transcription and request amendments if necessary  Yes/ No 
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I agree / do not agree (delete as appropriate) to take part in the above study. 

Name of participant (print)…………………………Signed………………..….Date……………… 

 

Name of person  

witnessing consent (print)………………………….Signed………………….. Date……………… 

-------------------------------------------------------------------------------------------------------------------------- 

 

I WISH TO WITHDRAW FROM THIS STUDY. 

If you wish to withdraw from the research, please speak to the researcher or email them at 

(Graham.Wilson.Moray@uhi.ac.uk) stating the title of the research. 

You do not have to give a reason for why you would like to withdraw. 

Please let the researcher know whether you are/are not happy for them to use any data from 

you collected to date in the write up and dissemination of the research. 
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8.4. Appendix D – Interview Questions 

 

Problem-solving 

• What would you consider to be the most important skills for solving complex 

problems? 

• How can problem-solving skills be acquired? 

• When faced with a challenge, how do you prepare for it? 

 

• When you solve a difficult problem, how do you feel? 

• When you are unable to overcome a problem on your own, what steps do you 

take? 

• Can you describe a work situation where you were out of your comfort zone? 

o How did you feel/react? 

 

• How do you react to the successful completion of a difficult task?  

o How does it affect you subsequently when faced with a similar or more 

difficult level of challenge? 

• How do you react to failing to complete a difficult task? 

o How does it affect you subsequently when faced with a similar or more 

difficult level of challenge? 

• Which aspects of yourself would you most like your colleagues or superiors to 

recognise and acknowledge? 

o Why? 

 

• When you have made a mistake, or consider that you might be in trouble, what 

actions do you take? 

• When under pressure to complete a task or meet a deadline, how do you feel?  

o How do you perform? 

• Would you say that your emotions can sometimes impact your ability to 

perform? 
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8.5. Appendix E - Test Instruments 

8.5.1. Keirsey Temperament Sorter 2 (KTS-II) 

 

Keirsey Temperament Sorter II – Instructions 

 

How to answer the questions: 

- It is important that you answer all the questions from the perspective of what feels real 

for you and not try to give answers that you think would sound like how you should 

behave in any particular situation. The objective is to understand yourself as you really 

are – not the way, for example, you must react in your job, or others expect you to 

behave. Effectiveness as an individual or leader is not based on any particular personality 

style. It is really about how well you know yourself and others. 

 

- There are two choices for each question. If both seem to apply, choose the one that feels 

most comfortable to you. There are no right or wrong answers – about half the population 

agrees with whatever choice you make. 

 

Some additional points: 

- Do not take a long time to answer each question. The entire questionnaire should take 

you only about 10 minutes. 

 

- Many of the questions are similar. You may find yourself answering those questions all 

the same way, or you may find yourself answering them differently because they hit you 

in a different way or perhaps you think of a different situation that that fits them, or you 

may find yourself flip-flopping back and forth. Any possibility is fine. 

 

- Some of the questions may not seem to be presenting opposites; just choose whichever 

one describes you best. 
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- If you find yourself absolutely sitting on the fence on a certain question, do not answer 

that question. It may be that you really are 50/50, and it could affect your results if you 

answer it. But do try to answer as many questions as you can. 

 

- If you do not understand a question, it is better just to skip it. If you want to go look up 

a word in the dictionary so that you do understand the question, that would be fine.
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Keirsey Temperament Sorter – Questionnaire 

 

Participant No: 

 

Date: 

 

1. When the phone rings, do you 

     □   hurry to get to it first 

     □   hope someone else will answer it 

 

2. Are you more 

     □   observant than introspective 

     □   introspective than observant 

 

3. Is it worse to 

    □    have your head in the clouds 

    □    be in a rut 

 

4. With people are you usually more 

    □   firm than gentle 

    □   gentle than firm 

 

5.  Are you more comfortable in making 

    □   critical judgments 

    □   value judgments 

 

6.  Is clutter in the workplace something you 

    □   take time to straighten up 

    □   tolerate pretty well 

 

7.  Is it your way to 

    □   make up your mind quickly 

    □   pick and choose at some length 

 

 

 

 

 

 

8. Waiting in line, do you often 

    □   chat with others 

    □   stick to business 

 

9. Are you more 

     □   sensible than ideational 

     □   ideational than sensible 

 

10. Are you more interested in 

    □   what is actual 

    □   what is possible 

 

11. In making up your mind are you more 

likely to go by 

    □   data 

    □   desires 

 

12. In sizing up others, do you tend to be 

    □   objective and impersonal 

    □   friendly and personal 

 

13. Do you prefer contracts to be 

    □   signed, sealed, and delivered 

    □   settled on a handshake  

 

14. Are you more satisfied having 

    □   a finished product 

    □   work in progress 
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15. At a party, do you 

    □   interact with many, even strangers 

    □   interact with a few friends 

 

16. Do you tend to be more 

    □   factual than speculative 

    □   speculative than factual 

 

17. Do you like writers who 

   □   say what they mean 

   □   use metaphors and symbolism 

 

18. Which appeals to you more? 

    □   consistency of thought 

    □   harmonious relationships 

 

19. If you must disappoint someone are you 

usually 

    □   frank and straightforward 

    □   warm and considerate 

 

20. On the job, do you want your activities 

    □   scheduled 

    □   unscheduled 

 

21. Do you more often prefer 

    □   final unalterable statements 

    □   tentative preliminary statements 

 

22.Does interacting with strangers 

    □   energize you 

    □   tax your reserves  

 

 

23. Facts 

    □   speak for themselves 

    □   illustrate principles 

 

24. Do you find visionaries and theorists 

    □   somewhat annoying 

    □   rather fascinating 

 

25. In a heated discussion do you 

    □   stick to your guns 

    □   look for common ground 

 

26. Is it better to be 

    □   just 

    □   merciful 

 

27. At work, is it more natural for you to 

    □   point out mistakes 

    □   try to please others 

 

 

28. Are you more comfortable 

    □   after a decision 

    □   before a decision 

 

29. Do you tend to 

    □   say right out what's on your mind 

    □   keep your ears open 

 

30.Common sense is 

    □   usually reliable 

    □   frequently questionable 
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31.Children often do not 

    □   make themselves useful enough 

    □   exercise their fantasy enough 

 

32.When in charge of others do you tend to be 

    □   firm and unbending 

    □   forgiving and lenient 

 

33.Are you more often 

    □   a cool-headed person 

    □   a warm-hearted person 

 

34.Are you prone to 

    □   nailing things down 

    □   exploring the possibilities 

 

35. In most situations are you more 

    □   deliberate than spontaneous 

    □   spontaneous than deliberate 

 

36. Do you think of yourself as 

    □   an outgoing person 

    □   a private person 

 

37.Are you more frequently 

    □   a practical sort of person 

    □   a fanciful sort of person 

 

38. Do you speak more in 

    □   particulars than generalities 

    □   generalities than particulars 

 

 

 

39. Which is more of a compliment? 

    □   “There's a logical person” 

    □   “There's a sentimental person” 

 

40. Which rules you more? 

    □   your thoughts 

    □   your feelings 

 

41. When finishing a job, do you like to 

    □   tie up all loose ends 

    □   move on to something else 

 

42. Do you prefer to work 

    □   to deadlines 

    □   just whenever 

 

43. Are you the kind of person who 

    □   is rather talkative 

    □   doesn't miss much 

 

44. Are you inclined to take what is said 

    □   more literally 

    □   more figuratively 

 

45. Do you more often see 

    □   what's right in front of you 

    □   what can only be imagined 

 

46. It is worse to be 

    □   a softy 

    □   hard-nosed 
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47.In hard circumstances, are you 

sometimes 

    □   too unsympathetic 

    □   too sympathetic 

 

48.Do you tend to choose 

    □   rather carefully 

    □   somewhat impulsively 

 

49. Are you inclined to be more 

    □   hurried than leisurely 

    □   leisurely than hurried 

 

50. At work do you tend to 

    □   be sociable with your colleagues 

    □   keep more to yourself 

 

51. Are you more likely to trust 

    □   your experiences 

    □   your conceptions 

 

52. Are you more inclined to feel 

    □   down to earth 

    □   somewhat removed 

 

53. Do you think of yourself as a 

    □   tough-minded person 

    □   tender-hearted person 

 

54. Do you value in yourself more that you 

are 

    □   reasonable 

    □   devoted 

55. Do you usually want things 

    □   settled and decided 

    □   just pencilled in 

 

56. Would you say you are more 

    □   serious and determined 

    □   easy going 

 

57. Do you consider yourself 

    □   a good conversationalist 

    □   a good listener 

 

58. Do you prize in yourself 

    □   a strong hold on reality 

    □   a vivid imagination 

 

59. Are you drawn more to 

    □   fundamentals 

    □   overtones 

 

60. Which seems the greater fault? 

    □   to be too compassionate 

    □   to be too dispassionat 

 

61. Are you swayed more by 

    □   convincing evidence 

    □   a touching appeal 

 

62. Do you feel better about 

    □   coming to closure 

    □   keeping your options open 
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63. Is it preferable mostly to 

    □   make sure things are arranged 

    □   just let things happen naturally 

 

64. Are you inclined to be 

    □   easy to approach 

    □   somewhat reserved 

 

65. In stories, do you prefer 

    □   action and adventure 

    □   fantasy and heroism 

 

66. Is it easier for you to 

    □   put others to good use 

    □   identify with others 

 

67. Which do you wish more for yourself? 

    □   strength of will 

    □   strength of emotion 

 

68. Do you see yourself as basically 

    □   thick-skinned 

    □   thin-skinned 

 

69. Do you tend to notice 

    □   disorderliness 

    □   opportunities for change 

 

70. Are you more 

    □   routinized than whimsical 

□   whimsical than routinized
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8.5.2. Computer Programming Aptitude Test (CPAT) 

Participant No: 

Date: 

1. Grace thought of a number, added 7, multiplied by 3, took away 5 and divided 

by 4 to give an answer of 7. What was the starting number? 

 

2.  

 

What is B1 + C2? 

 

3. E1 equals A1 multiplied by B2. 

Now divide E1 by D4. 

 

Which of the visible cells contains the correct answer? 

 

4. A) iqtgiwegasdeo iqtgiyegasdio 

B) iqtgiwegasdeo iqtgiyegasdio 

C) iqtgiwegasdeo iqtgiyegasdio 

D) iqtgiwegasdao iqtgiyegasdio 

E) iqtgiwegasdeo iqtgiyegasdio 

F) iqtgiwegasdeo iqtgiyegasdio 

 

Above are 6 rows containing two identical sets of characters, but in one row, 

one character in the two sets is different. Which row has the difference? 
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5. A) dsNvn(Pos\o;l\md;) 

B) dsNvn(Pos\o;l\md;) 

C) dsNvn(Pos\o;l\md;) 

D) dsNvn(Pos\o;l\md;) 

E) dsNvn(Pos\e;l\md;) 

F) dsNvn(Pos\o;l\md;) 

 

Above are 6 rows containing two identical sets of characters, but in one row, 

one character in the two sets is different. Which row has the difference? 

 

6. A) ladnl:vdlne,842tybqi\m ladnl:avdlne;842tybqi\m 

B) ladnl:vdlne,842tybqi\m ladnl:avdlne;842tybqi\m 

C) ladnl:vdlne,842tybqi\m ladnl:avdlne;842tybqi\m 

D) ladnl:vdlne,842tybqi\m ladnl:avdlne;842tybqi\m 

E) ladnl:vdlne,842tybqi\m ladnl:avdlne;842tybqi\m 

F) ladnl:vdlne.842tybqi\m ladnl;avdlne;842tybqi\m 

 

Above are 6 rows containing two identical sets of characters, but in one row, 

one character in the two sets is different. Which row has the difference? 

 

7. Alan thinks of a number. He squares it, then takes away 5, next multiplies it by 

4, takes away 7, divides it by 3 and finally adds 6. His answer is 9. 

 

What number did he start with? 

 

 

8. If the hour hand of a clock is turned anticlockwise from 2 pm to 9 am, through 

how many degrees will it have turned? 
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9.  

 

What percentage of this shape is blue (to nearest percent)? 

 

10. If ADD = 9, BAD = 7 and CAD = 8 what is the value of ADA? 

 

11. If BAD = 10, DAC = 11, and CGI = 22 what is the value of OCCAM? 

 

12. If DATA = 52, CACHE = 40 and BIT = 62. What is the value of BABBAGE? 

 

 

13. You are facing North. Turn 90 degrees left 

Turn 180 degrees right. Reverse direction again 

Turn 45 degrees left. Reverse direction. Turn 270 degrees right. 

 

In which direction are you now facing? 
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14. Flight tickets for an airline are coded as follows: 

UK Destinations are coded A, Flights to Europe are coded B, Asian 

Destinations C, and the Americas D.  

If a flight takes place between 10 pm and 6 am the same code is used but with 

lower case letters (a,b,c, and d) 

Male passengers are coded X and female passengers are coded Y. Children 

are coded by the same letters in lower case (x.y) 

Meals are coded as follows: 

European meal G, Asian Meal H, Vegetarian Meal K. Children's meals coded 

by the same letters in lower case (g,h,k) 

First Class passengers are coded P, Business Class Q and economy R 

 

What would the code be for a flight to Paris at 5am for a vegetarian 8 year old 

girl travelling economy class? 

 

15. Three computers were lined up in a row. The Dell was to the left of the Viglen 

but not necessarily next to it. The blue computer was to the right of the white 

computer. The black computer was to the left of the Hewlett Packard PC. The 

Hewlett Packard was to the left of the Viglen. 

 

List the computers by order of make and colour. 

 

16. Tim was given a large bag of sweets and ate one third of the sweets before 

stopping as he was feeling sick. The next day he ate one third of the remaining 

sweets and the following day he ate one third of the remainder, before 

counting the sweets he had left which totalled eight. 

 

How many sweets was he given in the beginning? 

 

17. In a counting system used by intelligent apes. 

A banana = 1 

6 is represented by an orange and 2 bananas 

An orange is worth half a mango 

 

What is the numerical value of two mangos, an orange and a banana? 
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18. Which fruit is the equivalent in value to two mangos and an orange, divided by 

an orange with a banana? 

 

19. If the code for JAVA is LCXC, what is the code for BASIC? 

 

20. If the code for FORTRAN is GMUPWUU, what is the code for PASCAL? 

 

21. If the code for PHP is QLY, what is the code for SQL? 

 

22. What is the smaller angle between the hands of a clock at 10.30 

 

23.  

 

 

You start in square E6 facing East. Move 3 squares forward 

Turn 90 degrees clockwise, move two squares forward 

Turn 180 degrees anticlockwise. Move 5 squares forward 

Turn 90 degrees anticlockwise. Move 4 squares forwards 

Turn 90 degrees clockwise. Move two squares backwards 

 

What is the Y COORDINATE of the square you are now in? 
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24. You start in square E6 facing South West. Move three squares forward 

Rotate 135 degrees clockwise. Move 4 squares forward. 

Rotate 45 degrees clockwise. Move 2 squares forward 

Rotate 90 degrees anticlockwise and move 4 squares backwards. 

 

What is the X Coordinate of the square you are now in? 

 

25. In a chocolate factory, a machine takes a 1 kg block of chocolate. It then 

divides this into rectangles each weighing 10g. These rectangles are then 

stamped into disks of chocolate each weighing 6g with the remaining chocolate 

discarded. These chocolate disks are then packed into bags of 4 which are 

sealed and finally packed into boxes, each containing 6 bags ready for 

dispatch to the shops. 

 

What percentage of the chocolate out of the original kilogram will be contained 

in the COMPLETELY FILLED boxes (i.e. those containing a full 6 bags) 

 

26.  

 

What is A4 multiplied by D3 divided by C2? 

 

27. E1 equals B4 plus A2. E3 equals A4 minus D2. Multiply E1 by E3. 

 

What is the final answer (107, 99, 101, 117 or none of these)? 

 

28. STEP 1: Multiplying C3 by D4 gives F4 

STEP 2: Multiply F4 by 3 then add 1 to F3. 

STEP 3: Repeat STEP 2 until the value of F3 equals 3 then stop.  

 

What is the value of F4? 
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29.  

 

 

 

 

 

E2 = A1 + B3 + C4 + D2. 

F4 = A3 + B1 + C2 + D4. 

If the value of F4 is larger than E2 swap their values over, otherwise leave 

them as they are.  

Multiply E2 by D1, then subtract A4 and assign to F2. 

 

What is the value of F2? 
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8.6. Appendix F - Demographics 

8.6.1. SD Personnel demographics 

Age V Experience 

Of the fifty-five personnel sampled, forty were aged thirty plus, including eighteen with 

over twenty years’ experience and four with over thirty years’ experience! Only six of 

those aged over thirty had less than eight years’ experience (Fig. 8.1). 

 

 

Figure 8.1 SD Personnel (Age V Experience) 
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Qualification V Experience 

While the larger part of the sample (21) held ordinary degrees, or Honours degrees 

(15), the sample also included seven participants with a Masters Degree and three with 

a PhD (Fig. 8.2). Only eight of the fifty-five sampled held highest level qualifications 

below ordinary degree level. However, there appeared to be little to link experience 

level and qualification level, as two of the most experienced personnel possessed a 

highest qualification below degree level. 

 

 

Figure 8.2 SD Personnel (Qualification Level V Experience) 
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Age V Qualification 

From the age of twenty-five upwards, SD personnel participants possessed a blend of 

Ordinary degree, Honours degree and Master’s Degree education, with a greater 

number in each age group as the age increased, up to fifty (Fig. 8.3). The 40-50 age 

group represented the largest proportion of the sample and may reflect an actual 

demand for personnel at the time these individuals graduated in the late 80’s, early 

90’s. That was around the time of the ‘second surge’, also known as the dot.com boom 

(Soper, 2014), sparked by rapidly expanding Internet usage and business start-ups. 

The over fifty’s in the sample may have entered the industry during the ‘first surge’, 

around the time of the first home computers. There were few graduates in computing 

then, with many senior personnel transferring from other disciplines to meet the sudden 

demand. 

 

 

Figure 8.3 SD Personnel (Age V Qualification Level) 
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Preferred Role V Highest Qualification 

Figure 8.4 illustrates that those in the sample with a preference for analysis were 

generally the best qualified, with two PhD’s between five participants. This was followed 

by a design preference, having five out of six participants holding an Honours Degree 

or better. Those with a leadership preference followed, with seven out of eight degree 

qualified or better. Testing rated lowest in terms of highest qualification held, but was 

also the least preferred role, so it would be unfeasible to claim that testers were 

generally less well qualified. Of those with a development role preference, twenty-eight 

from thirty-one were degree qualified or better. 

 

 

 

Figure 8.4 Highest Qualification held by Role Preference 
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8.6.2. HNC computing Demographics 

Programming Language Experience 

The programming experience indicated by the students was generally reflective of their 

pathways into HNC computing. As indicated in Figure 8.5, Python was the most 

common language experienced by students in the sample. Six students had experience 

of the Python language, taught at NC level and also on some school Higher Computing 

courses. This figure may have been higher as there was no specific requirement for 

students to name a language they were familiar with. Regularly taught educational 

languages; Visual Basic, Java, Scratch and Game Maker were also identified. Visual 

Basic, while commonly taught at the secondary schools in the area, was not particularly 

reflected in the responses, although at least four of the eight secondary schools in the 

region no longer provided computing as a discrete subject. Two students identified C#, 

while one identified LUA and another Objective C. These three languages are highly 

likely associated with participants who proclaimed to be self-taught, and disassociated 

with any local school or college course. 

 

 

Figure 8.5 HNC computing Student Programming Language Experience 
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8.7. Appendix G - Personality 

8.7.1. SD personnel – KTS-II Question Responses over 70% Average 

Extraversion – Introversion 

The results for this trait pairing show that in general software development personnel 

are not very social, except with their colleagues. It appears however, that they do tend 

to notice what’s going on around them and it can be assumed that this is certainly the 

case within an office environment, where there is a need to stay abreast of 

developments. 

 

 

Sensing – Intuition 

The responses in this trait pairing suggest that the average software developer is hard-

working, logical and aspirational. They trust in their experience and are grounded in a 

sense of reality. They rely on facts and practicalities and take what is said literally, 

adopting a common sense approach to tasks. This grounded sense of realism is 

contrasted with an imaginative side that gains inspiration from innovative thinkers and 

industry leaders. 
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Thinking – Feeling 

These responses appear to contradict each other in some ways. Software personnel in 

this sample generally considered themselves to be logical, thoughtful, swayed by 

convincing evidence and desiring of a stronger will, yet consider a lack of compassion 

to be a fault. They also considered themselves forgiving and lenient, and desirous of 

finding common ground in heated discussion. The self-perception of software 

development personnel as being friendly and personal when sizing up others, appears 

to be at odds with their largely introverted nature and social reluctance, yet this may 

have been perceived from a workplace point of view as opposed to a purely social 

context. As highlighted previously, software development personnel in this sample 

considered themselves relatively social within a work-based context, but were generally 

less keen to interact with strangers. 
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Judging – Perceiving 

The responses in this category suggested that a stereotypical software developer had 

a preference for routine, detailed planning and getting things done efficiently. While 

they liked to take their time to deliberate over important decisions, they could 

experience high anxiety until a decision had been made. 
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8.7.2. HNC computing participants – KTS-II Question Responses over 70% Average 

Extraversion – Introversion 

Of the four trait pairings this was by far the most balanced, with only one question 

returning a score over 70% either way, suggesting that there may be little significance 

in this pair category. 

 

 

 

Sensing – Intuition 

This was one of two trait pairings in which there was a significant imbalance towards a 

particular trait when applying the 70% cut-off. The sample appeared more heavily 

inclined towards sensing over intuition based upon this particular analysis, with eight 

question responses scoring over 70% in favour of sensing and only one towards 

intuition.  
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Thinking – Feeling 

This category pairing suggested a greater split within the sample than the other 

pairings, with six responses scoring over 70% in favour of thinking and four responses 

scoring over 70% in favour of feeling. 
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Judging - Perceiving 

This particular category more than any other, demonstrated a clear leaning towards 

one side of the trait pairing, with nine questions receiving a score over 70% in favour 

of judging and only one in favour of perceiving. 
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8.8. Appendix H - CPAT Question Weightings 

8.8.1. Question Weightings 

The initial CPAT question weightings are shown in Table 39. There were seven analysis 

questions, six design questions, six development questions and ten testing questions. 

The question weightings are shown for each category with one being considered the 

easiest question, rising to ten in testing; the question considered most difficult in that 

category. 

 

Question 

Number 

Analysis Design Development Testing 

1       2 

2       1 

3       3 

4     3   

5     1   

6     2   

7       5 

8 1       

9       9 

10   3     

11   4     

12   5     

13 4       

14   1     

15   2     

16       7 

17 2       

18 3       

19     4   

20     6   

21     5   

22 7       

23 5       

24 6       

25   6     

26       4 

27       6 

28       10 

29       8 

Table 39 Original CPAT Question Weightings 
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8.8.2. Participant Reponses 

The correct response totals for each of the twenty-nine CPAT questions are shown in 

Figure 8.6. Question six was the only question that all of the participants answered 

correctly, with only one correct response given for questions four and twenty-four. 

 

 

Figure 8.6 CPAT Question Response Totals 

 

8.8.3. Question Weighting Validation 

The following charts (Figures 8.7 – 8.10), demonstrate the ratio of correct responses to 

weightings in each question category, and although the trend lines all head in the right 

direction, the assigned weightings only correctly matched results in the design category 

questions. The analysis and testing question weightings can clearly be seen as some 

way off the mark. 
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Analysis Questions 

Figure 8.7 demonstrates that the weightings for the analysis category did not 

correspond very well with participant responses. 

 

 

Figure 8.7 Correct Response Totals V Weightings for Analysis Category Questions 

 

Design Questions 

Figure 8.8 demonstrates that the weightings for the design category did match as 

anticipated with correct participant responses. As the question weightings increased, 

the correct response total decreased accordingly.  

 

 

Figure 8.8 Correct Response Totals V Weightings for Design Category Questions 
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Development Questions 

As shown in Figure 8.9, the weightings for the development category matched quite 

well with the participant responses. Question one was anomalous and would have been 

better weighted as three, otherwise the weightings appeared fairly accurate. 

 

 

Figure 8.9 Correct Response Totals V Weightings for Development Category Questions 

 

Testing Questions 

As demonstrated in Figure 8.10, the weightings for the testing category indicated a 

general trend in the correct direction, however, there were a number of anomalies, 

suggesting that perhaps the question weightings ought to be reformulated.  

 

 

Figure 8.10 Correct Response Totals V Weightings for Testing Category Questions 
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8.8.4. Reformulated Question Weightings 

Examining the CPAT results distribution, it was considered that the number of correct 

responses given could serve as a better determinant of question weighting than the 

pre-defined weightings. Table 40 demonstrates the reformulated question weightings 

based on participant correct response ratios. The highlighted weightings are those 

which were already accurately predefined. 

 

 

Table 40 Redistribution of CPAT Question Weightings 
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Table 41 demonstrates the recalculated weightings for each question. 

 

Question 

Number Analysis Design Development Testing 

1       4 

2       1 

3       2 

4     2   

5     3   

6     1   

7       5 

8 6       

9       7 

10   3     

11   4     

12 5  5     

13 
 

      

14   1     

15   2     

16       9 

17 1       

18 2       

19     4   

20     6   

21     5   

22 7       

23 3       

24 4       

25   6     

26       6 

27       3 

28       10 

29       8 

Table 41 Final redistributed CPAT Question Weightings 
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Having revised the participants scores based on the recalculated question weightings, 

the final results can be seen in Table 42, along with the KTS-II trait deviations and 

personality types of each participant. Total scores are shown (out of 100), along with 

the final weighted score (out of 25) for each category and the category scores above 

the cut-off marks (underneath), highlighted in green.  

 

 

Table 42 Full Sample KTS-II and CPAT results 

 

Analysis 

The trait deviations between the analysis groups in both samples were compared. A 

cut-off CPAT analysis category score of 13.4/25 was selected for the inclusion of HNC 

Computing students (Table 43). Students highlighted in orange were the first to be 

selected for interview, the blue representing the second batch selected. 
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Table 43 Comparison of Average Trait Deviations for Analysis Preference across both samples 

 

Design 

The trait deviations between the design groups in both samples were compared. A cut-

off score of 7.14/25 was selected for inclusion of HNC computing students, who 

generally scored poorly in this question category (Table 44).  

 

 

Table 44 Comparison of Average Trait Deviations for Design Preference across both samples 

 

Development 

The trait deviations between the development groups in both samples were compared. 

A cut-off score of 11.9/25 was selected for inclusion of HNC computing students (Table 

45). 
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Table 45 Comparison of Average Trait Deviations for Development Preference across both samples 

 

Testing 

The trait deviations between the testing groups in both samples were compared. A cut-

off score of 13.4/25 was selected for inclusion of HNC computing students (Table 46). 

 

 

Table 46 Comparison of Average Trait Deviations for Testing Preference across both samples 
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Leadership 

Although, there was no comparison of SD personnel and HNC computing participants, 

the trait deviations for SD personnel expressing a leadership role preference are shown 

below (Table 47). 

 

 

Table 47 Comparison of Average Trait Deviations for Leadership Preference in SD personnel sample 
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8.9. Appendix I - Problem-solving 

8.9.1. Selecting Students for Interview 

The students initially selected for each category are shown highlighted in orange 

(Tables 49-50). These are also listed below: 

 

1. Design – 6001, 6003, 6021 

2. Analysis – 6011, 6016 

3. Development – 6003, 6010, 6016 

4. Testing - 6008, 6011, 6013 

 

There was an overlap in this selection, with two students, numbers 6003 and 6011 

representing more than one category, although the focus for interview was on the 

category of problem-solving question in which the student performed best. 

 

A second group of participants were considered for interview following review. Of these, 

two (6024 and 6032) were in the top three scores overall and also joint top scorers with 

another in the development category of the CPAT. The third participant selected (6005) 

was in the top ten in every category, but did not score particularly highly in any single 

category, finishing seventh overall. Again, there was a performance overlap between 

categories, even more so in this case: 

 

1. Design – 6005, 6024, 6032 

2. Analysis – 6005, 6024 

3. Development – 6005, 6024, 6032 

4. Testing – 6005, 6024, 6032 

 

By Overall Score 

Examining the overall ranking table, the scores of the selected candidates range from 

35.8 up to the highest 63.2 out of 100 (Table 48). 
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Table 48 Interview Participants by Overall Individual CPAT Scores 

 

The selection criterion resulted in the eight highest scoring participants being included. 

However, a high score overall did not necessarily equate to a high score in one of the 

question categories. For instance, participant 6008, second highest scorer in testing 

and fifth highest overall, came eighth in the analysis category, but did not feature in the 

top nine in design or the top fifteen in development (Table 50). Their combined score 

was high though, because most participants seemed to do well in only one of the four 

categories. The third highest scoring participant overall, 6024, participant 6013 who 

came second overall, and 6005 who came tenth, were the only participants to register 

on all four category scoreboards. While 6024 was one of the joint highest scorers in the 

development section and 6013 the highest scorer in testing, the highest position for 

6005 was fifth in design. 

 

By Question Type Category Ranking 

 

Table 49 Interview Participants Score Rankings by CPAT Question Category 
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Table 49 indicates the students selected for interview. Those in orange representing 

the initial sample of eight selected, followed by the second sample of five participants 

shown in blue. 

 

8.9.2. Participant Selection and Justification 

The overall effect of this approach was to provide good coverage for each of the 

categories. Nine for analysis, five for design and seven in development and six in 

testing. The primary reasons for selection for interview are listed below: 

 

• 6001 - Analysis second highest scorer 

• 6003 - Analysis top scorer, ISFJ type 

• 6005 - Top 10 on all category score boards 

• 6008 - Testing second highest scorer 

• 6010 - Development joint top scorer 

• 6011 - Third in design, sixth in testing, ISTJ type 

• 6013 - Testing top scorer, top 10 in all categories 

• 6016 - Distinct top scorer in design 

• 6021 - Analysis sixth place, ISTJ type 

• 6024 - Development joint top scorer, on all category score boards 

• 6032 - Overall highest score, development joint top scorer, analysis joint third 

 

 

 

 


