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Abstract  30 

Understanding how community composition is reshaped by changing climate is important 31 

for interpreting and predicting patterns of community assembly through time or across 32 

space. Community composition often does not perfectly correspond to expectations from 33 

current environmental conditions, leading to community-climate mismatches. Here, we 34 

combine data analysis and theory development to explore how species climate response 35 

curves affect the community response to climate change. We show that strong mismatches 36 

between community and climate can appear in the absence of demographic delays or 37 

limited species pools. Communities simulated using species response curves showed 38 

temporal changes of similar magnitude to those observed in natural communities of fishes 39 

and plankton, suggesting no overall delays in community change despite substantial 40 

unexplained variation from community assembly and other processes. Our approach can 41 

be considered as a null model that will be important to use when interpreting observed 42 

community responses to climate change and variability. 43 

  44 



Introduction 45 

Understanding how community composition (identity and relative abundances of a set of 46 

species at a location) responds to changes in climate is important for interpreting and predicting 47 

community assembly in the past, present, and future (Walther et al. 2002; Blois et al. 2013b; 48 

Svenning & Sandel 2013; Maguire et al. 2015). Changes in community composition may not 49 

parallel climate change perfectly, however, and mismatches can appear between the observed 50 

composition and the composition expected from current climate conditions (Devictor et al. 2008; 51 

Bertrand et al. 2011; Blonder et al. 2017; Bowler & Böhning-Gaese 2017; Burrows et al. 2019). 52 

Where and when mismatches appear is an active research area, with a focus particularly on 53 

transient ecological dynamics and disequilibrium states driven by dispersal limitation, extended 54 

persistence times, and slow population growth (Svenning & Sandel 2013; Blonder et al. 2017; 55 

Bjorkman et al. 2018). Less clear, however, is whether and how the shape of species’ climate 56 

response curves contributes to community-climate mismatches.  57 

A climate response curve (CRC) describes a species’ expected density (or incidence) 58 

across climate conditions, and curve shapes differ substantially among species (Lillie & 59 

Knowlton 1897; Ehnes et al. 2011; Molnar et al. 2013; Hurford et al. 2019). Key differences 60 

include species’ preferred conditions (e.g., warm- or cold-adapted), the breadth of tolerance for 61 

climate variation, and the skewness of responses. Climate specialists, for example, have narrow 62 

tolerance, while generalists are more tolerant of change and variation (Somero 2012). In 63 

addition, many species experience an abrupt drop in performance at hot temperatures, resulting 64 

in a cold- (left-) skewed shape (Huey & Stevenson 1979; Amarasekare & Savage 2012; Hurford 65 

et al. 2019). However, skewness differs among species, including symmetric CRCs, depending 66 



on the climate responses of the component demographic processes (Ehnes et al. 2011; 67 

Amarasekare & Savage 2012; Molnar et al. 2013; Hurford et al. 2019). 68 

That different species perform best in different climates is a key link between climate 69 

change and community composition. For example, a common prediction and observation is that 70 

warm-adapted species become more common relative to cool-adapted species with increasing 71 

temperatures, or vice versa with cooling (Devictor et al. 2008; Bertrand et al. 2011; Blonder et al. 72 

2017; Bowler & Böhning-Gaese 2017; Burrows et al. 2019). Similar predictions apply for 73 

precipitation and other climate gradients (Muscarella & Uriarte 2016). Paleoclimate 74 

reconstructions are often based on the reverse principle of inferring climate from community 75 

composition (Brooks & Birks 2000). Distinguishing species as warm-adapted, cold-adapted, or 76 

otherwise associated with distinct climates reflects a focus primarily on the mean of a CRC, 77 

while overlooking important aspects like standard deviation (breadth) or skewness (Fig.1, panel 78 

A). 79 

When climate changes, community composition may also change through the decline or 80 

extinction of species now outside their climate niche, and the immigration or increase in density 81 

of other species whose niche better matches the new climate. These changes bring the mean 82 

climate niche of species in the community closer to matching climate. However, mismatches can 83 

also develop. Mismatches are measured as the difference between the average species niche and 84 

climate conditions (Blonder et al. 2017). A small or zero mismatch suggests high abundance for 85 

many species in the assemblage, since many will be close to their optimal conditions (Svenning 86 

& Sandel 2013). In contrast, a large negative mismatch implies a higher risk of dramatic 87 

compositional change if climate (e.g., temperature) increases because many species are already 88 



close to their upper climate tolerance, while a large positive mismatch implies more vulnerability 89 

to decreasing climate values (Stuart-Smith et al. 2015). Although mismatches are often referred 90 

to as lags, we reserve “lags” for transient (non-equilibrium) patterns, noting that mismatches can 91 

be but are not necessarily transient. 92 

Demography and transient dynamics are one explanation for community-climate 93 

mismatches. Rapid colonization, extirpation, and population growth help create zero-mismatch 94 

responses, whereas limited dispersal, long persistence times, slow population growth, and limited 95 

species pools can explain large mismatches (Hampe & Petit 2005; Devictor et al. 2008; Bertrand 96 

et al. 2011; Svenning & Sandel 2013; Blonder et al. 2017). Limited dispersal and extended 97 

persistence may explain larger mismatches in lowland as compared to mountain plants (Bertrand 98 

et al. 2011). The implication of most demographic lag explanations is that community-climate 99 

mismatches eventually shrink in the absence of further climate changes (Devictor et al. 2012; 100 

Svenning & Sandel 2013).  101 

Other evidence, however, suggests that community-climate mismatches arise even with 102 

rapid demographic processes. Climate generalists, for example, are poor paleoclimatic indicators 103 

because they occur at a wide range of temperatures (Brooks & Birks 2000). Even at 104 

macroecological scales over which communities are more likely in equilibrium with climate, 105 

spatial patterns in community composition are non-linear and often biased above or below local 106 

climates (Stuart-Smith et al. 2015). Most tropical marine communities, for example, have 107 

negative thermal biases because the constituent species distributions are centered in cooler 108 

environments (Stuart-Smith et al. 2015). Community turnover can depend non-linearly on 109 



temperature, even for marine species with rapid colonization and extirpation (Flanagan et al. 110 

2019). Whether the shape of CRCs can explain such non-transient mismatches remains unclear. 111 

Growing research on community-climate mismatches and the diversity of interpretations 112 

suggests the need for theory to set expectations and link mechanisms to patterns. Here, we 113 

develop theory to understand when the shapes of CRCs can—by themselves—create 114 

community-climate mismatches. Previous theory has linked traits to community assembly 115 

(Norberg et al. 2001; Beaugrand et al. 2015), but while simulations can suggest relationships 116 

(Burrows et al. 2019), general expressions linking CRC features (e.g., mean, standard deviation, 117 

and skewness) to community-climate mismatches have been lacking. We focus our theory on 118 

instantaneous processes, noting that inference about demographic lags is strengthened by 119 

eliminating alternative explanations such as CRC shape. We find that community-climate 120 

mismatches can appear even without demographic lags and that sensitivity to climate is strongly 121 

affected by CRC standard deviation and skewness. We also evaluate the ability of CRCs to 122 

predict observed changes in fish and plankton assemblages and find that simulations without 123 

temporal lags correctly predict the average magnitude of observed change through time, 124 

suggesting a lack of systematic delay. The empirical data also confirm our prediction that 125 

communities with greater climatic diversity have greater climatic sensitivity. As expected, 126 

however, the no-demography simulations alone are not able to capture all the phenomenology in 127 

empirical communities. 128 

 129 



Methods 130 

Theory 131 

We examined community assembly from a pool of N species (Fig.1, left). Each species i 132 

had a CRC, fi(T), that defined the density expected at climatic condition, T (see Table S1 for 133 

variable and parameter definitions). These curves could alternatively define species incidence, 134 

and are sometimes called realized niches (Deutsch et al. 2008; Stuart-Smith et al. 2015). Our 135 

theory generalizes across climate conditions, including temperature, precipitation, oxygen, 136 

salinity, pH, etc. 137 

Regardless of shape, a CRC is defined by its mean (i) and standard deviation (i.e., species 138 

climatic breadth, σi). For example, cold-/dry-adapted species have low i, whereas warm-/wet-139 

adapted species have high i; specialists have small σi whereas generalists have large σi (Fig.1A-140 

S1a). We also distinguish between symmetric and skewed fi(T). For the symmetric case, 141 

skewness λ=0. For non-zero skewness, we assumed left-skewed distributions (λ<0) typical of 142 

ectotherm responses to temperature (Huey & Stevenson 1979; Hurford et al. 2019). We used 143 

generic parameters ξi and ωi to define location and scale, which are related to the mean and 144 

standard deviation by (Azzalini & Capitanio 2014):  145 
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For λ=0, this formula reduces to the normal distribution (Eqs.(1)-(2)):  148 

𝑓 (𝑇) =
1

2𝜋𝜎

𝑒

( )

 (4) 

 149 

Each community resulted from sampling species from a pool characterized by a Gaussian 150 

distribution of i values centered at Φ with standard deviation (i.e., pool breadth) Θ (Fig.1B). 151 

Large Θ reflect pools with a wide diversity of species or open to rapid immigration. Rapid 152 

immigration in this case can include rapidly expanding species ranges. Closed and limited pools 153 

have small Θ. For each pool and a fixed λ, communities of N species were generated from N 154 

different (ξi, ωi) sets from the pool distribution and Eqs.(1)-(2).  155 

We calculated the community climate index, μ(T), (CCI hereon) as the average of 156 

midpoints weighted by species density at a given climate:  157 

𝜇(𝑇) =
∑ 𝑓 (𝑇) 𝜏

∑ 𝑓 (𝑇)
 (5) 



The contribution of low-density species to CCI is negligible compared to species with high 158 

density. Our μ(T) is, thus, a weighted version of the inferred climate of the community, C(t) 159 

defined in Blonder et al. (2017), also called the Community Temperature Index (CTI) if T is 160 

defined as temperature, although authors differ in using abundance vs. incidence for fi(T) and in 161 

using the mean, mode, or median of fi(T) in place of i (Devictor et al. 2008; Bertrand et al. 162 

2011; Stuart-Smith et al. 2015; Blonder et al. 2017; Burrows et al. 2019; Flanagan et al. 2019).  163 

We defined the community climatic diversity, α(T) (elsewhere termed Community 164 

Thermal Diversity in the case of temperature, Burrows et al. 2019), as the weighted standard 165 

deviation of the CRC midpoints:  166 

𝛼(𝑇) =
∑ 𝑓 (𝑇) (𝜏 − 𝜇(𝑇))

∑ 𝑓 (𝑇)
 (6) 

In addition, we examined the sensitivity of CCI to changes in climate, that is, the slope of 167 

μ in relation to climate:  168 

𝑠 (𝑇) =
𝑑𝜇(𝑇)

𝑑𝑇
 (7) 

A value 𝑠 = 1 means that the CCI changed as much as the environment. If a community has no 169 

mismatch, 𝑠 ≠ 1 implies that a mismatch will appear if the climate changes. The community-170 

climate mismatch can be defined explicitly as Λ(𝑇) = 𝜇(𝑇) − 𝑇, termed “community climate 171 

lag” by Blonder et al. (2017) or “thermal bias” by Stuart-Smith et al. (2015). Note that our 172 

theory assumed instantaneous responses to climate, and thus any 𝑠 ≠ 1 or Λ ≠ 0 was not caused 173 

by transient ecological dynamics. 174 



We also measured biodiversity using the Shannon index (Shannon 1948), which accounts 175 

for both the number and evenness of species: 176 

𝑏(𝑇) = 𝑓 (𝑇) log [𝑓 (𝑇)] (8) 

 177 

We used numerical simulations to allow climatic breadth σi to vary among species, 178 

averaging over 1,000 replicates. The σi were uniformly distributed in (0,σMAX=2σ] to ensure a 179 

mean σMAX/2=σ. We also simulated the simpler scenario with σi =σ for all i. For both cases, we 180 

calculated CCI 𝜇(𝑇), mismatch Λ(𝑇), community climatic diversity 𝛼(𝑇), and sensitivity 𝑠 (𝑇). 181 

We also deduced analytical expressions for Eq.(7) for symmetric and skewed CRCs when σi=σ 182 

for all i. Finally, we explored the role of community size (number of species, N, see table S1), 183 

which we hypothesized would constrain assemblage diversity and have a role similar to that of 184 

pool breadth, Θ. 185 

Data analysis of spatial and temporal patterns 186 

We compared observed CCI changes across space or across time in natural communities 187 

with simulated changes derived solely from CRCs and climate (Fig.1, right). For these case 188 

studies, we focused on temperature. As with our theory, these simulations can be considered null 189 

models and do not consider demographic lags.  190 

We used five ocean community time series (see Burrows et al. 2019 for details): bottom 191 

trawl surveys around North America (National Marine Fisheries Service data in the Pacific, 192 



NMFSP, and in the Atlantic, NMFSA; Department of Fisheries and Oceans Canada, DFO) and 193 

around Europe (International Bottom Trawl Survey, IBTS) and plankton surveys across the 194 

North Atlantic (Continuous Plankton Recorder, CPR). The data was aggregated using a 2°×2° 195 

latitude-longitude grid, chosen for consistency with the earlier study and as a compromise 196 

resolution small enough to represent some local scale variation yet large enough to capture 197 

enough data to detect change in sparsely sampled regions. We calculated CRCs for each species 198 

by matching  1°×1° average annual sea surface temperatures (HadISSTv1.116) to distributions 199 

predicted from models fitted to observations in global biodiversity datasets (OBIS/GBIF) 200 

(Fig.1.1-3, Burrows et al. 2019 for details). We used annual instead of seasonal temperatures to 201 

help avoid the seasonal sampling bias of the ecological surveys. We used mean (Tmean), median 202 

(50th percentile, T50), upper (90th percentile, T90) and lower (10th percentile, T10) temperatures 203 

across the predicted distribution of each species to characterize CRCs (Fig.1.4).  We tested three 204 

CRC shapes: symmetric Gaussian (Eq.(4) with i=Tmean and σi =(T90–T10)/(21.282), because 205 

the 10th and 90th percentiles are 1.282σi away from the mean), fixed-skew Gaussian (Eq.(3) with  206 

λ=-2 and i and σi  derived from Eqs.(1) and (2) using ξi =T50 and ωi =(T90–T10)/(21.282)), and 207 

a species-specific skewed Gaussian (Eq.(3) with λi for each species i). The species-specific 208 

parameters (λi, i, and σi) were obtained by least-squares fitting to T10, T50 and T90 values. 209 

Species’ probability density functions were weighted by the proportion of samples in which each 210 

species occurred in the sampling scheme to provide CRCs for expected abundance (Fig.1.5). 211 

We used annual mean sea surface temperatures (T , HadISST) with the CRC shapes to 212 

generate expected abundance for every species in each 2°×2° grid cell for every year sampled 213 

(1985-2014). We calculated expected CCI (μ) for each survey and year from these simulated 214 

abundances (Fig.1.6). To examine CRC effects on community climate mismatch (Λ) across 215 



space, we compared time-averaged patterns in observed CCI with μ values simulated from time-216 

averaged SSTs in each 2°×2° grid. We assessed the CRCs ability to predict CCI sensitivity 217 

through time by comparing observed and simulated sμ(T) (Fig.1.7). We calculated sμ(T) from the 218 

ratio of the local temporal trend in observed or simulated CCI to the local temporal trend in 219 

temperature. We also calculated means of observed and simulated community climatic diversity 220 

(α) and average species breadth (). Data-poor years (<10 samples, <20 species records) were 221 

removed, as were trends from <10 years or with <25% of years sampled in either half of the time 222 

period. We evaluated with linear regression the relationships between trends in simulated and 223 

observed CCI using the number of years in each trend as a weight.  224 

Results 225 

Community-climate mismatch for Gaussian curves  226 

For simulations in which the CRCs were Gaussian and the pool was narrow (low Θ), 227 

predicted spatial patterns in CCI () showed a limited response to climate (Fig.S2). This pool 228 

limitation was not appreciable for Θ9. Thus, we focus the remainder of the theory on cases in 229 

which the pool was not a limiting factor. The resulting CCI matched the environment (no 230 

community-climate mismatch, Λ = 0) across a wide range of climatic values when the species 231 

climatic breadth was narrow (𝜎 ≤ 1) but diverged for wider breadth (Figs.2a,b,S2-S3). In 232 

addition, for low 𝜎, the cases with mixed climatic breadths were well approximated by assuming 233 

a single, common 𝜎 (Fig.2a,b). 234 

The range of climatic conditions without appreciable mismatches became more limited as 235 

species breadth increased (Fig.2a,b). As 𝜎 increased, CCI departed from the 1:1 line, despite 236 



instantaneous demographic responses to climate. Intuitively, when the community was formed 237 

by species with a wide climatic breadth (i.e. large 𝜎), they persisted far beyond their climatic 238 

midpoints (𝜏 ) and diluted the impact of new species on CCI. For larger 𝜎, the mixed and 239 

common species climatic breadth cases also diverged more from each other for very low or high 240 

climatic values. For large climatic values, the mixed climatic breadths case showed signs of 241 

saturation and showed larger mismatches than the fixed climatic breadth case (Fig.2a,b).  242 

Our simulations also allowed us to test whether our results were sensitive to the number of 243 

species in the species pool (see Supplementary Information, SI, Appendix B). Decreasing the 244 

number of species generally had an effect similar to that of decreasing pool breadth (Fig.S6).           245 

Community-climate mismatch for skew-normal curves 246 

Skewness ameliorated much of the community-climate mismatch by creating species 247 

CRCs with sharper peaks. We found that CCI remained close to the 1:1 line regardless of the 248 

species climatic breadth (Figs.2c,d,S4-S5). In addition, the simplification of assuming common 249 

𝜎s produced results quite close to the mixed breadths scenario.  250 

We found smaller effects of limited species pools in the skewed case as compared to the 251 

Gaussian case (Fig.S7). For communities with narrow species climate breadths, the community-252 

climate mismatch remained negligible across all pool breadths (Θ) for climate variable values 253 

above the species pool midpoint (T>), but it increased with smaller Θ for climate values T<. 254 

Similar to the Gaussian case, communities with fewer species had slightly larger community-255 

climate mismatches. 256 



Sensitivity of the community climate index 257 

For Gaussian CRCs and with a common σ across species, the sensitivity of the CCI is 258 

given by (see SI section A1):  259 

𝑠 (𝑇) =
𝛼 (𝑇)

𝜎
 (9) 

Therefore, the sensitivity of the community to changes in climate can be quantified simply using 260 

the community climatic diversity (𝛼) and the species climatic breadth (𝜎). Eq.(9) predicts that 261 

communities assembled from climate-specialist species (small 𝜎) or composed of species whose 262 

climate midpoints are dissimilar from the emergent CCI (high 𝛼) will be very sensitive to 263 

climate change (large change in CCI), whereas communities of climate generalists (large 𝜎) or of 264 

species with climate midpoints close to the emergent climate index (low 𝛼) will respond little to 265 

climate variation. Our simulations confirmed these patterns (Fig.2a,b). On the other hand, if a 266 

community initially has no community-climate mismatch (Λ = 0), either 𝑠 > 1 or 𝑠 < 1 (i.e. 267 

𝛼 ≠ 𝜎) would lead to mismatches (Λ ≠ 0) as climate changes. 268 

For skewed CRCs, we derived an approximate expression for the expected sensitivity, 269 

E[s(T)] (see SIA2 and Eq.(A29)) in terms of species-, community-, and pool-level parameters. 270 

For T=Φ, the expression reduces to:  271 

E 𝑠 (𝑇 = Φ) ≈
𝛼 (Φ)

𝜔
+

𝜆

𝜔

2

𝜋
Φ − 𝜇(Φ) +

2

𝜋

𝜔𝜆

√1 + 𝜆

√𝜔 +Θ

𝜔 + (1 + 𝜆 )Θ
 (10) 

The first term mimics the symmetric case (ratio of community diversity to species breadth), 272 

whereas the second term increases with the difference between CCI and the pool midpoint 273 



(), and with skewness 𝜆. This second term is modulated by the pool breadth Θ, species 274 

climatic breadth 𝜔, and skewness 𝜆. Thus, while the symmetric case is dominated by intra- and 275 

inter-specific variability, the skewed case also considers the degree of asymmetry and the 276 

difference between the average climatic response of the community and the expectation from the 277 

pool. 278 

The assumptions underlying Eq.(10) (see Appendix A) were checked a posteriori by 279 

comparing the analytical results with numerical simulations. The analytical expressions and 280 

associated behavior were valid for the case in which all species showed identical climate breath, 281 

𝜎 (Fig.2e,f). Our analytical approximation for climate sensitivity, however, started to break down 282 

if the number of species in the community was very low and/or if the community showed mixed 283 

climatic breadths (Figs.2e,f,S8-S9). Regardless of the skewness of the species CRC, s(T) was 284 

smaller for larger species climate breadths (Figs.2e,f,S8). The mixed and common climatic 285 

breadth cases showed very different curves, which results from small divergences in the slope of 286 

the CCI curves (Fig.2) but mostly from differences in community climatic diversity (Fig.S10). 287 

Biodiversity and the community-climate mismatch 288 

Biodiversity, as measured by the Shannon index, reached its maximum levels where the 289 

community had zero mismatch, regardless of whether the species had symmetric or skewed 290 

climate responses (Fig.3). Biodiversity decreased with increasing mismatch, regardless of the 291 

sign of the mismatch, although the loss rate (negative slope) was higher for intermediate 292 

mismatches than it was for large or small ones. The mixed species breadth cases showed similar 293 

patterns to the fixed-𝜎 cases (Fig.3). 294 



Spatial community-climate mismatch for observed and simulated communities 295 

The ecological surveys contained species with climatic breadths (σ=1-11°C for 296 

temperature, Fig.S11). These empirical communities showed that CCI broadly increased across 297 

spatial gradients of temperature, as it did for the simulated communities (Fig.4a-c). No single 298 

shape for the CRC was a dramatically better predictor of spatial trends in CCI, although 299 

simulations with fixed-skew shapes were somewhat poorer (R2=0.81 for observed versus 300 

simulated μ, Fig.4) than symmetric Gaussian shapes (R2=0.88) or shapes with species-specific 301 

skew (R2=0.86).  For both observed and simulated communities, community-climate mismatch 302 

(Λ) was generally positive at lower temperatures (climate variable in our data example) and 303 

negative towards higher temperatures (Fig 4e-f).  304 

Temporal sensitivity of the community climate index for observed and simulated communities 305 

Simulated temporal sensitivity varied substantially among locations (Figs.5a, Fig.S13a), 306 

ranging from ~0 to ~2 for the fixed-skew Gaussian shape, similar to the range of theoretical 307 

predictions (Fig.2e,f) but across a narrower range than observed empirically (Fig.5b, S13b). 308 

Other curve shapes had less variability in predicted sensitivities (Fig.5a). In line with theoretical 309 

expectations (Fig.2), the sensitivity of the observed CCI was positively related to community 310 

climatic diversity,  (Fig.5c, Table 1).  311 

The Gaussian (R2=0.26) and species-specific skew Gaussian (R2=0.25) curves were better 312 

predictors of temporal changes in CCI than the fixed-skew Gaussian (R2=0.18), although the 313 

differences were relatively small (Table 1, Fig.S12). Intercepts estimated for the regression were 314 

nearly zero (Table 1). Both the Gaussian and species-specific skew Gaussian curves predicted 315 



community changes on average of the correct magnitude (i.e., close to the observed changes and 316 

with a coefficient near one), suggesting a lack of substantial temporal lags in the observed 317 

communities. However, the fixed-skew Gaussian over-predicted community changes 318 

substantially (Table 1, Fig.S12). The added complexity of species-specific skewed shapes did not 319 

produce better predictions than the simple Gaussian shape. All three shapes left substantial 320 

unexplained variation in rates of temporal trends among different assemblages. 321 

Discussion 322 

With increasing attention focused on community responses to climate change, theory is 323 

important for setting baseline expectations. Here, we developed theory to link the shape of 324 

species climate response curves (CRCs) to the degree of community composition responses. Our 325 

results delineated cases in which community composition can develop large community-climate 326 

mismatches even in the absence of demographic lags or other transient dynamics. Communities 327 

composed of many species with narrow climatic breadths or with widely different climate optima 328 

are expected to have compositional change that corresponds to environmental change most 329 

closely, while communities with wide climatic breadth species will likely develop the largest 330 

mismatches. In our null theory, this occurs because species with narrow climatic breadth can 331 

only survive close to their CRC midpoint.   332 

Our results do not preclude the importance of demographic lags and other transient 333 

community dynamics, which can create even larger mismatches between community 334 

composition and observed environment. There are now many empirical observations of 335 

communities that did not change as much as expected from changing climate (Devictor et al. 336 

2008; Bertrand et al. 2011; Devictor et al. 2012; Blonder et al. 2015; Burrows et al. 2019; 337 



Flanagan et al. 2019). Often, these observations have been interpreted as evidence for 338 

demographic lags from slow dispersal or long generation times (Devictor et al. 2008; Bertrand et 339 

al. 2011; Blonder et al. 2017). However, as shown here demographic lags are not necessary to 340 

explain all mismatches. Thus, understanding the amount of expected community change in the 341 

absence of such lags provides a stronger baseline for interpreting when and where demographic 342 

lags and other factors are important. Our theoretical results suggest that some communities will 343 

develop community-climate mismatches simply as a result of the species CRCs shape. Therefore, 344 

stronger inference of transient dynamics requires evidence that communities change composition 345 

more slowly than expected from the rate of environmental change and the instantaneous response 346 

scenario we present here. 347 

Many CRCs are skewed, particularly for temperature (Hochachka & Somero 2002; 348 

Deutsch et al. 2008). This species-level asymmetry affects community assembly. Communities 349 

composed of species with more skewed CRCs are expected to be more sensitive to 350 

environmental change and less likely to have community-climate mismatches. This effect 351 

appeared in part because such communities were composed of a few species with climate optima 352 

close to the environment and many rare species with climate optima far away. These rare species 353 

helped drive community turnover with environmental change. Communities with mixed species 354 

climatic breadth were more sensitive than their common- counterparts for low climatic 355 

diversity levels, but were similar for high diversity levels (which corresponded to wide pool 356 

breadths). In addition, our approximate expressions for the sensitivity of CCI to climatic change 357 

remained reasonably accurate except for very species-poor pools. Our expressions were limited 358 

to cases in which the  s in the community are similar or the pool breadth is high. Therefore, our 359 



expressions provide a straightforward approach that, for specific cases, can approximate the 360 

sensitivity of the community using the climate response traits of the component species. 361 

Our results can be helpful in the interpretation of contemporary and paleoecological 362 

community composition changes, the popular Community Temperature Index (CTI), and in the 363 

inference of climate from community composition in paleorecords. Because demographic lags 364 

are also likely to be important in many systems, our approach can be used to set a baseline 365 

expectation against which more complex community lags and dynamics can be tested (Burrows 366 

et al. 2019; Flanagan et al. 2019). Basic characteristics of species CRCs and the species pool can 367 

be used to understand whether community-climate mismatches are likely to arise even from 368 

instantaneous species climate responses. The intuition gathered from information on species 369 

climate breadth and skewness can then help researchers understand whether more detailed and 370 

system-specific modeling is warranted.  371 

Our construction of system-specific simulated communities using the CRCs of individual 372 

species in the regional pool in place of the general parameters of our analytical solutions 373 

(Blonder et al. 2015; Flanagan et al. 2019) replicated a number of the broad patterns in 374 

community responses to temperature, including the average magnitude of community changes 375 

through time, and the decreased sensitivity of communities with lower community climatic 376 

diversity (𝛼). However, these simulations also revealed limits in explaining empirical patterns. 377 

Thus, although important aspects of community assembly can be explained by predictions from 378 

species response curves, these limitations suggest important roles for species interactions or a 379 

diversity of demographic lags across species (Svenning & Sandel 2013, Sanin & Anderson 2018, 380 



Ettinger & HilleRisLambers 2017) and other factors driving aspects of community change 381 

(Blonder et al. 2017). 382 

Although the theory was motivated in terms of climate change through time, community 383 

change occurs both through time and across space in response to variation in climate (Stuart-384 

Smith et al. 2015; Blonder et al. 2017; Flanagan et al. 2019). In the latter case, space can be 385 

expressed horizontally or across elevation or depth gradients. Our results are relevant to all of 386 

these cases. If species climatic breadth or skewness drive the appearance of mismatches between 387 

community composition and the environment, the same mismatches can appear through time or 388 

across space (in the absence of other factors driving community assembly). Our empirical results 389 

revealed a closer match between our simulations for spatial than for temporal patterns, 390 

suggesting greater equilibrium between community composition and climate across space than 391 

through time. In cases where species climatic breadth is unknown (e.g., if only species climatic 392 

midpoints are known), evaluating community climatic indices (like CTI) across space can 393 

provide an initial assessment for whether such factors may be important (Devictor et al. 2012). 394 

More generally, space-for-time substitutions can be useful for predicting community 395 

compositional changes in response to environmental change (Blois et al. 2013a), but should be 396 

applied carefully and fail in some cases (Bjorkman et al. 2018). 397 

Response diversity is the idea that species respond to environmental change in different 398 

ways (Elmqvist et al. 2003). Our metric of pool climatic diversity (Θ) measured this concept at 399 

the metacommunity level, while our metric of community climatic diversity (α) measured this 400 

within local communities. For both metrics, greater response diversity was associated with closer 401 

match to the environment by the community. However, greater response diversity across 402 



individuals within species would appear as wider species climatic breadths, and hence was 403 

instead associated with weaker environmental matching by communities. A greater capacity for 404 

individual acclimation or evolution in response to changing climates would also appear as wider 405 

species climatic breadths and, therefore, weaker environmental matching by communities. These 406 

insights highlight the importance of a clear definition of diversity and the level of biological 407 

organization when discussing links between diversity and climate responses. 408 

Our theory clarifies how community composition influences the ability of the community 409 

to turn over in response to environmental change. In this way, our theory complements other 410 

research illustrating how land use or fishing can also drive changes in CTI if species sensitivity 411 

to land type or fishing is correlated with species thermal tolerances (Kampichler et al. 2012; 412 

Bowler & Böhning-Gaese 2017). Our theory also shares with the MacroEcological Theory on the 413 

Arrangement of Life (METAL, which states that climate and environment determine species 414 

assembly within local communities, (Beaugrand 2014)), and with other theories for global 415 

biodiversity (Worm & Tittensor 2018), the application of ecological niche theory (encapsulated 416 

in our CRCs) to understand community assembly across space and time. However, our theory 417 

expands these previous applications to consider species and pool breadth, and their impacts on 418 

changes in CCI. 419 

Our theory intentionally contains a number of simplifications that assist with analytical 420 

tractability and ecological generality, but that depart from specific real-world scenarios. For 421 

example, we assumed a unimodal species pool, which is an oversimplification in some cases, as 422 

e.g. niche partitioning (Magnuson et al. 1979) or the geography of evolutionary hotspots 423 

(Jablonski et al. 2013) may create multimodality. In such cases, community climate diversity 424 



will be especially large and may generate community climate sensitivities 𝑠 > 1 (see Eq.(10)). 425 

We observed 𝑠 > 1 in many of our simulations based on empirical species pools. Accounting 426 

for the CRCs of the particular species in a given community through simulations can therefore 427 

help reveal when such responses are to be expected (Blonder et al. 2015; Flanagan et al. 2019); 428 

although our analytical expressions would not be directly applicable, they would still provide an 429 

initial assessment of climate sensitivity. Similarly, our theory did not consider multimodal CRCs, 430 

occasionally observed in survey data (Lenoir et al. 2011), which would produce more complex 431 

responses than simulated here. We also did not consider evolution or plasticity, which—to first 432 

order—have the effect of creating species with wider CRCs. In our theory, this would be 433 

equivalent to species with larger 𝜎 (or a larger mixture of 𝜎s) within the community, and 434 

therefore the results we obtained for these cases may provide a first approximation for the effects 435 

of plasticity and evolution. Finally, our theory does not explicitly consider immigration of new 436 

species into the species pool, but this can be considered implicitly as a species pool with larger 437 

Θ.  438 

It is imperative to understand the processes driving the changes in community 439 

composition that emerge in response to climate change and variability. Community-climate 440 

mismatches often appear, but some of these mismatches may be created by wide or symmetric 441 

species CRCs rather than by demographic lags. Both instantaneous and transient dynamics of 442 

individual species are important, but inference about the relative importance of these processes 443 

will be stronger when based on clearly articulated theoretical expectations. Our results offer the 444 

required baseline to evaluate or predict the instantaneous response of the community. 445 
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Table 1. Ability of different species response curves to predict temporal trends in CCI (μ), as 450 

shown by fitting regressions to observed trends using simulated trends as predictors (n=212 451 

trends in 2° latitude×2° longitude grid cells). Regressions without and with an intercept are both 452 

shown. SE refers to standard error. 453 

 454 

 Observed trend versus simulated trend 
Shape R2 Adjusted R2 Intercept SE Slope SE 
No-intercept regression  
Gaussian 0.282 0.279   0.889 0.098 
Skewed Gaussian by species 0.260 0.256   0.917 0.107 
Skewed Gaussian fixed shape 0.170 0.166   0.441 0.067 

With-intercept regression  
Gaussian 0.121 0.117 0.0046 0.0028 0.733 0.136 
Skewed Gaussian by species 0.100 0.096 0.0058 0.0028 0.708 0.146 
Skewed Gaussian fixed shape 0.030 0.025 0.0084 0.0035 0.226 0.088 
 455 

 456 

 457 

  458 



 

Figure 1: Main steps followed for the analysis of models (left) and data (right), as well as which 

figures represent the results corresponding to each analysis. Left: We constructed a community 

of N species each with their corresponding Climate Response Curves (CRC, panel A) by 

randomly selecting the CRC means―and standard deviations in the mixed-breadth case― from 

a given pool of species (panel B). Using those CRCs and Eqs.(5)-(8), we calculated the emergent 

community metrics (panel C). See also Fig.S1 for different examples of communities, and Table 

S1 for parameter and variable definitions. Right:  Steps in the calculation of empirically derived 

Community Climatic Index, μ(T), with corresponding expected μ(T) from abundance based on 



CRCs for the same temperature changes. Comparison of trends in empirical and theoretical μ(T) 

relative to temperature trends allows evaluation of observed sensitivity to climate sμ(T) in 

observed and CRC-simulated communities.  
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Figure 2: (a) CCI (μ) as a function of climate for Gaussian species response curves, fi(T) 

(Eq.(4)), for several levels of species climatic breadth  and pool breadth is fixed to Θ=9, for 

the common breadth case (solid lines) and mixed species breadth case (dashed lines, for 

which the maximum breadth value is  σ = 2σ). (b) Mismatch for the same cases. (c, d) 

(c) (d) 

(e) (f) 

(a) (b) 



as (a, b) using skewed Gaussian species response curves with λ=-10. The dotted line 

represents the community’s no-mismatch response to the environment, i.e., a CCI that equals 

the environment. (e, f) Sensitivity of the CCI to changes in climate for several degrees of 

skewness (λ) in the species CRC. Each pair (, s) resulted from simulations with different 

values of pool breadth (Θ). Solid lines are results from assuming a common species climate 

breadth, and dashed lines represent simulations with mixed species climate breadth. Points 

depict the curves obtained with Eq.(10). For all curves in (e), σ /2 = σ = 1; for all 

curves in (f), σ /2 = σ = 9. For all panels, the midpoint of the pool is Φ=15,.  and all 

simulations considered N=1,000 species and were averaged over R=1,000 replicates. See 

Table S1 for parameter and variable definitions. 
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Figure 3: Plot of Shannon diversity as a function of mismatch for (a) Gaussian and (b) skewed 

Gaussian (λ=-10) species response curves with fixed (solid lines) and mixed (dashed lines) 

species breadths. Several levels of species climatic breadth (with σ /2 = σ) are shown for 

pool breadth Θ=9. 
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Figure 4:  Observed spatial patterns of CCI (μ) for average temperatures (SST) at survey 

locations for community sampling programs along with simulated μ using (a) Gaussian, (b) 

fixed-skew normal and (c) species-specific skewed Gaussian response curves. (d-f) Community-

climate mismatch Λ associated with μ in (a-c).  Lines show simulated CCI at survey location 

temperatures. Circles for observed CCI values are scaled to the number of surveys at each 

location. R2 values for each shape type refer to the relationship between observed and simulated 

μ for all species pools.  
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Figure 5: Sensitivity 𝑠  of CCI (μ) to local temperature trends from empirical communities 

presented as (a) boxplots of simulated values using different forms of species response curves, 

with horizontal dashed lines indicating the average observed sensitivity of trends for each species 

pool. (b) Sensitivity of observed CCI. (c) Changes in observed sensitivity with climatic diversity 

(𝛼) (regression in Table 1); points show the ratio of trends in μ to the local trend in temperature 

in 2°×2° grid cells for different species pools.  
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