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Synthesis

Climatic warming is a primary driver of change in ecosystems worldwide. Here, we synthesize responses of species richness
and evenness from 187 experimental warming studies in a quantitative meta-analysis. We asked 1) whether effects of
warming on diversity were detectable and consistent across terrestrial, freshwater and marine ecosystems, 2) if effects on
diversity correlated with intensity, duration, and experimental unit size of temperature change manipulations, and 3)
whether these experimental effects on diversity interacted with ecosystem types. Using multilevel mixed linear models
and model averaging, we also tested the relative importance of variables that described uncontrolled environmental
variation and attributes of experimental units. Overall, experimental warming reduced richness across ecosystems (mean
log-response ratio  –0.091, 95% bootstrapped CI: –0.13, –0.05) representing an 8.9% decline relative to ambient
temperature treatments. Richness did not change in response to warming in freshwater systems, but was more strongly
negative in terrestrial (–11.8%) and marine (–10.5%) experiments. In contrast, warming impacts on evenness were neutral
overall and in aquatic systems, but weakly negative on land (7.6%). Intensity and duration of experimental warming did
not explain variation in diversity responses, but negative effects on richness were stronger in smaller experimental units,
particularly in marine systems. Model-averaged parameter estimation confirmed these main effects while accounting for
variation in latitude, ambient temperature at the sites of manipulations, venue (field versus lab), community trophic type,
and whether experiments were open or closed to colonization. These analyses synthesize extensive experimental evidence
showing declines in local richness with increased temperature, particularly in terrestrial and marine communities. However,
the more variable effects of warming on evenness were better explained by the random effect of site identity, suggesting that
effects on species’ relative abundances were contingent on local species composition.
A global research priority is to understand the consequences of climate change for biodiversity. A growing
number of experimental studies have manipulated climatic drivers, in particular changes in temperature, in
local communities. In the first quantitative meta-analysis of community-level studies across freshwater, marine
and terrestrial experiments, species richness declined consistently with experimental warming. This effect was
insensitive to warming intensity, duration, and multiple environmental and procedural covariates. However,
evenness responses were weakly negative only in terrestrial systems and more variable across ecosystem types.
Linear mixed model analyses revealed that the identity of local sites explained nearly 50% of variance in evenness effect sizes, compared to only 10% for richness. This result provides evidence that local species composition
strongly constrains changes in relative species abundances in response to warming.

Climatic warming is a major driver of change in ecosystems
worldwide. Shifts in species ranges, phenology, and relative
abundances, with resulting changes in species interactions,
This work is licensed under a Creative Commons Attribution 4.0
International License (CC-BY) < http://creativecommons.org/
licenses/by/4.0/ >.
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are predicted to alter local biodiversity within ecosystems
(Dawson et al. 2011). At the organismal level, metabolic,
behavioral, or evolutionary mechanisms may drive population responses to altered temperatures, including changes
in body size or dispersal and range expansion in pace with
the changing environment (Parmesan 2006, Bell and
Gonzalez 2009, Lavergne et al. 2010, Gardner et al. 2011,

Urban et al. 2012, Reuman et al. 2014). Community-level
responses are more complicated, as changing temperature
may differentially favor the vital rates or demographic attributes of some species while penalizing others (Elmendorf
et al. 2012). The magnitude or sign of species interactions
also may change, thereby disrupting mutualisms, trophic
interactions, competitive hierarchies, and ultimately species
coexistence (Gedan and Bertness 2009, Zarnetske et al.
2012, Blois et al. 2013, Sorte and White 2013, Sentis et al.
2014).
Long-term observational data have been highly informative in connecting changing climatic means, variability,
and timing of events or phenology with species geographical
distributions over time (Blenckner et al. 2007, Wischnewski
et al. 2011, CaraDonna et al. 2014). Paleo-ecological reconstructions and climate-envelope niche modeling efforts,
matching past and present climatic regimes with species
distributions, often form the basis for projections of
population and community responses and the future of biodiversity (Ibáñez et al. 2006, Thuiller et al. 2008, Roberts
and Hamann 2012, Maguire et al. 2015). A clear advantage of these approaches is that the large-grained spatial and
temporal projections scale to variation in climatic stressors
that may alter species geographic distributions. However,
species distribution modelling does not in general account
for interspecific biotic interactions (but see Trainor et al.
2014), which is a strength of community-level experimentation. Moreover, many factors covary with temporal trends
in temperature that compromise attempts to infer causality
(Tylianakis et al. 2008, Dawson et al. 2011), and models
produced with incomplete occurrence records may generate truncated bioclimatic niche spaces, unstable response
functions, and systematic prediction errors (Hannemann
et al. 2016). Efforts to then integrate species distribution
models with downscaled climate projections, extended to
the community level, are still under development (Baselga
and Araújo 2009, Maguire et al. 2015). Such approaches
must be complemented with experimental manipulations of
climatic variables to test alternative mechanistic hypotheses
for biodiversity change in local communities (Shaver et al.
2000, Petersen et al. 2009).
Controlled tests that evaluate the role of predicted future
temperatures in mediating diversity have been implemented
in different environments as sustained warming experiments
in field (Klein et al. 2004) and laboratory settings (Petchey
et al. 1999). The results of these studies reveal variable,
context-dependent, and heterogeneous outcomes in space
and time, necessitating efforts to synthesize patterns and
generate hypotheses across systems (Elmendorf et al. 2012).
Recent meta-analyses of warming experiments have analyzed
broad trends in responses of terrestrial plant growth and
ecosystem carbon balance (Wu et al. 2011), soil ecosystem
fluxes (Rustad et al. 2001), abundance of belowground biotic
groups (Blankinship et al. 2011), and the relative performance of co-occurring native and non-native species across
aquatic and terrestrial systems (Sorte et al. 2013). Syntheses
from experimental studies in the Arctic tundra biome show
consistent negative impacts of experimental warming on
richness and evenness of plant communities, but with effects
contingent on species composition, functional diversity, and
a suite of environmental variables including soil moisture

(Walker et al. 2006, Elmendorf et al. 2012). To date, we lack
a systematic quantitative assessment of empirical results that
characterize effects on biodiversity across globally distributed
experiments and systems.
Here, we synthesize evidence for the effects of warming on
community diversity (richness and evenness) in a meta-analysis of 187 experimental temperature manipulation studies
across freshwater, marine and terrestrial ecosystems. In particular, we asked 1) whether increased temperatures impacted
community species richness and evenness differentially
across ecosystem types, 2) if effects on diversity increased as
a function of increasing intensity, duration, and unit size of
temperature change manipulations, and 3) whether these
experimental effects on diversity interacted with ecosystem
types. We expected stronger, more negative effect sizes with
larger mean temperature change, over longer study durations,
and in smaller experimental units. Beyond these hypotheses
tests, we used model selection and model averaging to assess
the relative importance of categorical and quantitative variables extracted from the literature to describe habitat, organismal types, and a range of procedural covariates.

Methods
Data extraction
We assembled the results from 187 separate experiments
worldwide (Supplementary material Appendix 1 Fig. A1),
extracted from 72 publications and three unpublished
datasets that evaluated the effects of increased temperature on species richness (n  169 experiments) or evenness
(n  121 experiments); many studies reported both richness
and evenness. Experiments were identified with literature
searches (Web of Science and Google Scholar) using the
search string ‘(temperature or warming) AND (diversity
or evenness or richness) AND (experiment* or mesocosm*
or manipul*)’. We also followed relevant literature trails
from each paper to identify as many experiments as possible through 2015. A study was included if it contained a
sustained temperature manipulation treatment with a corresponding control in a replicated design. When studies used
repeated measures designs, a priori we used the endpoint
of the time series and did not retain the intermediate time
points for analyses. We excluded studies with temperature
manipulation (ΔT) in excess of 6°C, as these exceed even the
most extreme projections for global temperature increases by
the end of the 21st century (Stocker et al. 2013). In studies
that reported manipulations at multiple temperatures, we
used the greatest difference from ambient control temperature (where ΔT  6°C). Although it is important to recognize
that increases in both mean temperatures and in temperature
variability (e.g. heat waves, freeze events) are predicted by
global change models (Stocker et al. 2013), many studies
did not explicitly manipulate or report temperature variance
estimates that could be used in the analyses.
We used the log-response ratio as our effect-size metric for
temperature effects on species richness (Ŝ) and evenness (Ê):
S 
S = In  1 
 S0 

(1)
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E 
(2)
Ê = In  1 
 E0 
where the effect size is defined as the natural log of the ratio
between the richness (S) or evenness (E) at the experimentally warmed temperature (S1 or E1, respectively) and S or
E at the baseline ambient temperature (S0 or E0, respectively). The log-response ratio is one of the most robust and
widely used metrics in ecological meta-analyses (Hedges et al.
1999). Unlike Hedge’s d (another commonly used metric),
the log-response ratio does not require a measure of sample variability, which allowed the retention of many studies
that did not report comparable variances. Furthermore, the
log-response ratio is easily interpretable (it represents the
proportional change in the response variable, relative to
controls), it shows the least bias of the commonly used effect
size metrics, and its sampling distribution approximates
normality (Hedges et al. 1999).
We endeavored to include as many disparate studies as
possible across different ecosystems, while recording biotic
and methodological covariates in order to better understand cross-systemic variation (Englund et al. 1999). Thus
we collected data from each study on environmental variables and experimental conditions (sample sizes (n) refer to
all studies including richness, evenness, or both responses,
n  187) that may mediate any warming effects on diversity.
Beginning with categorical variables, we hypothesized that
warming effects differed between broad types of ‘ecosystem’,
which were categorized as terrestrial (n  123 experiments),
marine (n  28) or freshwater (n  36). We classified studies
by the primary trophic axis of the measured ‘trophic type’,
whether producers (n  110) or consumers (n  77). Only
in three studies were data for producers and consumers presented together in aggregate diversity measurements, all for
invertebrates and algae in rocky intertidal communities. For
analyses, these studies were grouped with ‘consumer’ communities because responses to experimental warming were
attributed by the authors largely to the invertebrates (Kordas
et al. 2015). Within communities, we recorded the dominant ‘biotic type’ as follows: within marine and freshwater
studies, focal biota were either algae (phytoplankton, periphyton or macroalgae, n  29) or aquatic fauna (n  34,
primarily invertebrates, with two protist studies and one
study of juvenile fish). Terrestrial experiments documented
responses of vascular plants (n  66), cryptogams (n  21,
including lichens, mosses, fungi), arthropods (n  26), or
soil fauna (n  11). And we grouped studies into ‘habitat’
categories; aquatic studies mapped as benthic (n  22),
pelagic (n  33), or in running waters (n  9), and terrestrial experiments were classified into grassland or herbaceous (n  52), shrubland (n  15), tundra (n  31), and
soil habitats (n  25). We characterized the study ‘venue’
as field (n  140) or laboratory (n  47) experiments to
compare studies embedded in situ with those performed
under more controlled artificial conditions. We anticipated
differences between experiments that were open (n  126)
or closed (n  61) to dispersal of organisms (‘openness’). A
local extinction within a closed system may not be reversible,
whereas new propagules or species are more likely to enter
open systems. The temperature apparatus or ‘manipulation’
was scored as either climate chambers (n  13), greenhouses
10

(closed top, n  6), reflective covers (n  6), open top
chambers (n  56), or direct heating (n  106).
We also obtained information on five continuous explanatory variables from each study. We hypothesized that both
the environmental mean ambient temperature (°C; ‘ambient
T’) and the experimentally induced divergence in temperature (°C; ‘ΔT’) could mediate the sign and magnitude of
warming effect sizes. Therefore, we extracted ambient temperatures reported in original publications during the course
of the study. For aquatic ecosystems, ambient temperature
was taken as the mean water temperature observed during
experiments, and we used mean air or soil temperature, as
appropriate to the study, for the terrestrial experiments.
Furthermore, we obtained information on the ‘latitude’
(absolute value °N or °S), the ‘duration’ of the experiment
(in days), and the size of the total experimental temperature
manipulation unit (experiment size, as surface ‘area’ in m²).
Extracted data from all experiments included in the metaanalysis are presented in full with corresponding citations
in Supplementary material Appendix 1 Table A1 (see also
Gruner et al. 2016).
Statistical analysis
We first calculated grand mean effect sizes across all studies
for Ŝ and Ê with their bootstrapped 95% confidence intervals (CI) using the boot package (Canty and Ripley 2014)
in R software, ver. 3.2.3 (< www.r-project.org >). We also
obtained separate mean effect sizes and 95% bootstrapped
CIs for ecosystem types (marine, terrestrial and freshwater)
and for each level of categorical predictors. Bootstrapped
CIs not overlapping zero indicated a central tendency significantly different from null across all included studies.
We used an unweighted meta-analysis, as weighting by
sample size could favour highly replicated artificial microcosm studies in contrast to typically less replicated but more
realistic field studies (but see Hillebrand and Gurevitch
2014). Moreover only a minority of studies reported some
measure of variation that would allow weighting of effect
sizes. Although each experimental study had equal weight
on the overall result, studies were not necessarily independent because our study selection criteria allowed for multiple experiments from common geographic locations to be
treated as separate studies. If studies were set up independently in multiple years, or in multiple localities within a
site, they may share multiple predictors in common at those
sites. Therefore, we created a random grouping variable
for site identity to partition variance within versus among
sites in multilevel mixed models (n  79 total sites for 187
studies). Statistical assumptions and procedures for similar multilevel mixed models are detailed in supplementary
appendices of several previously published ecological metaanalyses (O’Connor et al. 2007, Qian et al. 2010, Yang et al.
2010).
A priori, we tested effects of experimental warming on
richness and evenness 1) across terrestrial, freshwater, and
marine ecosystem types; 2) as a function of the magnitude
of temperature change (ΔT), the duration of experimental
temperature change, and the size of the experimental units
upon which treatments were imposed; and 3) as statistical
interactions of 1) and 2). We first used ANCOVA to test the

effects of the continuous variables and their statistical interaction by ecosystem type (freshwater, marine, or terrestrial)
on the responses Ŝ and Ê. Parametric assumptions of linear
models were verified using plots of residuals for normality
and homoscedasticity. Experimental duration (days) and
unit size (area, m2) were natural log-transformed for analyses
to meet the assumptions of linear models. With the lme4
package in R software (Bates et al. 2014, < www.r-project.
org >), we then ran the model structures using mixed effects
linear models to partition variation within and across sites.
To assess the variance explained by site in random intercept
models, we calculated the marginal and conditional coefficients of determination (R2), for fixed effects and both fixed
and random effects, respectively, with the MuMIn package
(Nakagawa and Schielzeth 2013, Barton 2015).

Moussalli 2011). The final model sets were simplified from
all 512 possible models by retaining only the top models
within 4 units of ΔAICc of the ‘best’ model. To estimate
parameter coefficients in the final model set, we calculated
conditional values using the mean of regression coefficients
weighted by the AICc weight (wi) from each model including
that variable (Buckland et al. 1997, Burnham and Anderson
2002). Predictor relative importance, or variable weights,
were calculated for each term in the models via the natural
average method as for the coefficients; that is, by summing
the weights of models where each variable appears (Anderson 2008, Grueber et al. 2011, Galipaud et al. 2014). Using
z-tests, individual parameters in model-averaged sets were
tested for statistical significance as the deviation of coefficients from zero.

Multimodel inference

Data deposition

An analytical challenge in ecological meta-analyses is that
datasets are rarely balanced or fully independent across
the full model matrix. Some variables may be collinear,
whereas other factor level combinations are not possible
(e.g. pelagic habitat in terrestrial system). To assess the
potential influences of other environmental and procedural
covariates altogether, we used a multimodel selection and
averaging approach (Grueber et al. 2011). The goal of
this analysis was not to select a single ‘best’ model, but
instead to retain a set of top models weighted by information theoretic criteria to account for model selection
bias (Anderson 2008, Lukacs et al. 2010, Symonds and
Moussalli 2011). Traditional stepwise model selection
approaches, by contrast, ignore model uncertainty, may
depend on stepwise order, and can lead to spurious outcomes if predictor variables have even modest collinearity
(Whittingham et al. 2006).
We began model selection and averaging with a total model
set for both Ŝ and Ê with every additive combination of nine
explanatory variables as fixed effects, excluding all interaction
terms and polynomials. The categorical variables for habitat
and manipulation types were excluded because they were
imbalanced severely across ecosystem types (e.g. grasslands
and greenhouses were not applicable to marine ecosystems).
Prior to analysis, continuous regressors were centered (subtracting the mean from all values) and scaled (dividing by the
standard deviation). Similarly, the coefficients for categorical
predictors were standardized by constructing dummy variables and then by removing the intercept term to the effects
parameterization in model selection (Schielzeth 2010). Site
as a random effect was included in all models and not subject to model selection. Thus, model selection confronted
512 (29 possible, without higher order terms) models in initial sets for both Ŝ and Ê. Models were fit using maximum
likelihood in the lme4 R package (Bates et al. 2015).
For each model set, we generated and evaluated the
small-sample corrected Akaike information criterion (AICc),
ΔAICc, and AICc model weights (wi) using the dredge function within the MuMIn package (Barton 2015). Because we
did not expect a single, best model to emerge from each of
the large model sets, model averaging procedures accounted
for uncertainty and model selection bias (Anderson 2008,
Lukacs et al. 2010, Grueber et al. 2011, Symonds and

Data available from the Dryad Digital Repository: < http://
dx.doi.org/10.5061/dryad.f5r3k > (Gruner et al. 2016).

Results
Across all studies, experimental warming reduced species
richness on average by 8.9% compared to ambient temperatures (mean boot-strapped richness log-response ratio
Ŝ  –0.091, Fig. 1A). However, richness effects differed
depending on the ecosystem type in which experiments
were conducted (Fig. 1B). Negative overall effects of warming on richness were driven by negative responses in marine
(Ŝ  –0.126, or 11.8% decline relative to controls) and terrestrial ecosystems (Ŝ  –0.112, –10.5%), whereas richness
did not change overall in freshwater ecosystems (Ŝ  0.001).
The overall mean effect on evenness (mean boot-strapped
evenness log-response ratio Ê  –0.028) across ecosystems
was not different from zero (Fig. 1A). Neutral responses in
aquatic systems (marine Ê  0.026, freshwater Ê  0.056)
swamped a weak reduction in evenness in terrestrial ecosystems (Ê  –0.074).
Across the range of experimental warming (ΔT) in these
experiments (to 6°C), increasing intensity had no consistent effect on diversity effect sizes Ŝ or Ê, nor were there
interactions with ecosystem type (Fig. 2A, D; Supplementary material Appendix 2 Table A2). Qualitatively, the same
lack of pattern was evident for experimental duration, which
spanned three orders of magnitude in the dataset from a
minimum of 8 to over 7000 days (Fig. 2B, E), and for the
influence of unit area on Ê (Fig. 2F). However, there was a
significant interaction between system and unit area (range:
2.8 cm2 to 298 m2) affecting Ŝ in both ANCOVA analysis and in mixed effect models including the random site
grouping (Fig. 2C; F2,163  3.573, p  0.030; type II Wald
c2  7.28, DF  2, p  0.026). This relationship resulted
from a steeper positive slope in marine experiments, reflecting a more strongly negative effect on richness observed in
the smallest experimental units.
Incorporating the random term for site identity into these
mixed effect models explained more variance for both richness
and evenness, but models for evenness effects recovered far
stronger site-level contingencies (Supplementary material
11
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Figure 1. Mean effect sizes  95% bootstrapped confidence intervals
from temperature change experiments on community species richness and evenness across ecosystems. (A) Overall mean temperature
effects on log-response ratios for richness (Ŝ) and evenness (Ê)
across ecosystem types. (B) Mean temperature effects on richness
and evenness in terrestrial, freshwater and marine ecosystems.
Closed symbols indicate log-response ratios for richness (Ŝ), and
open symbols represent evenness (Ê).

Appendix 2 Table A2). For example, fixed effects (marginal
coefficient of determination, R2) for the two-way interactive model with effects of ΔT and ecosystem type accounted
for an estimated 5.3% of variance in Ê, whereas both fixed
and random effects soaked up more than 50% (conditional
R2  0.513). In the same model structure for Ŝ, the random site effect approximately tripled the variance explained
(marginal R2  0.049, conditional R2  0.148).
Because the 187 studies contributing to this meta-analysis
did not comprise a balanced sample across global biota and
habitats, we used multilevel linear mixed models and model
averaging using information criteria to evaluate hypotheses
alongside variation from study designs, geography, and
environmental contexts in source datasets. Beginning with
model sets including all possible linear combinations of nine
biotic and methodological predictors, each fitted with maximum likelihood in linear mixed models, we reduced to subsets by discarding all models greater than 4 AICc units of the
top-ranked model. For Ŝ and Ê this resulted in 77 and 26
models, respectively, in the final sets (Supplementary material Appendix 4). Estimation of standardized coefficients via
model averaging recovered qualitative results largely consistent with univariate analyses of boot-strapped confidence
intervals and two-way ANCOVA (Table 1). As with analyses
12

using ANCOVA and mixed effects models, the coefficient
for experimental unit area was significantly different from
zero in the final model set for Ŝ (b  0.058  0.025 SE,
z  2.28, p  0.022; Table 1). Coefficients for both marine
(b  –0.121  0.066 SE, z  1.82, p  0.068) and terrestrial (b  –0.119  0.065 SE, z  1.84, p  0.066) effects
on Ŝ were negative but not significantly different from zero
at a  0.05. No parameter coefficient differed significantly
from zero in the model set for Ê; the only marginal effect
observed was a more negative effect of experimental warming
on producers (b  –0.098  0.051 SE, z  1.90, p  0.058)
than for consumer communities (b  –0.003  0.053 SE,
z  0.05, p  0.957).

Our synthesis of temperature manipulation experiments
from freshwater, marine, and terrestrial communities
demonstrates a strong negative effect of experimental
warming on species richness, particularly in terrestrial and
marine ecosystems. We found no overall effect of warming
on evenness, although a weak negative effect of warming on
evenness was evident in terrestrial systems. Across all studies, these effects were consistent regardless of the intensity or
duration of warming experiments. Given a likely projected
global mean temperature increase of 1.5–4.5°C over the
next century (Stocker et al. 2013), our analyses highlight
the potential for major changes in community structure
across ecosystems, particularly the potential for declines in
species richness (i.e. via localized losses of species; Kardol
et al. 2010).
Responses to experimental intensity, duration and size
Contrary to predictions, there was no consistent effect of the
magnitude of the experimentally increased temperature on
diversity across ecosystems (Fig. 2A, D; Supplementary material Appendix 2 Table A2). In filtering experimental studies
for inclusion in our database, we deliberately excluded studies that included warming in excess of 6°C. Temperatures
were increased, on average, by ∼ 3°C, which is well within
the range of predicted global mean temperature increases by
2100 (Stocker et al. 2013). This temperature increase is also an
order of magnitude lower than the typical annual temperature
range at study locations, so warming was unlikely, on average,
to surpass organisms’ physiological tolerances. Instead, effects
on richness were likely to be associated not with temperature
effects on species fundamental niches, but with effects on their
realized niches via changes in species interactions (Klanderud
and Totland 2005, Olsen and Klanderud 2014).
We also found no systematic support for study duration
as an important source of variation in community richness or evenness effects (Fig. 2B, E; Supplementary material Appendix 2 Table A2). The studies in this synthesis
were conducted over a broad range of temporal scales (days,
min  8, max  7332, median  720), and we roughly
estimate that their durations ranged from  1 to  100
generations of the organisms involved. Although transient
dynamics cannot be ruled out for many studies, experimental
duration does not explain the consistent central tendency

Figure 2. Bivariate relationships of the (A, D) intensity of experimental temperature change (ΔT in degrees centigrade); (B, E) experimental
duration (ln-transformed days), and (C, F) experimental unit area (ln-transformed m2) with log-response ratios of (A–C) richness (Ŝ) and
(D–F) evenness. Each point represents the log-response ratio from one independent experiment (terrestrial, black circles; freshwater, dark
grey squares; marine, light grey triangles). System-specific regression lines (terrestrial, heavy dash; freshwater, stipple; marine, dash-stipple)
are shown to indicate significant statistical interaction in ANCOVA analysis (richness ∼ logarea  system).

of declining richness over time scales relevant to both the
growth of individual species and to community dynamics.
Nonetheless, short-term experiments are not necessarily
predictive of longer-term experiments (Chapin et al. 1995),
which remain critical to identification of the mechanisms of
community change, species migration, and local extinction
predicted with sustained environmental change (Fridley et al.
2011, Elmendorf et al. 2012, Rudgers et al. 2014). Moreover, the general importance of adaptive or evolutionary
responses, which can delay or prevent extinction following
environmental change, warrants further study (Parmesan
2006, Bell and Gonzalez 2009, Lavergne et al. 2010).
Given that habitat size is a canonical determinant of species
diversity from local to global scales, we also hypothesized that
the size (area) of treatment units may influence experimental

effects of warming. As with study duration in our database,
the spatial scale of experimental units (e.g. the footprint of
open-top warming chambers) was tied to ecosystem types,
with larger experimental units more typical on land. In contrast to scales of time, experimental unit area was positively
related to Ŝ, but only in marine studies (Fig. 2C; Supplementary material Appendix 2 Table A2). In marine experiments, the effects of warming on richness were more strongly
negative in the smallest experimental units, which may reflect
more consistent and effective warming of smaller volumes
of water and a greater likelihood that fewer individuals and
species were included within units.
Chase and Knight (2013) recently warned of other
sources of scale-dependence in log response ratios of species
diversity. Using simulations, they showed that effect sizes of

Table 1. Model-averaged coefficients, standard errors, z-tests at p-values for parameters included within final model sets for richness (Ŝ) and
evenness (Ê). Each coefficient is the weighted average, proportional to the Akaike weights (wi) for each model, across the subset of models
which contained that variable.
Richness LRR (Ŝ)
Source
(Intercept)
system: freshwater
system: marine
system: terrestrial
openness: closed
openness: open
trophic: consumers
trophic: producers
venue: lab
venue: field
ΔT
duration
area
ambient T
latitude

Evenness LRR (Ê)

Estimate

SE

z

p

Estimate

SE

z

p

–0.091
0.022
–0.121
–0.119
0.053
–0.036
–0.011
–0.101
0.126
–0.024
–0.023
–0.024
0.058
–0.036
0.015

0.022
0.050
0.066
0.065
0.074
0.060
0.066
0.061
0.071
0.068
0.026
0.031
0.025
0.021
0.023

4.10
0.43
1.82
1.84
0.71
0.60
0.17
1.66
1.77
0.35
0.86
0.79
2.28
1.68
0.65

 0.001
0.665
0.068
0.066
0.479
0.551
0.862
0.097
0.077
0.729
0.389
0.432
0.022
0.092
0.515

–0.060
0.014
–0.007
–0.088
0.001
–0.027
–0.003
–0.098
–0.049
–0.052
0.008
–0.016
–0.023
–0.014
–0.026

0.037
0.087
0.103
0.077
0.075
0.057
0.053
0.051
0.090
0.044
0.034
0.039
0.037
0.038
0.035

1.61
0.16
0.06
1.13
0.01
0.48
0.05
1.90
0.54
1.18
0.23
0.40
0.61
0.37
0.71

0.108
0.877
0.949
0.259
0.994
0.635
0.957
0.058
0.590
0.237
0.818
0.689
0.540
0.712
0.476
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richness, species density, and rarefied richness (controlled
for abundance) can be sensitive to the spatial grain, spatial
extent, and the size of the total species pool across studies.
Thus, to assess the scale-dependence of diversity effect sizes in
this study, we extracted the total number of species observed,
if reported by the authors in each study, as an estimate of the
total species pool. We detected no relationship for richness
or evenness effect sizes to the estimated species pool size
(natural log-transformed), nor did these results vary by ecosystem type (Supplementary material Appendix 5 Fig. A8).
The definition of regional pools of species is itself sensitive
to scale and a notoriously problematic exercise (Cornell and
Harrison 2014), yet this will remain important for future
empirical work until authors uniformly report data for spatial
grain and extent, species pool sizes, and levels of intraspecific
aggregation within communities (Chase and Knight 2013).
Patterns within ecosystems
Negative richness and evenness responses in terrestrial systems
suggest that warming caused an increase in dominance (lower
evenness) related to the loss of species (lower richness).
Increased dominance of a single or few species can enhance
the risk for cascading local extinctions (Zarnetske et al.
2012). These changes were often attributable to pronounced
shifts in functional groups. For example in tundra ecosystems, with increasing temperatures vascular plants generally
increase at the expense of mosses and lichens (Cornelissen
et al. 2001, Walker et al. 2006, Lang et al. 2012). Mycorrhizal
mutualists may respond positively to warming and differentially favor plant species, perhaps due to an enhanced role
in water uptake with drier soils under experimental warming
(Rudgers et al. 2014). A more intensive analysis of tundra
studies showed that species turnover and shifts in community
composition, although highly contingent on climatic conditions across regions, may be more pronounced than indicated
by overall effects on richness (Elmendorf et al. 2012). In terrestrial ecosystems more generally, rising mean temperatures
are associated with increased evapotranspiration, variability
in temperature and precipitation, drought or flooding, and
heightened frequency and intensity of wildfires (Piñol et al.
1998, Huntington et al. 2009). General declines in local
diversity observed here may be hastened by other aspects of
global change on land, such as rising atmospheric CO2, nutrient addition, and the loss of organisms at higher trophic levels
(Russell et al. 2009, Borer et al. 2014, Ripple et al. 2015).
Marine systems reflected the overall pattern across all
systems: richness was strongly reduced by warming, but
evenness was unaffected. This result suggests that rare species
were not disproportionately impacted by warming, as the
loss of rare species should result in increased evenness. This
pattern has been described in some temperate intertidal
ecosystems, where dominant species at moderate temperatures are more susceptible to higher mean temperatures
and to extreme events (Harley and Paine 2009). Although
our study could not address effects of changing variance in
temperature, research in coastal zones highlights the potential for threshold responses of biotic communities to rising
frequency of severe heat waves or decreasing frequency of
hard freeze events (Harley and Paine 2009, Smith 2011,
Cavanaugh et al. 2014).
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Freshwater systems seem to indicate a third pattern, as
species diversity (evenness and richness) was unaffected
on average by temperature manipulations. Biotic communities in rivers, ponds and many lakes may be resistant or
resilient to abrupt or persistent changes in temperature, as
such traits should be adaptive for species in smaller water
bodies that are exposed to frequent temperature swings (de
Senerpont Domis et al. 2013). For example, in freshwater
mesocosm experiments, warming resulted in stronger
producer-consumer interactions, leading to shifts in the
timing of spring blooms but not to changes in diversity
(Berger et al. 2010, 2014). Although this scenario was not
represented in our database, with warming these systems can
be susceptible to blooms of toxic cyanobacteria, particularly
when synergized with nutrient loading and reduced grazing,
that may reduce local richness and evenness (Hillebrand et al.
2007, Paerl and Huisman 2008, Anneville et al. 2015).
General mechanisms
Our meta-analysis quantitatively tested the effects of
sustained changes in temperature on species diversity in
local communities, yet questions remain about the relative importance of abiotic and biotic mechanisms. Species
losses may be attributable directly to the rise of temperature beyond species’ thermal tolerances, though average
temperature increases were not large, and were an order
of magnitude lower than annual temperature variability at
study locations. This mechanism may be particularly important in environments that incorporate increased variance in
temperature, where discrete heat shock events cause mass
mortality of sensitive species in the community (Sorte et al.
2010). Alternatively, or in addition, increased temperatures
may change the outcome of biotic interactions. Multiple
reports included in our analysis argue that competitive
displacement was an important mechanism for reductions
in richness, with accelerated competitive exclusion related
to warmer temperatures (Klanderud and Totland 2005,
Limberger et al. 2014). In tundra ecosystems, declines
in bryophytes, ferns and lichens are often attributable to
enhanced growth of vascular plants that are more competitive at higher temperatures (Walker et al. 2006, Elmendorf
et al. 2012). Warming can increase metabolism and activity of consumers, which then mediate species coexistence of
lower trophic levels via trophic interactions (Harley 2011,
Li et al. 2011, Alsterberg et al. 2013). However, our database cannot quantitatively assess the overall and relative
importance of complex, temperature-mediated abiotic and
biotic interactions observed in specific studies (Tylianakis
et al. 2008, Lavergne et al. 2010).
Rescue from deleterious temperature effects may depend
on the potential for dispersal or colonization into local communities (Amarasekare 2003, Urban et al. 2012). However,
in our analysis open systems exposed to warming did not
retain more diversity than closed systems overall. In fact,
results trended towards more negative effects of warming
on richness in open than in closed experiments, and in field
experiments relative to those in the lab (Table 1). Plots open
to colonists also may be accessible by consumers or other
antagonists that could reduce richness locally. However, thermal optima of species able to colonize from the immediate

vicinity may not be sufficiently different to rescue diversity
of the warmed treatments. Instead, compensation for local
species losses may require long-distance dispersal of species
from regions with matching adaptive thermal tolerances.
Whereas climate-induced shifts in species’ ranges have been
observed in distinctly different ecosystems (Greenstein and
Pandolfi 2008, Lenoir et al. 2008, Chen et al. 2011), empirical studies also show widespread failure of species or biomes
to ‘keep up’ with the pace of change and resulting smaller
species pools in shifting ranges (Colwell et al. 2008, Pauli
et al. 2012). Prediction of range shifts by integrating species distribution and downscaled climate models remains an
imperfect science (Thuiller et al. 2008, Angert et al. 2011),
and such analyses require much greater temporal and larger
spatial scales than those covered by localized experiments in
our databases (Leuzinger et al. 2011).
The responses of community evenness to warming were
inconsistent, variable, and not explained by environmental
or methodological variables extracted for this analysis across
ecosystems. However, in a striking contrast from richness
responses, the random effect of site identity explained up
to ten times more variation in evenness log-response ratios
than fixed effects alone across different models (marginal
versus conditional R2; Supplementary material Appendix 2
Table A2). This result suggests that changes in species relative abundances due to warming were contingent on shared
features of sites where multiple independent experiments
were carried out. Local species composition will determine
the distribution of species traits, which then constrain the
relative abundance of species and the strength and sign of
biotic interactions in the community (Hillebrand et al.
2008). We then expect that species composition and evenness in unwarmed controls will be highly conserved across
multiple experiments within a site, thus constraining species
evenness responses to warming.
Conclusions and outlook
The experimental studies incorporated in our meta-analysis
strongly suggest that, on average across major types of
organisms and ecosystems, local species richness is likely
to decline as temperatures increase. This result was robust
despite wide variation in organisms and methodologies across
marine, freshwater and terrestrial systems. Our meta-analysis
evaluated effects of warming on communities of producers and consumers, including studies on diverse organisms
such as fungi, microbes, algae, nematodes, aquatic invertebrates, terrestrial arthropods, and vascular and non-vascular
plants. As is typical with controlled ecological experiments,
many studies were of limited spatial and temporal scale, and
longer-lived plant communities, such as forests, and mobile
animal communities are notable deficiencies in the database.
Responses of species evenness were not well explained by
environmental and methodological variables, but instead
were constrained by initial species composition or other
unmeasured variables within study sites.
Some observational studies have highlighted no change
or even increases in richness over time as temperatures have
warmed (Hiddink and ter Hofstede 2008, Rosset et al. 2010).
This contrasts sharply with the results of the experiments
summarized here, which clearly show a decrease in richness

associated with warming. This discrepancy likely arises
because the poleward edge of species ranges tends to move
faster than the trailing, equator-ward edge of their ranges
(Poloczanska et al. 2013). This reflects the relatively rapid
potential rate of immigration towards a new area, compared to
slower rates of extinction, for example with altered competitive or trophic interactions. The experiments synthesized here
often precluded or reduced immigration, and thus address
a facet of warming that is potentially masked in large-scale
biogeographic studies: the role of local species interactions
(Zarnetske et al. 2012). It is thus likely that our results have
higher bearing on the effect of warming on local communities than on larger scales. It is well-known that environmental
effects vary across scales. For example, while biodiversity is
generally decreasing on a global scale, it is frequently increases
on local scales (Sax and Gaines 2003). Our meta-analysis thus
provides a valuable addition to our understanding of how
climate change affects local species communities.
The response of diversity to multiple changes in a humandominated world will almost certainly be non-additive
(Dukes et al. 2005, but see Williams et al. 2013) and contingent on local environments and species composition.
Careful, long-term, multifactorial studies will be necessary
in order to estimate the potential for interactions between
different drivers of global change as well as the mechanisms,
including both direct (e.g. on individual species’ physiological tolerances, survival, growth, and reproduction) and
indirect (e.g. on species interactions) effects of temperature
on species, that impact biodiversity.
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