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Summary paragraph:

Turnover in species composition through time is a dominant form of biodiversity change
that has profound impacts on the functioning of ecological communities (7-4). Turnover rates
differ dramatically among communities (4), but the drivers of this variation across taxa and realms
remain unknown. Here, we analyze 42,255 time series of species composition from marine,
terrestrial and freshwater assemblages and show that temporal rates of turnover were consistently
faster in locations that experienced faster temperature change, including both warming and
cooling. In addition, assemblages with limited access to microclimate refugia or that faced
stronger human impacts on land were especially responsive to temperature change, with up to
48% of species replaced per decade. These results reveal a widespread signal of vulnerability to
ongoing climate change and highlight which ecological communities are most sensitive, raising
concerns about ecosystem integrity as climate change and other human impacts accelerate.

Main text:

One of the most prominent signatures of biodiversity change in the Anthropocene is the rapid
change in species composition through time, hereafter referred to as temporal turnover (7, 2). Turnover
occurs when some species increase their abundance or occupancy through time while others decline.
Such temporal turnover has dramatic impacts on the structure and functioning of ecological communities
(3) and can be rapid even while the number of species remains relatively unchanged (1, 2). However, the
rates of temporal turnover differ substantially across locations, from little change over many decades in
some communities to almost complete turnover within years in others (1, 4). The reasons for this variation
across organism and ecosystem types remain unclear, in part because most previous research has
focused on particular taxa or locations (5-9).

One possible explanation for this variation is that assemblages are exposed to differing rates of
environmental change and have differing sensitivities to those changes (7, 4). Of the multiple
environmental drivers that shape species distributions and abundance, temperature is particularly
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important for biological processes across the tree of life (70). For example, changing temperatures have a
strong influence on organismal physiology and species distributions (70, 77), and these effects differ
systematically across taxa and between marine, terrestrial and freshwater realms (72—74). Systematic
differences in temperature change and in species sensitivity to such changes may therefore help explain
why some assemblages change composition quickly and others more slowly. Here, we i) tested the extent
to which rates of temporal turnover increased with rates of temperature change using the largest
compilation of biodiversity surveys through time available, and ii) explicitly evaluated which factors
modified this relationship, including ecological realm, the degree of thermal habitat heterogeneity (i.e.,
availability of microclimates), and the extent of human impacts (e.g., land use and invasive species).

We compiled temporal turnover rates from 257,289 observations of species composition across
42,255 assemblage time series around the world covering a wide range of taxa from the BioTIME
database (715) (see Methods, Fig. 1a and Extended Data Fig. 1). Following standard practice, we
measured temporal turnover as the rate at which dissimilarity in species composition changed through
time using the incidence-based Jaccard index, and specifically the component of dissimilarity that
quantifies species replacement independent of changes in species richness (see Methods) (4, 16).
Dissimilarity is bound to values between O (i.e., no change in composition) and 1 (i.e., complete turnover),
and changes in turnover over time (i.e. turnover rate) are positive if compositional change accumulates
over time. For example, birds in Sweden had a temporal turnover rate of 0.0046 per year (+ 0.00017
standard error, Fig. 1d), meaning that 0.46% of species were replaced per year in this assemblage.
Turnover rate can also be negative if composition becomes more similar to initial assemblages again
(Extended Data Fig. 2f).

Across all studies, dissimilarity generally increased with time, yielding positive temporal turnover
rates (Fig. 2a, median = 0.0082 per year [i.e., 0.82% per year] with a 95% bootstrap confidence interval of
0.0065 to 0.0095). The few studies with negative turnover rates mostly had shorter durations, where
variation in estimated rates was highest (n = 46, Extended Data Fig. 2b). On average, assemblages
experienced warming of 0.27 °C per decade on land and of 0.20 °C per decade in the ocean, but there
was also large variation in the magnitude and direction of temperature change, and many assemblages
experienced cooling (Fig. 1b, c). The rates of temperature change for these local time series were often
faster than for global temperatures since the time series were shorter (median 8 year duration). Statistical
challenges with this type of dataset include pseudoreplication within time series and studies, the non-
linearity of species composition turnover, and the heteroskedasticity introduced by time series of differing
lengths (77—19). Many statistical approaches produce high false positive error rates with datasets like this,
but generalized linear mixed models (GLMMs) with ordered beta errors and environmental drivers as
interaction effects kept false positive rates low (see Methods, conceptual diagrams in Fig. 1e and
Extended Data Fig. 3, and Extended Data Fig. 2). We used this latter approach to evaluate the role of
temperature change and other environmental drivers underpinning global variation in temporal turnover
rates.

Temperature change and turnover rates

Rates of turnover were associated with the rate of local temperature change, such that higher
turnover rates occurred with faster rates of temperature change. Models with a temperature change effect
on turnover rate outperformed alternative models without this effect (y? = 143, df = 9, two-sided p < 2.2x10°
16 likelihood ratio test against a GLMM without a temperature change effect on turnover rate, n = 40,332
time series, see Methods) or models that only considered differences among realms or taxonomic groups
(Table 1, Fig. 2 and Extended Data Fig. 4a).

Up to 5.1% of the species in an assemblage on average were replaced each year where rates of
temperature change were highest in the terrestrial realm, and up to 5.2% in freshwater and 3.2% in the
ocean, though few locations experienced these rates of temperature change (Fig. 2b). At more moderate



rates of warming (0.5 °C/year) where data coverage was higher, 1.4% of species per year on land, 2.6% in
freshwater, and 1.0% in the ocean on average were replaced (Fig. 2b). The temperature change
relationships were significantly larger than expected from null distributions of model coefficients from
permutation (p = 0.001 for terrestrial warming; p = 0.007 for marine warming; p = 0.001 for marine cooling;
p = 0.024 for freshwater warming; and p = 0.004 for freshwater cooling), except for terrestrial cooling (p =
0.067). A downsampling sensitivity test to address non-independence of dissimilarity values within time
series also supported these effects, except for the freshwater warming effect that was highly uncertain
(Extended Data Fig. 4b; see Methods).

These findings are consistent with the expectations from thermal niche-based processes leading to
community change, in which temperature changes alter the relative fitness and balance of interactions
among species (11, 20-23). When niche-based processes are operating, both warming and cooling can
drive changes in species composition, and—consistent with this prediction—we found that faster temporal
turnover was associated both with higher rates of warming and with higher rates of cooling in all realms
(Fig. 2b). That is, the rate of temperature change per se rather than its sign appears to play an important
role underpinning changes in composition across taxa and realms.

We further found that the relationship between temporal turnover and temperature change differed
at warmer vs. colder baseline temperatures. In terrestrial and marine assemblages, turnover responded
more to warming (i.e., had higher sensitivity) at locations with warmer average temperatures, and
responded more to cooling at locations with cooler average temperatures (Fig. 2c), based on a model
including the interaction between temperature change, average temperature, and year (Table 1, Extended
Data Fig. 5a and Table 2). This model was statistically significant (y* = 96.2, df = 18, two-sided p = 1.1x10°
12 likelihood ratio test against a GLMM without this interaction), and the marine effects were also
supported by a downsampling sensitivity test (Extended Data Fig. 4c). The modulating effect of average
temperature in freshwater assemblages had substantial uncertainty, particularly in the downsampling test
(Extended Data Fig. 4c), likely explained by the much lower availability of freshwater data. We also found
that latitude was a less effective explanatory factor than average temperature (Table 1) and that
alternative model formulations considering species gains and losses or focused only on longer time series
produced similar results (Extended Data Table 3). Finally, when we used an abundance-based
dissimilarity metric more sensitive to changes in common species, rather than the equal weighting of
common and rare species in Jaccard dissimilarity (see Methods), we found similar effects of, and
interactions between, temperature change and average temperatures (Extended Data Table 4; y* = 170,
df = 9, two-sided p < 2.2x107, likelihood ratio test for the model with a temperature change effect on
turnover rate against a GLMM without this effect; y* = 377, df = 18, two-sided p < 2.2x107'°, likelihood ratio
test for the model with interactions between temperature change and average temperature against a
GLMM without this interaction). These results suggest that the findings were not driven by simply the
comings and goings of rare species, but rather by wholesale shifts in species composition through time.

There are several potential and non-mutually exclusive explanations for these results. First, many
assemblages exhibit a thermal bias, such that their constituent species are on average adapted to
temperatures warmer or colder than the ones they experience locally (27). Assemblages with a positive
thermal bias (warm-adapted) are expected to be more sensitive to cooling, while those with a negative
thermal bias (cold-adapted) are expected to be more sensitive to warming. Assemblages with positive bias
are more common in colder climates, while those with a negative bias are often found in warmer climates
(21, 24, 25), which predicts stronger response to cooling in cold climates and to warming in warm climates.
Second, species physiological limits differ across climate gradients, such that species in cold climates live
closer to their lower thermal limit, and species in warm climates live closer to their upper thermal limit (77,
26). Species in cold climates are therefore more likely to approach or exceed their limits with cooling, and
those in warm climates to do so with warming. Third, assemblages may not yet have fully responded to
past changes in temperature (27), which may accentuate their sensitivity to further changes in



temperature. Some evidence suggests plant assemblages in warm climates, for example, have a negative
thermal bias because they have not yet responded to past warming, which therefore makes them less
tolerant of further warming (27). Fourth, low niche diversity towards the ends of the global climate gradient
may drive species attrition with warming in warm climates and with cooling in cold climates (28). Further
research will be needed to understand the relative importance of these mechanisms and processes.

Microclimates and human transformation

One potential moderator of community responses to changing climates is whether the landscapes
in which assemblages are embedded have fine-grained temperature variation that helps buffer climate
change impacts (29). To test this, we measured microclimate variability as the spatial standard deviation of
surface temperatures within 20 km of each site (see Methods), and found that assemblages in more
homogeneous land- and seascapes were more sensitive to temperature change than in more
heterogeneous ones (Fig. 3a, Extended Data Table 5; y* = 46.8, df = 8, two-sided p = 1.7x107, likelihood
ratio test against a GLMM without microclimate terms). For example, with equally fast rates of warming,
average terrestrial turnover rates in homogenous landscapes (4.7% + 0.82% per year, + standard error)
were more than twice the rates in heterogeneous landscapes (2.3% + 0.80% per year, + standard error).
The main effects of temperature change were similar in this more complex model (Extended Data Fig. 5b)
to those in the simpler models reported above (Fig. 2b).

Finally, human transformation of ecosystems and climate change are two of the greatest pressures
on biodiversity (3), and yet it has remained difficult to understand how their combined impacts interact
(30). We found a positive interaction between non-climate human impacts like land use, pollution, and
invasive species (see Methods) and temperature change on rates of temporal turnover (Fig. 3b, Extended
Data Table 5; y* = 34.1, df = 8, two-sided p = 3.8x107, likelihood ratio test against a GLMM without human
impact terms), indicating that human modifications to land- and seascapes exacerbate the impacts of
temperature change. With equally fast rates of warming, terrestrial assemblages experiencing strong
human impacts had more than one and a half times the turnover rates compared to those experiencing
few human modifications (4.0% * 0.7% per year vs. 2.1% * 0.85% per year, + standard error, Fig. 3b). The
interaction between human impacts and temperature change on turnover rates on land is consistent with
the hypothesis that human activity reduces microclimate availability, increases stress, alters the species
pool, and/or strengthens the relative influence of abiotic factors on population dynamics (73, 30-32), all of
which could increase the likelihood of resident population extirpation and of colonization by more tolerant
species when temperatures change (73, 30). We detected a somewhat weaker interaction in the ocean
(Fig. 3b), suggesting that harvesting—the dominant human impact affecting marine communities—has
weaker or non-systematic interactions with temperature change compared to habitat degradation on land.
Fishing does not substantially alter microclimate availability, for example, though habitat change in the
ocean is intensifying (33).

Discussion

We found strong responses of temporal turnover to temperature change on land, in freshwater, and
in the ocean. Previous research has found higher vulnerability to warming for marine species (26), and
that geographic range shifts towards the poles and species richness responses to temperature change are
stronger or more easily detected in the ocean than on land (73, 14). Greater thermoregulatory capacity
and larger thermal safety margins on land as compared to the ocean have been suggested as reasons for
limited geographic range shifts and richness changes, but substantial temporal turnover in species
composition can occur without changes in richness or shifts in distributions (2). Temporal turnover
therefore emerges as a particularly sensitive indicator of climate impacts in all realms.

The results further suggest that factors that could insulate ecological communities from the
physiological and indirect impacts of temperature change—including behavioral adaptation and changing



biotic interactions—are insufficient in general to buffer the composition of assemblages from these
environmental changes. Understanding the patterns of and processes leading to temporal turnover in the
face of global change is a key issue that needs deeper investigation. Important topics include quantitative
theory for temporal turnover (22, 34), understanding the role of species traits and community structure in
regulating temporal turnover (22, 23), developing long time series of species composition, and addressing
the taxonomic and spatial biases in existing data (35). Most of the data in the analyses come from
northern temperate regions, as is typical of biodiversity data (75, 35), and the underrepresentation of high
latitude regions where climate change is fastest (77) and of lower latitude regions where species
vulnerability is higher (71, 26) suggest the analyses are conservative and underestimate the sensitivity of
species composition to temperature change.

The impacts of climate change on individual species have often been called largely unpredictable
or idiosyncratic (36). Here, we reveal that community responses may be more easily predicted: changing
temperatures drive widespread turnover in species composition that scales with the speed of warming or
cooling. Rates of global warming are expected to triple by the end of the century and local human impacts
continue to expand (37), which will likely drive even greater rates of temporal turnover. As communities
change faster, society increasingly risks ecological surprises, which may include the loss of critical
ecosystem functions and services (2). Efforts to avoid further global warming, preserve microclimate
variability, and reduce land use change are thus important steps towards avoiding the most undesirable of
these outcomes and maintaining ecosystem integrity.
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Tables

Table 1. Comparison of models of temporal turnover with or without temperature change. Lower
Akaike's Information Criterion (AIC) indicates more parsimonious models (i.e., higher explanatory power
without overfitting). Models with local temperature change (Tchange) interacting with year (Year) had
negative AAIC,u and were favored over the simplest Year model (dissimilarity as a function of year), while
models with only realm (Realm) or only taxonomic group (Taxon) interacting with year were not favored.
More complex models also included absolute latitude (|Lat|) or average temperature (Tave) as interactions
with year (see Methods for full details). Columns show degrees of freedom (df), AIC, AIC compared to the
lowest AIC (AAIC), and AIC compared to the simplest model (AAIChui). The most parsimonious model of
this set is highlighted in bold. See Extended Data Fig. 5a and Extended Data Tables 1 and 2 for additional
model details. See Extended Data Table 3 for alternative model formulations.

Model df AIC AAIC | AAICu

Year 17 | 679835 746 0

Realm X Year 19 | 679827 | 738 -8.05
Taxon X Year 31 679846 757 10.6
(Tehange + Year) X Realm 28 679794 705 41

Tonange X Year X Realm 37 | 679669 580 -166
Tehange X |Lat| X Year X Realm 61 679121 32 714
(Tenange + Tave) X Year X Realm | 43 679150 60 -686
Tchange X Tave X Year X Realm 61 679089 0 -746




Figures and Legends

a)
50 4 ’ -~
.‘d Realm
° ® Terrestrial
S 04 R
= ® Freshwater
© “1
| o ¢ % .
v )
P - e j ) Marine
501 - z o ."‘\\ :
LA i
-100 0 100 200
Longitude (°)
b) | c) |
Terrestrial & Freshwater Marine Dataset
19% 6 BioTime
> 5:0 ?4 Global
2 55 22
[0) (0]
© ©
00 T T T T T T T O L) L] L] L) T T T
-20 -1.0-0.5 0.0 05 1.0 20 -2.0 -1.0-0.5 0.0 0510 20
Temperature change [°Clyr] Temperature change [°C/yr]
d) - e
) 7. ) 5.
. . & 04 change
g 2503
2 es = Fast
=S ERR
8_ 0.1 — SIOW
Q_ 0.0
30 40
Temporal distance [years] Temporal dlstance [years]

Fig. 1. Records of species composition temporal turnover from around the world. a) Location of
assemblage time series from BioTIME, including 3,159 on land, 38,451 in the ocean, and 645 in
freshwater. Map is from (38). b, c) Comparison of temperature change at BioTIME locations and at
randomly selected sites globally with equivalent sampling intervals and durations on continents (b) or in
the ocean (c). Note that the x- and y-axes have been square-root transformed to facilitate visualization. d)
Example of a turnover rate calculation (ordered beta regression slope in blue), based on 57 years of bird
community sampling in Sweden (39). Dissimilarity varies between 0 and 1 and was measured with the
replacement component of the incidence-based Jaccard index. Slope is shown with 95% confidence
intervals. e) Conceptual diagram of the statistical approach. The main hypothesis was that temporal
turnover rates (slopes) differed across assemblages that experienced faster or slower rates of temperature
change (Tchange). We tested Tchange @S a continuous variable, though only two levels are shown in the
diagram.
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Fig. 2. Species turnover rates were related to rates of warming and cooling. a) Turnover rate [change
in dissimilarity per year] for studies in terrestrial, freshwater, and marine realms. Dashed lines are the
averages across studies within realms, and the top horizontal lines indicate the 95% confidence intervals
for the averages. b) Marginal effects of absolute temperature change on the turnover rates with 95%
confidence intervals (lines and shading) for assemblages that experienced warming or cooling (color).
Translucent data points show individual time series with dot size scaled by duration. c) Marginal effects of
average temperature on the turnover rate’s sensitivity to temperature change for assemblages that are
warming or cooling (color). Error bars show 95% confidence intervals. Similar plots with downsampling are
shown in Extended Data Fig. 4b and c, which highlight the uncertainty for freshwater ecosystems. The x-
and y-axes in a and b have been square-root transformed to facilitate visualization.
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Fig. 3. Covariates associated with the sensitivity of turnover rates to temperature change in the
marine and terrestrial realms. Turnover rates were more sensitive to changing temperatures when a)
environments had less microclimate availability (measured as the standard deviation of temperature within
a 20 km radius, °C), or b) human impacts were greater, particularly on land (low-to-high index from 0 to
10). The heavy line is the mean and the shaded area represents the 95% confidence interval.



Methods
Data description

We examined biodiversity change using the BioTIME database, which is the largest global
compilation of species assemblage time series (75). We used time series of species composition or
abundance from 319 individual studies. Because we were interested in analyzing local biodiversity
change, we followed Blowes et al. (4) and gridded studies with multiple sampling locations and extents
greater than 71.7 km? (n = 147 studies) into 96 km? equal area icosahedral hexagonal grid cells (40). This
threshold has been previously identified as the mean plus one standard deviation of the spatial extent in
single-location studies (4). We assigned studies with a single location and those with extents < 71.7 km? to
the grid cell in which their center latitude and longitude were located. The sample locations from all other
studies were assigned to cells based on the latitude and longitude of individual samples. We then collated
species within each unique study-cell combination for each year (i.e., samples from different studies were
not combined when they were in the same cell), resulting in assemblage time series within grid cells. This
approach allowed us to assess the effects of the different environmental drivers at a standardized
resolution between studies and across realms.

To minimize sampling effects in our estimates, we first calculated the abundance-based coverage
(41) of each (annual) sample within each cell-level time series. We then removed all samples with
coverage less than 0.85. This threshold meant that there was a <15% chance that another sample in any
given year of one more individual would represent a new species. We also removed time series with fewer
than five unique taxa or with less than ten individuals. In total, this process yielded 42,255 time series
distributed among 41,483 locations. Most time series were started in the second half of the 20th century
and were less than 40 years long, with a median length of 8 years (Extended Data Fig. 1).

Our final dataset included 3,159 terrestrial; 38,451 marine; and 645 freshwater time series across a
wide range of taxa, including birds (8,356 time series), mammals (259), fishes (24,334), amphibians and
reptiles (339), invertebrates (2,577), and plants (285). Individual time series in this database generally
focused on a single guild of organisms (e.g., birds or fishes). The time series were located across nearly
the full range of latitudes and longitudes (Fig. 1a), and spanned effectively the full range of changes in
surface temperatures observed globally (Fig. 1b,c). However, the time series were more densely
concentrated in the Northern hemisphere and at temperate latitudes (Fig. 1a).

We calculated dissimilarity between each pair of annual samples within each time series (2). We
did not include any years compared to themselves (i.e., zero dissimilarity at zero difference in time)
because doing so introduces a positive bias in temporal turnover rates, particularly for shorter time series.
Before calculating dissimilarity, we used sample-based rarefaction to standardize the number of samples
per year within each time series. This procedure helped prevent temporal variation in sampling effort from
affecting diversity estimates (42). First, we identified the minimum number of samples taken in a year
within each time series. This minimum was then used to randomly resample each year down to that
number of samples. We then calculated pairwise Jaccard dissimilarity between each pair of years. We
repeated this process 199 times for each time series and took the median dissimilarities. We partitioned
total Jaccard dissimilarity into the components of species replacement and changes in the number of
species (43, 44). Because the replacement component dominates biodiversity change (4), we focused our
analysis here on replacement, i.e. the component quantifying species replacement independent of
changes in species richness.

In addition, we calculated pairwise Morisita-Horn dissimilarity, which also accounts for changes in
species abundance and, in particular, is sensitive to changes in the more abundant species, making it less
vulnerable to under-sampling (45, 46). We then proceeded with the analysis below (see Statistical models
with and without temperature), using Morisita-Horn dissimilarity in place of the replacement component of
Jaccard dissimilarity.



Statistical models with and without temperature

The rate of change in species composition (temporal turnover rate) is typically measured as the
slope of dissimilarity vs. time (1, 4, 16). Steeper slopes indicate faster rates of biodiversity change through
time. However, analysis of these data across many time series poses certain statistical challenges. First,
dissimilarity is constrained from 0 and 1 but does not have a straightforward measure of sample size as,
for example, binomial samples do. Continued turnover in species composition for two assemblages leads
to dissimilarity that asymptotes at one. In addition, the dataset has multiple measures of dissimilarity from
each time series and multiple time series from some studies, creating pseudoreplication. The time series
also differ in duration, which affects the variance of their slopes and introduces strong heteroskedasticity
(Extended Data Fig. 2).

After testing a set of potential approaches (see Comparison of alternative statistical approaches),
we chose a generalized linear mixed model (GLMM) with ordered beta errors (47) and a logit link function
in which dissimilarity (D; ; ; ;) between each pair of annual samples in time series j from study / between
years s and t was modeled as a function of the number of years elapsed between those samples
(Yearss,). The logit link helped to account for the non-linear response of dissimilarity to ongoing
composition change such that dissimilarity could asymptote at one as elapsed years increased towards
infinity, while the ordered beta errors helped account for the fact that observations were constrained
between and including 0 and 1. To address pseudoreplication, we included random intercepts (8o ;; Bo,i ;)
and random slopes for Years (f;;; f1,,;) for each time series j nested within each study / in all models. The
intercept represented the predicted dissimilarity of independent samples taken at the same time (zero time
elapsed), and so captured factors including but not limited to differences in species pool size, sample size,
sampling effort, sample completeness, and measurement error. We included an interaction between initial
dissimilarity and elapsed years (D; j inic: Yearss ) to account for the fact that initial dissimilarity can
influence the rate of temporal turnover (48). Initial dissimilarity was the average dissimilarity at the
minimum elapsed years between samples in a time series. Based on visual inspection of the residuals, we
also allowed the intercept and precision (¢, inverse of dispersion) to differ between realms (terrestrial,
marine, and freshwater). The baseline model (the “Year” model) was therefore defined by

D; ;s c~0rdBeta(y; j 1, po + 1 Realm; M7Me + ¢, Realm, ;Terrestrialy Eq. 1
and
logit(u; jst) ~ ao +aiRealm; M¥Me + q,Realm; ;TeT"estrial 4 g Yearsg, + ayD; j inir +
+asD; jmicYearssy + Bo;i + Po,ij + (Bri + Brij)Yearss,
with fixed effects a, random effects for intercept and slope by study ((5o;; £1,))~MVN(0, Xs¢y4y)) and by
time series ((Bo,i,j; B1,i,j)~MVN (0, Ztimeseries)), and indicator variables (1 if true, 0O if false) for whether each
time series was marine or terrestrial instead of freshwater (Realm; ;" arinegnd Realm; ]-Te”e“”'“l). The a;

and a, terms indicated the difference between the baseline (freshwater) and either marine or terrestrial
realms, respectively.

We then implemented more complex models to test specific hypotheses (Table 1). The first more
complex model (the “Realm X Year” model) tested for different rates of temporal turnover among realms
by including an interaction between realm and the number of years elapsed between samples (i.e.,
Realm:Years). A larger coefficient for a given realm would indicate a faster rate of turnover compared to
other realms. We also fit a taxonomic model (the “Taxon X Year” model) that used taxonomic groups in

place of realm. We used the groupings identified in the BioTIME dataset: plants, fishes, invertebrates,



birds, benthos (renamed as “benthic species” to facilitate interpretation), mammals, amphibians, reptiles,
and multiple taxa (the latter indicating studies that examined more than one group).

The next model (the “Tehange X Year X Realm” model) tested our core hypothesis that the rate of
temporal turnover differed for assemblages that had experienced different rates of temperature change,
and whether this relationship differed between realms. To do this, we extracted all mean annual
temperatures between and including the start and end years of each biodiversity time series at the
corresponding latitude and longitude of each biodiversity time series from the CRU TS 4.03 (0.5 x 0.5°
resolution) data on land and from the ERSST v5 (2 x 2° resolution, surface temperature) dataset in the

ocean (49, 50). We calculated the average rate of temperature change for each biodiversity time series as

the slope of temperature vs. year. We used the Theil-Sen slope, which is a standard non-parametric
method with low sensitivity to outliers or start year effects (57, 52). To reflect the hypothesis that the rate of
temporal turnover was associated with the rate of temperature change, the statistical model included an
interaction between the magnitude (absolute value) of the temperature change rate (Tchange, measured in
degrees Celsius per year), and the elapsed number of years between samples. A positive interaction
coefficient would indicate faster rates of turnover with faster temperature change. We included the sign of
temperature change (sign) so that responses to warming and cooling would be estimated separately. If we
had instead used the raw rate of temperature change (negative for cooling, positive for warming), strong
cooling responses would have counterintuitively been constrained to be the opposite of strong warming
responses, with intermediate responses to no temperature change. We estimated the Tcrange relationship
independently for each realm because evidence suggests that rates of range shift and species additions

and losses in response to temperature change differ among realms (72—174). Our full Tchange X Year X

Realm model was therefore the baseline Year model (Eq. 1) with added terms for sign X Tchange X Years X

Realm, in which sign and Realm were factors with two and three levels, respectively. We centered Tchange
and standardized it to a variance of one to facilitate model fitting. Our null hypothesis in this case was that
dissimilarity was associated with elapsed number of years, realm, initial dissimilarity, and time series
identity (see previous paragraphs for model structure descriptions), but that turnover rate was not
consistently associated with the rate of temperature change. We tested the hypothesis by comparing the

Tenange X Year X Realm model to a model with the interactions between temperature change and Years

removed. We called the latter the (Tchange + Year) X Realm model.

The fact that lifespans, thermal niche breadths, and biological rates differ consistently across
temperature gradients suggests that the temperature change response may depend on the average
temperature (71, 20, 53-55). To address this, we included an interaction between temperature change

and average temperature (the “Tchange X Tave X Year X Realm” model). We measured average temperature

(Tave, measured in degrees Celsius) as the average across all years between and including the first and
last years in each biodiversity time series. Annual temperatures were obtained as described in the
previous paragraph. The Tchange X Tave X Year X Realm model was therefore the Tchange X Year X Realm

model (previous paragraph) with added terms for sign X Tchange X Tave X Years X Realm. We centered Tave
and standardized it to a variance of one to facilitate model fitting. We tested the influence of Tae on the



Tchange response by comparing the Tehange X Tave X Year X Realm model to a model with the interactions

between Tchange and Tave removed. We called the latter the (Tchange + Tave) X Year X Realm model.

We also fit a model in which we used the absolute value of latitude in place of average
temperature, to test whether distance from the equator was a simpler explanation than average
temperature. Additionally, we simulated turnover in communities with higher or lower species richness to
test whether higher richness at higher temperatures could explain a Ta.. effect; we found that it did not.

Sample sizes for Jaccard dissimilarity models were 1,134,799 pairwise dissimilarities from 40,332
time series in 304 studies that had temperature and environmental covariate data available. Slightly fewer
Morisita-Horn dissimilarities were available because time series had to report abundance, not just species
occurrence (1,104,567 dissimilarities from 39,227 time series in 264 studies). We fit models in the
glmmTMB package v. 1.1.8 (566) in R version 4.3.2 (57) and evaluated model assumptions with the
DHARMa package v. 0.4.6 (58).

To display model predictions, we plotted estimates of temporal turnover rates (change in
dissimilarity/year) or estimates of sensitivity to temperature change (change in turnover rate per change in
rate of temperature change) instead of the pairwise dissimilarities between years, since turnover rate and
sensitivity were the measures of interest. To carry the uncertainty in model predictions through to
uncertainty in the predicted slopes of dissimilarity vs. year, we sampled from the uncertainty in each point
prediction of dissimilarity using Gaussian distributions, fit linear estimates of temporal turnover, and
repeated the process 1000 times to generate a mean and standard error of turnover rates. We repeated
the process to calculate uncertainty of sensitivity. We report 95% confidence intervals as 1.96 times the
standard deviations across resampling trials for both metrics. To calculate the maximum turnover rate, we

trimmed the Tehange X Year X Realm model predictions of turnover rate to the range of observed

temperature change rates within each realm and identified the maximum rate in any realm.

We compared models with Akaike's Information Criterion (AIC), which assigns lower AIC to more
parsimonious models (i.e., higher explanatory power without over-fitting) (569). We also conducted two-
sided likelihood ratio tests of nested models to further gauge support for specific hypotheses. Given the
complexity of our dataset, we also used reshuffling to test the statistical significance of the effect of Tchange

on turnover rate by reshuffling Tcrange across time series and refitting the Tchange X Year X Realm model.

We repeated this process 1000 times to create a null distribution of sign: Tchange:Realm: Years coefficients in

which Tcrange Was not associated with turnover rates. We then compared the six observed coefficients (one
each for terrestrial, marine, and freshwater warming and cooling) against the corresponding null
distribution and calculated a reshuffling p-value as (x+1)/(n+1), where x was the number of reshuffles with
a coefficient greater or equal to the observed value, and n was the number of reshuffles (60).

To more fully examine uncertainty, we also downsampled the dissimilarities within each time
series. Time series of length y contained y(y-1)/2 pairwise dissimilarities, which were not all independent
because multiple dissimilarities relied on the same observation of species composition. We therefore

downsampled the dissimilarity time series to y dissimilarities, refit the Tchange X Year X Realm model,
extracted the six marginal effects of Tcrange (fOr each of terrestrial, marine, and freshwater warming and
cooling), and repeated the process 1000 times. We also refit the Tchange X Tave X Year X Realm model,

extracted the sensitivity to temperature change across Tave levels, and repeated the process 1000 times.

Theory suggests that the rate of dissimilarity can depend on whether species are being gained or
lost and that the magnitude of this effect depends on the initial dissimilarity between assemblages (48). To
test whether this process might affect our results, we calculated the relative proportion of species gains



and losses (propGL) in each pairwise dissimilarity as the log1o ratio of the number of gains divided by the
number of losses. We added one to the numerator and denominator to avoid infinite values. Data were
available for 1,104,567 dissimilarities in 39,277 time series in 264 studies. We then refit our models while
including a term for the interaction of initial dissimilarity, gains and losses, and the duration between

observations (Diit:propGL:Years). We included a random effect only for study because models that
additionally had a random effect for time series nested within study had difficulty converging. The results
(Extended Data Table 3) similarly supported a relationship of turnover rate to the rate of temperature
change, and also supported an interaction between average temperature and the rate of temperature

change. As another sensitivity analysis, we explored fitting the models to only time series = 7 years in
duration and found equivalent results to those reported in the main manuscript (Extended Data Table 3).

Statistical models with environmental covariates

Theory and empirical patterns suggest that the impacts of temperature change on biodiversity
change depend on the environmental context (13, 67-63). We therefore tested whether environmental
covariates modified the effects of temperature change by adding the interaction between the covariate

(cov) and the temperature change effect. The covariate model was therefore the Tchange X Tave X Year X

Realm model with added terms cov X Tcrange X Realm X Years. As covariates, we tested microclimate

variability and human impact based on hypotheses for their strong importance for biodiversity change (73,
61). We measured microclimate variability as the spatial standard deviation of time-averaged surface
temperature across all grid cells within 20 km of the central latitude and longitude of each assemblage
time series. We used temperature data from Worldclim 2.0 on land (30 arcsec resolution, ~1 km) and Bio-
ORACLE 2.2 in the ocean (5 arcmin resolution, ~9 km) (64, 65) to calculate microclimate variability. Our
index of human impact was the Bowler et al. (66) aggregate across measures of land conversion, fishing
activities, human population density, pollution, and potential for alien species invasion, thereby capturing
the multiplicity of avenues by which humans modify the landscape and seascape. We excluded climate
change indices from our metric of human impact to avoid double-counting. We standardized each
covariate to a mean of zero and variance of one to facilitate model fitting. For AIC and likelihood ratio

tests, we compared the covariate models against the Year model and against the Tchange X Tave X Year X
Realm model. We fit models to the 39,689 time series in terrestrial and marine realms and excluded

freshwater given the much smaller dataset available for this latter realm.

Comparison of alternative statistical approaches

The slopes of species compositional dissimilarity and temperature time series both contained
strong heteroskedasticity because longer-duration time series had smaller variances (Extended Data Fig.
2b, c). The magnitudes of temporal turnover also declined with time series duration (Extended Data Fig.
2b). This heteroskedasticity is a general characteristic when combining time series of different durations,
and these patterns also appeared in time series composed of Gaussian white noise (Extended Data Fig.
2d). Since heteroskedasticity can violate statistical testing assumptions and inflate false positive rates, we
tested different statistical approaches using simulated datasets to identify methods with acceptably low
false positive rates.

The test was constructed by simulating datasets analogous to time series of species dissimilarities
at increasing temporal distances, which were paired with time series of an environmental covariate like
temperature. The first time series of each pair consisted of dissimilarities that increased with temporal



distance and explicitly included pseudoreplication and non-linearity of species composition turnover (i.e.,
to mimic the downsampled species dissimilarities from empirical time series). The second time series
represented an uncorrelated environmental explanatory variable (such as temperature) and was defined
by Gaussian white noise with mean of 0 and standard deviation of 1. This second time series had the
same duration as the dissimilarity time series. For each dataset, we simulated 1000 pairs of time series—
which we pooled into 50 studies with 20 time series pairs each—to capture the hierarchical nature of our
empirical dataset (i.e. pseudoreplication within studies and within time series).

Each element of the first time series in each pair (i.e. the response variable) was generated
following:

lOgit(yijt) =D. lTllt” + (ﬁl + :Bl] —0.01 xD. lTllt”) Xt+ Eijit Eq 2

where yj: represents species composition dissimilarity in time series j from study i at time £; D.init;
represents the initial dissimilarity and is therefore the intercept, uniformly sampled for each time series
between 0 and 0.8; p; is the slope associated with study /, uniformly distributed between 0 and 0.03; g;; is
the time series-specific slope uniformly distributed between 0 and 0.005; and ¢;;, represents a Gaussian
white noise of mean 0 and standard deviation 0.1. The equation also included a term reducing the
dissimilarity slope with time by a small fraction of the value of the original dissimilarity (D. init;;) to
represent the potential influence of this original dissimilarity on the rate of change (48). We used the
inverse-logit transformation to constrain the simulated dissimilarity values to the interval [0, 1] and to
introduce non-linearity.

In addition, we evaluated the effects of time series duration in our simulated datasets. Specifically,
the simulated datasets differed in whether all the time series pairs were of the same duration (and
therefore did not suffer from heteroskedasticity) or whether the durations differed among pairs, as in many
ecological syntheses of biodiversity change. For the equal-duration datasets, we generated time series
that were all 10 years long. For the variable-duration datasets, we generated a variety of small and large
ranges of durations by generating time series between 3 and 12 (small range), 3 and 27, 3 and 52, or 3
and 102 years (large range). Durations of individual pairs of time series within a dataset were evenly
distributed between the minimum and maximum.

We then fit a series of statistical models to each dataset to test for an association between the
slopes of the time series in each pair under a null model of no correlation. This approach was analogous to
testing for a correlation between temporal turnover rates (response) and the rate of temperature change
(explanatory variable). The first statistical model tested for a non-zero Pearson product moment correlation
between the slopes of the response and explanatory variables. We calculated the slope of each time
series with a linear regression. We then used the absolute value of the explanatory time series slope to
represent the magnitude of a temperature change.

The second statistical approach was a meta-analytical model that weighted the response values by
their uncertainty, similar to those used in previous ecological time series syntheses (74). The statistical
model fitted the slope of the dissimilarity time series (estimated previously using a linear regression) as a
function of the slope of the explanatory variable (also estimated previously using a linear regression) in
glmmTMB (56) with a random intercept by study. To downweight more uncertain slopes, we specified that
dispersion in the mixed effects model was related to the standard error of the response variable slope.

The third approach was a one-stage mixed model fit directly to the response variable values, rather
than to slopes of the response variable time series. We tested the hypothesis that time series with stronger
trends in the explanatory variable had faster rates of change in dissimilarity (i.e., more positive slopes).
The model therefore included time, the absolute value of the explanatory variable slope, and an interaction
between the explanatory variable slope and time. We tested the hypothesis by examining whether the



interaction between the explanatory variable slope and time was statistically significant. To account for
initial dissimilarity, we also included terms for initial dissimilarity and its interaction with time. Because each
time series had multiple response values and time series were nested within studies, we also included
random intercepts and slopes for time series nested within studies to account for this pseudoreplication.
The model was fit in gimmTMB with Gaussian errors. These errors may not be appropriate because the
response time series was constrained to the interval [0, 1].

Finally, we fit a one-stage generalized linear mixed model with ordered beta errors in gimmTMB
(i.e., a GLMM). The fixed and random effects were the same as the previous approach, and the beta error
with logit link term accounted for the fact that the response time series was constrained to [0, 1].

We simulated 600 datasets (each with 1000 pairs of time series) for each kind of duration range to
examine false-positive rates. A false positive was counted if a given statistical test on a given dataset
reported p < 0.05. Since the time series pairs were simulated to be uncorrelated, we would expect 5% of
the datasets to produce p < 0.05 under the null hypothesis that we simulated. Values substantially higher
than this would be of concern.

All methods had low false positive rates when datasets were composed of time series of all the
same length (Extended Data Fig. 2e). The only method that retained low false positive rates with datasets
composed of different-length time series was the GLMM with beta errors (Extended Data Fig. 2e). We
used this latter method for all analyses.

Data availability

Species composition data are available from BioTIME (https://biotime.st-andrews.ac.uk/), human
impact data from Bowler et al. 2020 (pan310071-sup-0003-Supinfo2.7z from
https://doi.org/10.1002/pan3.10071), sea surface temperature from ERSST v5
(ftp://ftp.cdc.noaa.gov/Datasets/noaa.ersst.v5/sst. mnmean.nc), land surface temperature from CRU TS
v.4.03 (http://data.ceda.ac.uk/badc/cru/data/cru_ts/cru ts 4.03/data/cru ts4.03.1901.2018.tmp.dat.nc),
terrestrial microclimate data from WorldClim 2.0 (wc2.0_bio_30s_01.tif from https://worldclim.org), and
marine microclimate data from Bio-ORACLE 2.2 (https://www.bio-oracle.org/). Please see
https://doi.org/10.5281/zenodo.13905417 for additional details.

Code availability
Scripts are available from https://doi.org/10.5281/zenodo.13905417.
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Extended Data Figures and Tables
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Extended Data Figure 1. Characteristics of the assemblage time series. a) Start year. b) End year. c)
Number of years between the start and end year. d) Number of annual samples in each time series.
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Extended Data Figure 2. The effect of time series duration on turnover rates (change in
dissimilarity/yr) and the statistical challenges when time series are compared. a) Duration affects
turnover rates partly because there is a 0-1 constraint on dissimilarity, such that longer duration time
series (blue) are constrained to a shallower slope than shorter duration time series (green). b) Turnover
rates show strong heteroskedasticity with higher variance and faster rates among shorter time series. The
red line shows mean turnover rate estimated from LOESS smoothing. c) Temperature changes (°C/yr)
also showed strong heteroskedasticity with higher variance among shorter time series. The red line shows
a fit from LOESS smoothing. d) Slopes calculated from Gaussian white noise time series also show strong
heteroskedasticity with higher variance among shorter time series. The durations of the white noise time
series matched the durations in the species composition dataset. The red line shows a fit from LOESS
smoothing. e) A comparison of Type | (false positive) error rates shows that one-stage (i.e. fit directly to
dissimilarities) generalized linear mixed models (GLMMs) with ordered beta errors have an acceptably low
false positive rate when time series of different durations are analyzed together, while other common
analytical methods (Pearson correlations of time series slopes, meta-analysis of time series slopes, or
one-stage mixed effect models with Gaussian errors fit to time series data) have unacceptably high false
positive rates if time series differ in duration (range of durations > 0). All methods have low false positive
rates when time series are all the same duration (range of durations = 0). Data are presented as means
with error bars for the 95% binomial confidence bounds. f) Example of a time series with a negative
turnover rate. Data are demersal marine taxa from the Northeast Fisheries Science Center Bottom Trawl
Survey. Beta regression trend line is shown with shading for +/- one standard error.
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Extended Data Figure 3. The statistical approach was implemented via one-stage generalized linear
mixed models (GLMMs) in which the response variable was species composition dissimilarity
among years. a) The simplest model included the relationship between dissimilarity and temporal
distance among observations so that, for example, dissimilarity could increase with time. The slope of this
relationship is the turnover rate. Random intercepts and slopes helped account for variation among studies
and time series (not shown). b) We tested the hypothesis that faster rates of temperature change (Tchange)
were associated with faster accumulation of dissimilarity through time (compare red vs. blue line). This

hypothesis was statistically tested as an interaction (Tchange X Years). ¢c) We additionally tested the

hypothesis that the influence of temperature change on the turnover rate depended on average baseline
temperatures. For example, the slope of dissimilarity over time could be steeper in areas with hotter
average temperatures and fast rates of temperature change than in areas with colder average
temperatures and fast rates of temperature change (compare dashed red vs. solid red line). Statistically,

this was tested as a three-way interaction (Tchange X Tave X Years). d) Turnover rates as a function of

temperature change rates, showing an increase in turnover rate with increasing rates of temperature
change (i.e., the same relationship as panel b but summarized as rates). The slope of this relationship was
termed sensitivity (Aturnover rate/Atemperature change rate). e) Turnover rates as a function of
temperature change rates and average baseline temperatures, showing a faster increase in turnover rate
with temperature change at hotter average baseline temperatures (i.e., summarizing the same relationship
as panel c). f) Sensitivity as a function of average temperatures, showing an increase in sensitivity at
hotter average temperatures (i.e., summarizing the same relationship as in panels ¢ and e). The x-axis
could also be other environmental covariates, such as microclimates or non-climate human impacts (as in
Figure 3).
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Extended Data Figure 4. Association of turnover rate with taxonomic group and uncertainty of the
association with temperature change and average temperature. a) Turnover rate [proportion of
species per year] for studies organized by taxonomic group. Dashed lines are the averages across studies
within taxa, and the top horizontal lines indicate the 95% confidence intervals on the averages. The x- and
y-axes have been square-root transformed to facilitate visualization. b) Uncertainty in the marginal effects
of temperature change on the turnover rate, calculated by downsampling each time series of dissimilarities
(see Methods). Plot shows the individual downsampled effects (thin green lines), the average across 1000
downsampling trials (yellow line), the 95% confidence interval from downsampling (green shading), and
the mean marginal effects from the full dataset with 95% confidence intervals (black line and shading). c)
Uncertainty in the marginal effects of average temperature on the sensitivity of turnover rate to
temperature change, calculated by downsampling each time series of dissimilarities (see Methods). Plot
shows the individual downsampled effects (thin lines), the average across 1000 downsampling trials (thick
lines), and the 95% confidence interval from downsampling (vertical error bars) for warming (orange) and
cooling (blue). The mean marginal effects from the full dataset with 95% confidence intervals are also
shown (black lines and error bars).
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Extended Data Figure 5. Turnover rate model interactions. a) Interaction of Tchange (X-axis) with Tave (y-
axis) from the Tchange X Tave X Year X Realm model (Table 1). Two average temperature levels (0 °C and

25 °C) from this interaction are plotted in Fig. 2c. b) Marginal effects of temperature change on the
turnover rate (lines) as predicted from the best environmental interaction model identified by AIC

(Extended Data Table 5). The model included effects of microclimate availability (colors).



Random effect Std. Dev. Correlation of slope

& intercept
Time series ID intercept 0.362
-0.042
Time series ID Years slope 0.0252
Study ID intercept 0.797
0.801
Study ID Years slope 0.0529

Extended Data Table 1. Random effect standard deviations and correlations for the Tchange X Tave X Year

X Realm model (see Table 1).



Realm Tehange Sign ~ Term Estimate Std. Error zvalue P

Intercept -1.4 0.21 -6.5 6.8X10"
Dini 25 0.016 160 0
Year 0.079 0.015 5.2 1.9X107
Tar -0.13 0.14 -0.92 0.36
cooling [ enangel -0.063 0.034 1.8 0.067
(baseline) p, . X Year -0.09 0.0016 -56 0
[Tissal X T 0.082 0.098 0.84 0.4
Tawe X Year -0.024 0.016 15 0.13
Freshwater [Tenangel X Year 0.018 0.007 26 0.0086
(baseline) [Tenangel X Tave X Year -0.049 0.021 23 0.019
Intercept 0.11 0.074 14 0.15
Tave 0.097 0.16 0.59 0.56
[T changel 0.04 0.04 1 0.32
Year -0.02 0.0074 2.8 0.0057
warming  [Tenangel X Tave -0.075 0.11 -0.69 0.49
Tawe X Year 0.027 0.018 1.5 0.13
[Tenangel X Year -0.01 0.0087 1.2 0.24
[Tenangel X Tave X Year 0.047 0.023 21 0.037
Intercept 0.091 0.22 0.41 0.68
Tus 0.23 0.14 1.6 0.11
[Tetangel 0.048 0.034 1.4 0.17
Year 0.0018 0.016 0.11 0.91
(tf:s.:ll?r?e) Tisal X Toas -0.076 0.099 0.77 0.44
Tue X Year 0.029 0.016 1.8 0.073
[Tenangel X Year -0.015 0.0071 241 0.037
[Tenangel X Tave X Year 0.046 0.021 22 0.03
Marine Intercept -0.12 0.074 -1.6 0.1
Tow -0.092 0.16 -0.56 0.58
[Tenangel -0.027 0.041 -0.66 0.51
Year 0.012 0.0074 1.6 0.11
warming | Tenangel X Tave 0.079 0.11 0.72 0.47
Tave X Year -0.031 0.018 1.7 0.081
[Tenangel X Year 0.0078 0.0088 0.88 0.38
[Tenangel X Tave X Year -0.044 0.023 1.9 0.055
Intercept -0.43 0.22 -2 0.05
Tave 0.12 0.15 0.8 0.43
T changel 0.051 0.035 1.5 0.14
Year -0.026 0.017 1.5 0.12
(bc:s.::?r?e) Tanngel X Towe -0.09 0.099 091 0.36
Tawe X Year 0.022 0.017 1.3 0.18
[Tenangel X Year -0.019 0.0076 2.6 0.01
[Tenangel X Tave X Year 0.047 0.021 22 0.027
Terrestrial Intercept -0.12 0.083 -1.4 0.15
Tiis -0.14 017 -0.86 0.39
[Tasagal -0.036 0.042 -0.86 0.39
Year 0.013 0.0085 1.5 0.13
warming  [Tenangel X Tave 0.087 0.11 0.8 0.43
Tawe X Year -0.026 0.018 1.4 0.15
[Tenangel X Year 0.017 0.0094 1.8 0.074
[Tenangel X Tave X Year -0.045 0.023 -1.9 0.053

Extended Data Table 2. Fixed effect terms for the Tchange X Tave X Year X Realm model (see Table 1). Z

values and p-values are from Wald tests. The marine, terrestrial, and warming effects are differences from
the baseline values (Freshwater cooling).



Type Model df AIC AAIC AAIC,,,
Year 18 770215 7524 0
Realm X Year 20 770213 7523 -1.62

Gain-loss Taxon X Year 32 770236 7545 21
Tenange X Year X Realm 38 769527 6837 -688
Tenange X Tave X Year X Realm 62 762690 0 7524
Year 17 645558 637 0
Realm X Year 19 645550 629 -8.05

27 years Taxon X Year 31 645565 643 6.52
Tenange X Year X Realm 37 645421 499 137
Tenange X Tave X Year X Realm 61 644921 0 637

Extended Data Table 3. As for Table 1, but models either 1) included an additional term for the interaction
of initial dissimilarity (Dinit), the proportion of species gains vs. losses (propGL), and the duration between
observations (Years), and only included random effects for study, or 2) were fit to only time series with at

least 7 years of data.



Model df AlC AAIC AAIC,,,

Year 17 461437 1231 0

Realm X Year 19 -461434 1234 3.04
Taxon X Year 31 -461419 1248 17.4
(Tenange +Year) X Realm 28 -461481 1187 -43.9
Tenange X Year X Realm 37 461633 1035 -196
(Tenange + Tave) X Year X Realm 43 -462327 341 -890
Tenange X Tave X Year X Realm 61 -462668 0 -1231

Extended Data Table 4. Comparison of models of temporal turnover calculated with abundance-based
Morisita-Horn dissimilarities with or without the temperature change (Tcrange) and average temperature
(Tave). Details as in Table 1. The most parsimonious model (highlighted in bold) included both Tchange and

Ta ve-



Model

df

AIC

AAIC,,

AAIC,,

1 Year
2 Tenange X Tave X Year X Realm

Micro X T hange X Year X Realm
* Tenange X Tave X Year X Realm

Human X T a0 X Year X Realm
+ Tenange X Tave X Year X Realm

52

52

669151

668404

668374

668386

746

-30.8

-18.1

-746

777

-764

Extended Data Table 5. Comparison of models of temporal turnover with or without environmental
covariates. Models with microclimate variability (#3, Micro) or human impact (#4, Human) were favored
over the simplest Year model (#1) with dissimilarity as a function of year, shown as negative AAIC..i and
were also favored over a model with only temperature (#2), shown as negative AAICiemp. Columns show
the degrees of freedom (df), Akaike's Information Criterion (AIC) compared to the AIC of the model with
only temperature (AAICiemp), and AIC compared to the null model (AAIChui). The favored model is shown in

bold.





