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Spatial variation in absolute climatic conditions (means, maxima or minima) is widely acknowledged to play a fundamen-
tal role in controlling species diversity patterns. In contrast, while evidence is accumulating that variability around mean 
climatic conditions may also influence species coexistence and persistence, the importance of spatial variation in temporal 
climatic variability for species diversity is still largely unknown. We used a unique dataset capturing fine-scale spatial 
heterogeneity in temperature variability across 2490 plots in southeast Australia to examine the comparative strength of 
absolute temperature and temperature variability in explaining spatial variation in plant diversity. Across all plots combined 
and in three of five forest types, temperature variability emerged as the better predictor of diversity. In all but one forest 
type, diversity also exhibited either a significant unimodal or positive linear correlation with temperature variability. This 
relationship is consistent with theory that predicts diversity will initially increase along a climate variability gradient due 
to temporal niche partitioning, but at an intermediary point, may decline as the risk of stochastic extinction exceeds com-
petitive stabilization. These findings provide critical empirical evidence of a linkage between spatial variation in temporal 
climate variability and plant species diversity, and in light of changing climate variability regimes, highlight the need for 
ecologists to expand their purview beyond absolutes and averages.

Ecologists have long been interested in the role of environ-
mental gradients in driving patterns of biodiversity (Fox 
et al. 2011). The relationship between species richness and 
spatial variation in climatic conditions, such as temperature 
and rainfall, has in particular received considerable atten-
tion (O’Brien 1998, Currie et al. 2004, Kozak and Wiens 
2012). While the overarching emphasis has been on richness 
responses to spatial variation in mean (including maxima 
or minima) climate variables, recent evidence indicates that 
deterministic and stochastic elements of variability around 
mean climatic conditions may play an underappreciated role 
in species coexistence and persistence, and therefore in the 
maintenance of species diversity (Chesson 2000, Levine and 
Rees 2004, Adler et al. 2006). At the same time, the spectre 
of altered climatic variability regimes under future climates, 
including more frequent extreme weather events (Easterling 
et al. 2000, IPPC 2007, Hansen et al. 2012), is providing 
an urgent mandate for ecologists to expand their purview 
beyond mean climate measures (Adler and Drake 2008, 
Shurin et al. 2010, White et al. 2010).

At broad biogeographic scales, gradients in climatic means 
undoubtedly have a fundamental role in controlling richness 
gradients (Francis and Currie 2003). But at the local scale, 

where ecological processes such as competition take increas-
ing precedence, contemporary coexistence theory makes a 
salient argument for giving greater consideration to fluctua-
tions around mean climate. Specifically, coexistence theory 
stipulates that under certain conditions variability can stabi-
lize competition, and thus promote diversity, by increasing 
the number of temporal niches available within a fixed space 
(temporal niche partitioning) (Chesson and Huntly 1997, 
Chesson 2000). Competitive stabilization occurs when com-
peting species prosper under different conditions, and have 
the ability to ‘bank’ fitness gains made during good times via 
what are termed ‘storage effects’, such as long-lived adults or 
seed banks (Chesson 2000). At the same time, it is widely 
recognised by practitioners of population viability analysis 
that too much environmental variability can be detrimental 
to population persistence because it reduces long-term pop-
ulation growth rates and increases vulnerability to stochastic 
extinction (Alvarez 2001, Boyce et al. 2006). These differ-
ing perspectives make opposing predictions on the long-run  
trajectory of species diversity under climatic variability 
(Levine and Rees 2004), but in some instances may be 
expected to generate a richness peak at intermediate levels of 
climate variability (Adler and Drake 2008).
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Unlike the rich body of literature providing evidence for 
broad scale richness-responses along mean climatic gradients 
(as reviewed in Pausas and Austin 2001), evidence relating 
temporal climate fluctuations to species coexistence and 
diversity has only recently begun to accumulate (White et al. 
2010). The favoured approach has been to analyse histori-
cal population dynamics amongst coexisting plant species in 
temporally variable environments (Levine and Rees 2004, 
Adler et al. 2006, 2009, Angert et al. 2009), but a small 
number of studies have employed alternative approaches 
including lab-based microcosm experiments (Descamps-
Julien and Gonzalez 2005, Jiang and Morin 2007, Tuck and 
Romanuk 2012) and comparative analyses of species rich-
ness across sites characterized by different levels of climate 
variability (Shurin et al. 2010). Notably, in their study of 
lake zooplankton communities, Shurin et al. (2010) dem-
onstrated that richness increased with increasing tempo-
ral variability in water temperature and was more strongly 
correlated with variability than mean temperature. To our 
knowledge theirs is the only study to date to relate spatial 
variation in within-community species diversity to temporal 
climate variability.

In a recent review, White et al. (2010) highlighted the 
need for more comparative spatial studies on diversity– 
variability relationships to complement the traditional 
emphasis on population dynamics. A novel approach to 
testing diversity–variability relationships that reduces the 
confounding effects of large-scale climate patterns is to com-
pare diversity at sites that share the same regional climate 
but exhibit heterogeneous temporal climate variability at 
the landscape-scale. For instance, organisms occupying a 
sheltered gully will typically experience less climatic variabil-
ity, over various time-scales, than those inhabiting a nearby 
ridgeline. Capturing this fine-scale heterogeneity in climate 
variability across landscapes was until recently constrained 
by the limited availability of accurate climate data at fine 
spatial scales. Indeed, the coarse-scale grids routinely utilized 
by ecologists for modelling species distributions are inap-
propriate for this purpose because they are typically derived 
from data collected by standardized weather stations (i.e. 
sparsely distributed Stevenson screens positioned at ∼1.5–2 
m on flat, cleared terrain) which are specifically designed to 
reduce the effects of landscape features, such as topographic 
shelter, that generate fine-scale heterogeneity (Ashcroft and 
Gollan 2012). Fortunately, the availability of small, low-cost 
microclimatic sensors has made it more viable for research-
ers to produce fine-resolution climate surfaces that consider 
the effects of a much wider variety of climate forcing factors, 
including cold air drainage, topographic exposure and can-
opy cover (Ashcroft and Gollan 2012, Ashcroft et al. 2012). 
With these sensors and methods it is possible to produce cli-
mate surfaces that are more tightly coupled to the conditions 
experienced by most organisms.

Here we provide a unique analysis of the influence of 
temporal climate variability on species diversity in the ter-
restrial plant realm. To explore the relationship between tem-
poral climate variability and plant diversity we assembled a 
dataset comprising  2400 standardized floristic plots from 
temperate forests in southeast Australia, together with fine-
resolution climate grids derived from data collected over two 
years by near surface climate loggers (Ashcroft et al. 2012). 

Our two main objectives were: 1) to compare the relative 
strength of temperature variability and absolute temperature, 
alongside other climate variables, as predictors of plant spe-
cies diversity; and 2) to investigate the shape of the relation-
ship between temperature variability and species diversity; 
i.e. does it exhibit consistency with either the predictions of 
coexistence theory (positive monotonic relationship), popu-
lation viability theory (negative monotonic relationship) or a 
unified unimodal model (sensu Adler and Drake 2008).

Material and methods

Study area

The study area comprises approximately 60 000 km2 in  
the Hunter Valley region of New South Wales, Australia  
(Fig. 1). Although parts of the region have been cleared or 
modified for agriculture and mining, there remain large 
patches of native vegetation within protected areas, includ-
ing parts of two world heritage sites. These relatively undis-
turbed areas are topographically complex with an altitudinal 
range of  1400 m. The vegetation is dominated by dry and 
wet sclerophyll eucalypt forest, with smaller areas of heath, 
upland swamp, and temperate rainforest (Keith 2004).

Floristic data

Floristic data was assembled from the New South Wales 
Office and Environment and Heritage’s YETI 3.2 vegetation 
plot database (www.environment.nsw.gov.au/research/
VISplot.htm). Before performing analyses, the metadata 
for all surveys conducted in the study area were intensively 
scrutinized to ensure included records were from plots  
of a standard size (0.04 ha) and sampling effort; comprised 
a complete list of vascular plants; were accurately geo- 
referenced; and coincided geographically with regions 
mapped as native vegetation types on digitized maps. After 
implementing the evaluation criteria, a total of 2490 stan-
dardized 0.04 ha full-floristic plot records conducted between 
1998 and 2010 were included in the analysis.

Interspecific competition can occur between plants dif-
fering in size by several orders of magnitude. For instance, 
herbaceous species are known to limit the establishment 
of tree seedlings or even compete directly with adult trees 
(Riginos 2009). All vascular plants were therefore included 
in the assessment of species richness, which was quantified 
as the total number of species in each quadrat and ranged 
from 3 to 108 in any given plot, with a sum total of 2889 
species representing 189 families. To evaluate whether 
observed response patterns varied across different growth-
forms, supplementary analyses were performed on richness 
quantified for two separate groups: trees or arborescent 
shrubs; and all other growth-forms (hereafter trees and 
non-trees). Allotment of species into these groups was based 
on descriptions given in published floras (Harden 1993), 
and may not reflect the actual growth form at a particular 
site. We performed all analyses on both the entire dataset 
and on subsets of the data grouped by forest type, which 
enabled us to explore whether the relationship between 
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richness and climate variability varies between habitats, as 
has been shown for richness–disturbance relationships in 
wet vs dry forests (Bongers et al. 2009). The exclusion of all 
forest types (derived from digitized maps) with  50 plots 
allowed for the partitioning of the data into five distinct 
forest types: grassy woodlands (GW; n  225), dry sclero-
phyll forest (DSF; n  1600), wet sclerophyll forest (WSF; 
n  349), rainforest (RF; n  101), and forested wetlands 
(FW; n  215).

Environmental data

For the purposes of the study we refer to absolute tempera-
ture as any variable that provides an indication of the extreme 
or mean temperature at a site, but does not provide any indi-
cation of variability around extreme/mean temperature. For 
instance, two sites might have a mean annual temperature 
of 20°C, but while one might experience relatively constant 
temperatures throughout the year, the other might fluctuate 
seasonally from a low of 5°C to a high of 35°C. Although 
there are a number of approaches to quantifying absolute 
temperature, we specifically focused on extreme tempera-
ture, rather than mean temperature, as extreme temperature 
is more tightly coupled with fine-scale topographical hetero-
geneity (Suggitt et al. 2011); is more likely to affect indi-
vidual fitness than mean temperature (Stenseth et al. 2002, 
Reyer et al. 2013); and is predicted to fluctuate with greater 
frequency under climate change (Smith 2011). As such, we 
defined absolute (extreme) temperature as the 95th percentile  

of daily maximum temperature and 5th percentile of daily 
minimum temperature over a one-year period.

For each quadrat location, temperature variables were 
extracted from a series of fine-resolution (25 m) topoclimatic 
grids interpolated from 113 climate loggers deployed within 
the study area for a total of 666 d from June 2009 to May 
2011 (Fig. 1). To produce the grids of absolute temperature 
and temperature variability, the topoclimatic data was inter-
polated using a regional regression approach (Daly 2006), 
which involves fitting a multiple linear regression of tem-
perature variables against climate-forcing factors including 
elevation, distance to coast, canopy cover, latitude, cold-air 
drainage, and topographic exposure (see Ashcroft and Gollan 
2012 for full details). Variability in maximum temperature 
was initially partitioned into three time-scales: 1) intra-
seasonal variation in maximum temperatures, calculated as  
the 95th percentile of summer (December–February) maxi-
mums minus the 5th percentile of summer maximums;  
2) intra-annual variation in maximum temperatures, calcu-
lated as the 95th percentile of summer (December–February) 
maximum temperatures minus the 95th percentile of winter 
(June–August) maximum temperatures; and 3) inter-annual 
variation in maximum temperatures, calculated as the dif-
ference in the 95th percentile of maximum temperatures 
between the two years. In order to obtain a measure of overall 
variability in maximum temperature, we then calculated the 
average of the three variability grids at each locality (Ashcroft 
and Gollan 2012, Ashcroft et al. 2012). To enable compara-
tive analyses of temperature variability against other absolute 
climate variables, we also extracted the raw maximum and 

Figure 1. Map of greater Hunter Valley study area (31.4–33.4°S, 149.4–152.6°E) showing locations of survey plots (white triangles) and 
climate loggers (black circles) overlaid on topoclimatic grid (25  25 m) of near-surface average variability in maximum temperature. Light 
to dark shading indicates transition from variable to stable localities.
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from the pool of climate variables (plus canopy cover) in 
Table 1. Prior to model selection, independent relationships 
(linear and quadratic) between species richness and each 
potential explanatory variable were evaluated for signifi-
cance. To mitigate the problematic effects of collinearity in 
explanatory variables (Dormann et al. 2012), we evaluated 
correlations between all significant variables. Wherever two 
variables were strongly correlated (Pearson’s |r|  0.7), we 
excluded the variable exhibiting the weakest (greater QAIC) 
independent relationship with species richness.

Model selection was performed using the dredge func-
tion in the R package ‘MuMIN’ (Barton 2012), whereby 
GLMs with quasi-Poisson error distributions were run for 
all variable combinations in each forest type and were eval-
uated and ranked according to their QAIC. We intention-
ally employed such an indiscriminate method in order to 
make any inference on the relationship between tempera-
ture variability (1 factor), versus absolute climate variables 
(14 factors) (Table 1), and species richness as conservative 
as possible. That is to say our approach ensured we would 
only conclude there was a significant relationship between 
richness and temperature variability if no other factors 
could explain this trend.

To evaluate the predictive power of each explanatory 
variable, we first constructed a 95% confidence set of mod-
els for each forest type by summing the cumulative Akaike 
weights, wi, of the highest ranked models until the sum 
exceeded 0.95. The relative importance of each variable was 
then calculated as the sum of the Akaike weights ‘w(j)’ for 
all the models in which the variable of interest occurred in 
the 95% confidence set. Model averaging was finally applied 
to determine model averaged parameter coefficients for the 
95% confidence set of models in each forest type (Burnham 
and Anderson 2002).

Given the spatially clustered nature of some of the quad-
rats, we tested for spatial autocorrelation using Moran’s I 
tests. Moran’s I tests revealed significant autocorrelation in 
the residuals of the global models for each habitat type. 
While there a number of methods for dealing with spatial 
auto-correlation in normally distributed data, the avail-
able methods for dealing with non-normal data are more 
limited, and either suffer from a lack of precision in their 
ability to accurately estimate model coefficients (Dormann 

minimum temperature and humidity data (95th and 5th 
percentile of maximum and minimum temperatures) from 
the topoclimate surfaces, as well as five measures of rainfall 
derived from BioClim (Houlder et al. 2003). Given that 
variability in minimum temperature was strongly correlated 
with absolute climate factors, we constrained our measure 
of variability to variability in maximum temperatures, while 
also controlling for potential direct effects of canopy cover 
on species richness by including remotely sensed canopy 
cover estimates (DECC 2008) as covariables in the multiple 
predictor models. The complete list of variables is provided 
in Table 1. All explanatory variables were Z-standardized.

Analysis

In order to provide a direct comparison between temperature 
variability and absolute temperature as predictors of plant 
species richness (Objective 1), we first fitted single-predictor 
generalized linear models (GLMs) for species richness as a 
quadratic and a linear function of each of average variability 
in maximum temperatures and the 95th percentile of maxi-
mum temperatures. This simultaneously enabled us to inves-
tigate the shape of the relationship between species richness 
and climate variability in each forest type (Objective 2). The 
models were initially fitted with Poisson error-distributions 
to account for the strictly non-normal distribution of count 
data, but due to overdispersion (variance  mean) we sub-
sequently corrected the standard errors using a quasi-Poisson 
GLM model. For all significant quadratic and linear terms, 
we calculated the quasi-AIC (QAIC) value, a modification of 
AIC based on quasi-likelihood appropriate for overdispersed 
response variables (Burnham and Anderson 2002), and the 
percent deviance explained by the model as: [1 – (observed 
deviance – residual deviance)]  100. If both linear and qua-
dratic models showed statistical significance, we chose the 
model with the lowest QAIC value (using the dispersion 
parameter derived from the global quadratic model).

To determine how important temperature variability 
was, compared to other climate variables in predicting spe-
cies richness patterns across the different forest types, we 
employed a multi-model information theoretic approach 
(Burnham and Anderson 2002). The explanatory variables 
available for inclusion in the master model were first selected 

Table 1. Factors available for selection as correlates of species richness in multi-variable models.

Variable Abbreviation Source

Average variability in 95th percentile of maximum temperature VarMT Ashcroft et al. 2012
95th percentile of maximum temperature MaxT95 Ashcroft and Gollan 2012
5th percentile of maximum temperature MaxT5 Ashcroft and Gollan 2012
95th percentile of minimum temperature MinT95 Ashcroft and Gollan 2012
5th percentile of minimum temperature MinT5 Ashcroft and Gollan 2012
95th percentile of maximum humidity MaxH95 Ashcroft and Gollan 2012
5th percentile of maximum humidity MaxH5 Ashcroft and Gollan 2012
95th percentile of minimum humidity MinH95 Ashcroft and Gollan 2012
5th percentile of minimum humidity MinH5 Ashcroft and Gollan 2012
Mean annual precipitation AP Bioclim
Precipitation of warmest quarter PWaQ Bioclim
Precipitation of coldest quarter PCQ Bioclim
Precipitation of driest quarter PDQ Bioclim
Precipitation of wettest quarter PWeQ Bioclim
Canopy cover CC DECC 2008
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similar to those observed for all vascular plants, with the 
exception of dry sclerophyll forest and rainforest, where there 
was very little difference in performance between absolute 
temperature and temperature variability (Supplementary 
material Appendix 1, Table A5).

As is to be expected, a number of the climate variables 
available for model selection were highly correlated (|r| 
 0.7), necessitating the exclusion of the weaker ( QAIC) 
of each collinear pair (Supplementary material Appendix 
1, Table A2). Variability in maximum temperature gener-
ally exhibited weak to moderate collinearity with the other 
variables, but in dry sclerophyll forest it was strongly nega-
tively correlated with the 95th percentile of minimum tem-
perature (r  0.704), while in forested wetlands it was 
strongly negatively correlated with both precipitation of the 
driest quarter (r  0.746) and precipitation of the coldest 
quarter (r  0.734). In each instance, variability in maxi-
mum temperature exhibited the lowest QAIC and thus was 
retained.

In the multiple-predictor models, variability in maxi-
mum temperature emerged as an important predictor of spe-
cies richness relative to the absolute climate variables across 
all plots combined and in all forest types with the excep-
tion of grassy woodlands (Table 3, Supplementary material 
Appendix 1, Table A3). In particular, variability in maxi-
mum temperatures was the single most important climate 
variable explaining species richness in wet sclerophyll forests, 
and the joint most important variable (together with the 5th 
percentile of maximum humidity) in forested wetlands. In 
rainforest variability in maximum temperature was the joint 
third most important variable, while in dry sclerophyll forest 
and all plots combined, almost all the variables, including 
variability in maximum temperature, occurred in the 95% 
confidence set of best models.

In support of the single-predictor models, coefficient esti-
mates derived from model averaging confirmed that species 
richness was consistently best modelled as a significant nega-
tive quadratic function of variability in maximum tempera-
ture in three of five forest types, as well as the combined data. 
Exceptions were forested wetlands, for which variability in 
maximum temperature was consistently positive and linear, 
and grassy woodlands where non-significant univariate mod-
els precluded the inclusion of variability in maximum tem-
perature in the model selection process.

The global models for all forest types and all plots com-
bined exhibited significant spatial correlation in the residu-
als. However, parameter estimates obtained with spatial 
regression models (SAR error models) were almost identical 
in sign and significance to those obtained with non-spatial 
GLMs (Supplementary material Appendix 1, Table A1). 
In particular, the sign and significance of the linear and 
quadratic terms for variability in maximum temperature 
were consistent across almost all global models, regardless 
of whether the models were regressed using a non-spatial 
quasi-Poisson model, a non-spatial Gaussian model or a 
spatially sensitive SAR error model. The only exception was 
for dry sclerophyll forest where the quadratic term for vari-
ability in maximum temperature was no longer significant 
when modelled using SAR models. We therefore concluded 
that the results were largely insensitive to spatial autocor-
relation in the data.

et al. 2007), or have only been tested on a limited num-
ber of datasets (Murphy et al. 2010). However, because 
the coefficients obtained in our models are almost identi-
cal to those obtained assuming normally distributed data 
(Supplementary material Appendix 1, Table A1), we were 
satisfied that running simultaneous autoregressive (SAR) 
models, an effective approach to removing spatial autocor-
relation from residuals assuming normal error distribu-
tions (Kissling and Carl 2008), would provide a valid test 
of the effect of spatial autocorrelation on the model results. 
SAR models were generated using the R package ‘spdep’ 
(Bivand 2012).

Results

The percentage variation in species richness explained 
by temperature variability in the single-predictor models 
followed an increasing trend from the driest to the wet-
test (based on annual precipitation) forest types (Table 2, 
Supplementary material Appendix 1, Fig. A1). Variability in 
maximum temperature performed better (greater explana-
tory power) than absolute maximum temperature as a uni-
variate predictor of species richness in all plots combined 
and in the three wetter forest types but performed poorer in 
the two driest forest types: grassy woodland and dry sclero-
phyll forest (Table 2). Species richness exhibited a significant 
(p  0.05) unimodal relationship with temperature variabil-
ity across all plots combined and across all individual forest 
types, with the exception of forested wetlands and grassy 
woodlands, which showed a significant positive linear rela-
tionship and no relationship respectively (Fig. 2). Relative 
performance of the two temperature metrics in predicting 
tree species richness were similar to those described for all 
vascular plants in each of the five different forest types,  
but in all plots combined absolute temperature performed 
better than temperature variability (12.8 vs 5.1 percentage 
deviance explained) (Supplementary material Appendix 1,  
Table A4). For all non-tree species, patterns were again  

Table 2. Percentage deviance explained by variability in maximum 
temperature (VarMT) and absolute maximum temperature 
(MaxT95) as independent predictors of species richness, and the 
range of percentage deviance explained in the 95% confidence set 
of multiple predictor models for each forest type and all plots com-
bined (ALL  all plots combined, DSF  dry sclerophyll forest, 
WSF  wet sclerophyll forest, GW  grassy woodland, RF  rain-
forest and FW  forested wetlands). Non-significant results are 
shown in brackets. The ratio VarMT/MaxT95 provides a measure of 
the relative explanatory power of temperature variability and abso-
lute temperature.

Single-predictor 
models

Relative  
explanatory  

power (VarMT/ 
MaxT95)

Multiple-predictor  
models 95%  

confidence set*VarMT MaxT95

ALL 4.85 1.00 4.9 16.19–16.49
GW (0.64) 6.56 0.1 11.11–12.03
DSF 1.94 3.32 0.6 17.35–17.61
WSF 10.32 3.63 2.8 13.50–16.82
RF 13.03 (4.65) 2.9 29.35–38.15
FW 19.28 10.90 1.8 26.27–31.10

 *see Supplementary material Appendix 1, Table A3 for models com-
prising the 95% confidence set.
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spatial variation in temporal climate variability and plant 
species diversity at local scales.

It is instructive that in both the single- and multiple-
predictor models the performance of temperature variability 
as a predictor of plant diversity increased from the driest to 
the wettest forest types, which would suggest that tempera-
ture variability has a more crucial role in structuring plant 
communities where water is non-limiting. However, given 
that absolute temperature also performed poorly as a pre-
dictor of species richness in the drier forest types, we can-
not rule out the possibility of higher level water–energy 
dynamics precluding richness responses to temperature in 
dry habitats (Francis and Currie 2003). It is also likely that 
the greater frequency of fires in dry forest types (Clarke et al. 
2005) supersedes the influence of climatic factors, such as 
temperature, on species richness patterns. Indeed, the best 
multiple-predictor models for grassy woodlands, the driest 
vegetation type in our study, were poorer than all other forest 
types in explaining variation in species richness, suggesting 
that climate factors in general may have a less important role 
in structuring plant communities in drier habitats. Notably, 

Discussion

The results of this study provide novel evidence that at 
local spatial scales temperature variability may be a bet-
ter predictor of plant species diversity than absolute mea-
sures of temperature such as means, maxima, or minima. 
Specifically, our most important finding was that across all 
plots combined and in three of five individual forest types, 
the explanatory power of temperature variability was in the 
order of around two to five times that of absolute tempera-
ture (Table 2). This relationship supports the contention 
that spatial variation in temporal temperature variability 
plays a more important role in regulating species coexis-
tence and persistence than comparative spatial variation 
in absolute temperature. In a previous study that com-
pared diversity patterns across localities differing in their 
temporal climate variability profile, Shurin et al. (2010) 
similarly found that variation in freshwater zooplankton 
richness was better explained by temperature variability 
than mean temperature. To our knowledge these results 
provide the first empirical evidence of a linkage between 

Figure 2. Relationship between species richness and average variability in maximum temperature (VarMT) in: all plots combined (All, 
n  2490) (a), dry sclerophyll forest (DSF, n  1600) (b), wet sclerophyll forest (WSF, n  349) (c), grassy woodland (GW, n  255) (d), 
rainforest (RF, n  101) (e), and forested wetlands (FW, n  215) (f ). Solid grey lines are the lines of best fit for significant single-predictor 
GLMs (linear model in FW exhibits slight upward curvature due to log-link function of Poisson regression). Percentage deviance explained 
by each model is given in Table 2.
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in wet sclerophyll forest, 13.03% in rainforest and 19.28%  
in forested wetlands), yet the shape differed between them 
(two unimodal and one positive linear response). As such, 
these results suggest climate variability may play a more sig-
nificant role in determining species richness at the within-
community level rather than across communities.

One potential source of uncertainty in our analyses 
arises from the necessary interpolation of the climate data 
to obtain climate measures at each of the quadrat locations. 
However, because the identical interpolation method was 
used for both temperature variability and absolute measures 
of temperature, this should not have introduced any bias 
into the analyses. As such, while uncertainty derived from 
the interpolation may have weakened the overall explana-
tory power of all variables, the relative performance of 
temperature variability versus absolute temperature should 
have been unaffected. It is also notable that our estimate of 
temperature variability is likely subject to some measure-
ment error on account of the climate model being derived 
from only two years of data, which may dilute its explana-
tory power. In particular the estimates of inter-annual vari-
ability would presumably benefit most significantly from 
a longer time-series as more climatically extreme years 
are sampled. Nevertheless, we are confident that the loca-
tions we identify as variable/stable are relatively static in 
their positioning along the variability gradients given their  

Bongers et al. (2009) found that a disturbance index inte-
grating primarily non-climatic variables such as logging and 
fire was better at explaining variation in tree species diversity 
in dry forest types than in wet forest types. This is consis-
tent with our findings that climatic factors appear to be less 
important drivers of richness patterns in dry habitats than 
mesic habitats.

The statistically strong independent relationship between 
temperature variability and species richness for all forest types 
combined is counterbalanced by weak explanatory power 
(4.85%), albeit within the range typical of many ecological 
studies (Møller and Jennions 2002) and almost five times 
that explained by absolute temperature. One plausible expla-
nation is that factors other than temperature variability exert 
a stronger influence on species richness in our study area. A 
number of variables that were not included in the models 
may be expected to exert a substantial influence on fine-scale 
richness patterns, including soil and nutrient profiles, water 
availability, fire frequency, logging history and other forms 
of anthropogenic disturbance (Pausas and Austin 2001). It is 
also possible that inconsistencies in the shape of the richness 
response across the individual forest types will serve to cancel 
each other out, precipitating a weak relationship across all 
plots combined. For example, percentage variability in spe-
cies richness explained univariately by temperature variabil-
ity was comparatively high in the wetter forest types (10.32% 

Table 3. Coefficient estimates, standard errors and associated p-values (*p  0.05, **p  0.01, ***p  0.001) of model averaged parameters 
in the 95% confidence set for each forest type. Summed Akaike weights [w  (j)] provide a measure of the importance of each covariate. 
(ALL  all plots combined, DSF  dry sclerophyll forest, WSF  wet sclerophyll forest, GW  grassy woodland, RF  rainforest and  
FW  forested wetlands.

ALL  
Variable Estimate SE p w(j)

GW  
Variable Estimate SE p w(j)

DSF  
Variable Estimate SE p w(j)

VarMT 1.45 0.33 *** PWaQ 0.79 0.22 *** VarMT 0.02 0.32
VarMT2 2.61 0.22 *** 1.00 PWaQ2 1.61 0.20 *** 1.00 VarMT2 1.51 0.20 *** 1.00
MinT5 2.84 0.45 *** MinT5 0.45 0.18 * MinT5 0.16 0.33
MinT52 2.21 0.18 *** 1.00 MinT52 0.14 0.18 0.20 MinT52 1.55 0.17 *** 1.00
MinT95 3.61 0.51 *** MaxH5 0.29 0.19 MaxH5 0.40 0.30
MinT952 0.01 0.37 1.00 MaxH52 0.09 0.18 0.16 MaxH52 1.74 0.2 *** 1.00
MaxH5 3.47 0.47 *** MaxH95 0.41 0.22 . MaxH95 0.72 0.29 *
MaxH52 2.77 0.21 *** 1.00 MaxH952 0.17 0.23 0.11 MaxH952 1.59 0.19 *** 1.00
MaxH95 0.76 0.39 . MinH5 1.88 0.44 ***
MaxH952 0.66 0.26 * 0.43 MinH52 1.19 0.22 *** 1.00
MinH5 2.91 0.43 *** PCQ 0.91 0.36 *
MinH52 1.80 0.24 *** 1.00 PCQ2 2.73 0.24 *** 1.00
PCQ 0.52 0.38 CC 1.02 0.23 *** 0.83
PCQ2 4.00 0.23 *** 1.00
CC 1.07 0.23 *** 0.86

WSF  
Variable Estimate SE p w(j)

RF  
Variable Estimate SE p w(j)

FW  
Variable Estimate SE p w(j)

VarMT 0.25 0.24 MaxH95 0.84 0.46 . VarMT 2.01 0.31 *** 1.00
VarMT2 1.60 0.20 *** 1.00 MaxH952 1.51 0.65 * 0.82 MaxH5 1.98 0.27 ***
PDQ 0.64 0.23 ** MinT95 1.64 0.39 *** MaxH52 1.44 0.25 *** 1.00
PDQ2 0.74 0.19 *** 0.98 MinT952 1.48 0.36 *** 0.76 MinT95 1.32 0.35 ***
MaxT5 0.14 0.28 VarMT 1.04 0.52 * MinT952 0.28 0.19 0.87
MaxT52 0.67 0.20 ** 0.56 VarMT2 0.55 0.23 * 0.45 MaxH95 1.34 0.33 *** 0.81
MaxT95 0.08 0.29 PDQ 0.01 0.42 AP 0.21 0.38 0.28
MaxT952 0.56 0.21 ** 0.40 PDQ2 1.01 0.31 ** 0.45 MinH5 0.79 0.55
MinH95 0.17 0.18 MinH5 0.70 0.41 . MinH52 0.15 0.22 0.23
MinH952 0.40 0.18 * 0.31 MinH52 0.01 0.23 0.20 MaxT95 0.83 0.67
MinT5 0.10 0.22 MaxT952 0.14 0.21 0.22
MinT52 0.07 0.18 0.11
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in some environments and over shorter time-scales, actually 
limit the maintenance of species diversity. This contention 
that the relative influence of climate variability on diversity 
may vary between ecological and evolutionary time scales, 
and across spatial scales, is particularly pertinent to the 
identification of refugia under future climates. Both short 
and long period environmental stochasticity is thought to 
be detrimental to the persistence of relict populations under 
climate change (Hampe and Jump 2011), yet our results 
suggest sites that maintain high rates of occupancy under 
future climate regimes may not necessarily be those that are 
the most climatically stable at fine spatial scales.

Conclusion

In light of changes to climate variability regimes under cli-
mate change, empirical studies of this kind highlight the 
need for ecologists to broaden their focus beyond mean 
climate shifts. As evidenced in our system, it is likely that 
the comparative influence of variability and absolute climate 
on community structuring is conditional on multiple limit-
ing factors. Our ability to predict where, when and at what 
spatio-temporal scales climatic variability or absolutes take 
precedence will benefit from further empirical research in 
different taxa and communities. To complement the array 
of experimental and population demographic approaches, 
we hope that the observational evidence presented here will 
provide motivation for others to investigate the strength and 
shape of richness–variability relationships across space in 
other systems.
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