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1  |  INTRODUC TION

Detecting anthropogenic impacts on ecological communities re-
mains an important goal for ecologists. Community based size- 
metrics, such as individual size distributions (ISD; also known as 
abundance size spectrum), have been proposed as a universal indi-
cator of ecological status (Petchey & Belgrano, 2010). Many funda-
mental aspects of an organism's biology are controlled by body size, 
including metabolic rate, life history characteristics, diet breadth, 
and trophic position (Brown et al., 2004; Peters, 1983; West et al., 
2001; White et al., 2007; Woodward et al., 2005). An individual's 
body size is tightly coupled with its metabolic rate (West et al., 2001) 
and body size also predicts biomass turnover at the population level 
(Brown et al., 2004). Due to gape limitation, particularly in aquatic 

environments, body size often determines predator– prey interac-
tions, and is therefore related to trophic level (Barnes et al., 2010) 
and food web structure (Kerr & Dickie, 2001).

Communities are often characterized by a strong negative re-
lationship between the abundance of individuals and body size 
(Sprules & Barth, 2015; White et al., 2007), and this decline is re-
lated to the trophic transfer efficiency between prey and their 
predators (Brown & Gillooly, 2003; Sprules & Barth, 2015; Trebilco 
et al., 2013). Therefore, size- based metrics offer an integrated mea-
sure for assessing ecological structure and function across commu-
nities (Perkins et al., 2018; Robinson et al., 2017), and can detect 
community- level responses to environmental stressors (Dossena 
et al., 2012; Jennings & Blanchard, 2004; Layer et al., 2011; Petchey 
& Belgrano, 2010; Pomeranz et al., 2019).
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Individual size distributions characterize the abundance (N) 
of individuals (regardless of species) with body size (M) and are 
well- described by a simple power law: N ~ Mλ. The exponent of 
this relationship is often estimated from the linear slope of log- 
log plots (i.e. log(N) = λ × log(M)) after grouping individuals into 
bins based on body size. However, it can also be estimated directly 
using maximum likelihood methods (Robinson et al., 2017; Sprules 
& Barth, 2015; White et al., 2008). Throughout the rest of this 
paper, “size spectra slopes” refers to the slope of the relationship 
in log- log transformed variables, and “ISD exponent” refers to the 
maximum likelihood estimate of individual- level data (Supporting 
Information). The ISD relationship has theoretical backing based 
on metabolic scaling theory (Brown et al., 2004) and has received 
strong empirical support from a number of studies from diverse 
ecosystems (Blanchard et al., 2017; Jennings & Blanchard, 2004; 
Mazurkiewicz et al., 2019, 2020; Sheldon et al., 1972; Trebilco 
et al., 2013).

Because size spectra are based on body size and body size is 
influenced by temperature (Atkinson, 1994; Bergmann, 1847), it is 
widely expected that size spectra will change across gradients of 
environmental temperature. This prediction is derived from several 
ecological rules (e.g., temperature- size rule in individuals, Atkinson, 
1994; smaller mean body size across populations, Bergmann, 1847) 
and forms a central tenet of macroecological theory (e.g., Baiser 
et al., 2019). In general, increases in temperature are predicted to 
lead to steeper (more negative) ISD exponents due to a relative 
decrease in large versus small individuals (Daufresne et al., 2009; 
Gardner et al., 2011; O’Gorman et al., 2017; Sheridan & Bickford, 
2011). This prediction assumes that temperatures will dispropor-
tionately affect larger organisms, increasing the proportion of 
smaller species and the proportion of young age classes, and de-
creasing maximum body size or size- at- age (Daufresne et al., 2009). 
However, widespread empirical support for steeper size spectra 
at higher temperatures is ambiguous and includes notable devia-
tions. For example, in Icelandic streams spanning a large natural 
temperature gradient, warmer streams had shallower size spectra 
slopes and supported a higher relative abundance of large body 

sizes than similar cold streams. Likewise, total community biomass 
was higher in warm streams (O’Gorman et al., 2017). Across ocean 
reefs, warmer temperatures were associated with both shallower 
ISD relationships and higher community biomass (Robinson et al., 
2017), suggesting that temperature may not only modify the dis-
tribution of biomass and individuals among body sizes, but also 
alter the total biomass ecosystems can support. The transfer of 
energy through food webs and the support of biomass are directly 
tied to crucial ecosystem services. In the face of continued climate 
warming, reconciling the conflicting responses between theoreti-
cal expectations and empirical patterns of temperature on the dis-
tribution of body size and biomass within communities is critical 
for assessing the status of ecological communities.

A major limiting factor in large- scale studies of size spectra is the 
logistical challenge of obtaining consistently collected, processed, 
and analyzed data across a large spatiotemporal scale. To overcome 
this limitation, we measured community size spectra and biomass 
across stream sites in a large, coordinated ecological observation 
project, the National Ecological Observatory Network (NEON). Our 
primary objective in this study was to test the hypothesis that abun-
dance size spectra in North American streams respond to environ-
mental temperature.

2  |  MATERIAL S AND METHODS

Quantitative samples of benthic macroinvertebrates from NEON 
wadeable- stream sites from 2017 to 2019 were downloaded to de-
termine the abundance size- spectra relationships (NEON, 2020b). 
NEON is a National Science Foundation (USA) funded program which 
collects standardized samples from 81 sites (24 streams) across a va-
riety of terrestrial and aquatic ecosystems in North America. Repeat 
collections include automated instrument recordings and observa-
tional field sampling throughout the year, and data are available as 
open source data products (https://data.neons cience.org/home).

The wadeable- stream sites range across a broad climatic gradi-
ent (Figure 1), spanning 18 to 68°N latitude (majority between 33 to 

F I G U R E  1  Map of site locations across 
North America. Points are color- coded 
based on mean annual temperature

https://data.neonscience.org/home
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45°N), mean annual air temperatures of −4 to 25°C, and mean annual 
precipitation of 331 to 2530 mm (Table S1). The stream width and 
depth were 8.6 ± 6.7 and 0.8 ± 0.4 (mean ± SD) meters respectively. 
Stream sites are primarily located in undeveloped settings (i.e. pre-
serves, national parks, biological research stations, long term eco-
logical research sites), but some are subjected to light agricultural or 
livestock grazing land use (Table S1).

Sites were sampled 1– 4 times each year across the local growing 
season. Most sites had at least 2 years with three samples, except for 
Como Creek which only had 1 year with three samples (2018), and 
two samples collected in both 2017 and 2019. Additionally, three sites 
only had data available from a single collection in a single year; Red 
Butte Creek in 2018, Walker Branch and West St. Louis Creek both in 
2019. Details of sample collection and processing protocols are avail-
able at the NEON website. Briefly, macroinvertebrate samples were 
collected from a known area using the sampling method most suited 
to a site. For example, Surber or Hess samples were used in shallow 
riffle or run sections with firm substrate (i.e., gravel and cobble), mod-
ified kicknets were used in deeper riffle or run sections, and a hand 
corer was used in sections with finer substrate such as sand or silt. 
All samples were processed in the laboratory by sieving with 250 µm 
mesh and were standardized based on the area sampled (Parker, 
2018). Laboratory processing included subsampling for taxonomic 
identification and size class measurement (nearest mm) and estimat-
ing the total count of size class per species per sample. Size classes 
across the entire data set ranged from 1 to 65 mm and were recorded 
in 1 mm intervals. Estimated total counts per size class were standard-
ized to individuals per m2 by dividing by the area sampled (Chesney, 
2019). Macroinvertebrate size classes (mm) were converted to individ-
ual dry mass (M, in mg) using published length- weight regression coef-
ficients (Table S2). Most (96%) taxa had taxon- specific length- weight 
regressions and these were used for model development and assess-
ment. Approximately 8% of the observations were flagged by NEON 
as being damaged, affecting their length measurements, and were 
removed from the data set. Individual estimated dry weights ranged 
from 1.0 × 10−3 to 1.2 × 104 mg. Estimated ISD relationships are sen-
sitive to the under sampling of small body sizes. Perkins et al. (2018) 
sampled benthic macroinvertebrates using comparable methods and 
found that body sizes smaller than 0.0026 mg were under sampled. 
Therefore, we set the minimum body size to 0.0026 mg estimated dry 
weight before estimating ISD relationships to avoid the under sam-
pling of small body sizes. The final data set included over 13 million 
individual body sizes that ranged 7 orders of magnitude and repre-
sented a range of trophic levels (primary consumers, omnivores, and 
predators) and functional feeding groups (shredders, grazers, scrapers, 
filters feeders, predators).

Abundance size spectra parameters have been estimated 
using a variety of methods, with binning methods being common 
in the published literature (Edwards et al., 2017; Sprules & Barth, 
2015; White et al., 2008). However, recent comparative studies 
have shown that binning methods provide biased parameter esti-
mates, and recommend using maximum likelihood methods when 
individual data are available (Edwards et al., 2017, 2020; Sprules 

& Barth, 2015; White et al., 2008). Individuals in the NEON data 
set were measured to the nearest millimeter, and placed within a 
size class bin (i.e., size class 10 can contain individuals from 9.5 
to 10.4 mm). Because the length- weight equations are exponen-
tial, the difference between dry weights based on the lower or 
upper edge of the bin can be substantial. Furthermore, since the 
length- weight regressions are taxon- specific, these biases can be 
exacerbated for some taxa. All of these factors can result in bi-
ased ISD relationship estimates. To address this, we used the ex-
tended likelihood method (MLEbin) of Edwards et al. (2020). The 
MLEbin method explicitly accounts for the uncertainty of body 
sizes within a bin. For example, it allows all the body sizes with 
size bin 10 to vary from 9.5 to 10.4 mm, instead of assuming that 
they are all equal to the mid- point of the bin, 10 in this exam-
ple. For a detailed discussion of this method and a comparison to 
other commonly used methods for estimating ISD relationships, 
see Edwards et al. (2020).

To assess how the choice of method affected our results, we 
estimated exponent coefficients using six alternative methods in-
cluding log- log regressions with different bin widths (Supporting 
Information S3). While the individual exponent estimates dif-
fered as expected among methods, the relationship between ex-
ponents and temperature was nearly identical among methods 
(Figure S2). Thus, our results are robust to alternative methods 
of calculating size spectra, and only the results of the MLEbin 
method (Edwards et al., 2020) are presented here. ISD plots for 
all collections at all sites, including the fit to a bounded power 
law, are available in Supporting Information S4. Note that the 
model estimates appear to be overfit at the smallest and largest 
body sizes, indicating that there may be some error associated 
with the specific value of ISDs reported here. However, as previ-
ously mentioned, our results are qualitatively similar regardless 
of the method employed.

We fit body size data (dry weight estimated from length- weight 
regressions) of macroinvertebrates from each collection to a 
bounded power law distribution with a probability density function:

where x is body mass, λ is the scaling exponent of the ISD, and the dis-
tribution is bounded by the minimum (xmin) and maximum (xmax) body 
sizes observed in a collection. Maximum likelihood methods were used 
to estimate the ISD exponent, λ, using code modified from the sizeSpec-
tra package in R (Edwards et al., 2017, 2020). Using these methods, a 
more negative ISD exponent represents a steeper decline in the abun-
dance of larger body sizes (i.e. size spectra with a steeper slope in log- 
log space). Steep declines in the relative abundance of large individuals 
can be due to either a relative increase in the abundance of small body 
sizes, or a relative decrease in the abundance of large body sizes, or a 

f (x) =
(� + 1) x�

x�+1max − x�+1
min

� ≠ 1,

f (x) =
1

logxmax − logxmin

� = 1,
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combination of the two. Regardless, steep ISD relationships represent 
a relatively smaller proportion of large individuals within a community.

In addition to the size spectra slopes, we also examined how total 
community biomass varied across the collections. First, we multi-
plied the biomass of individuals by their density to calculate grams 
of dry mass per m2 for each sample within a collection (n = 8 samples 
per collection). Second, we averaged the sample estimates to get an 
estimate of the total community biomass within a collection.

Finally, to place our results into context, we compared the magni-
tude of change in ISD exponent across the temperature gradient (i.e. 
absolute difference between exponents at the highest and lowest tem-
perature) to magnitudes reported for other studies. The other studies 
measured change in size spectra in response to temperature, but also 
in response to land use, commercial fishing, and acid mine drainage.

2.1  |  Predictor variables

We were primarily interested in the relationship between mean an-
nual temperature and size spectra. Both stream water and air tem-
perature records are available across the sites, however, stream water 
temperature records are inconsistent in the lengths of total record and 
the annual period of observations (e.g., entire year vs. ice- free peri-
ods only). Generally, stream water temperature is tightly related to air 
temperature (Mohseni & Stefan, 1999; Pilgrim et al., 1998; Figure S1), 
therefore, we used the mean annual air temperature to maintain more 
consistent records across sites. Mean annual air temperature for each 
site was recorded from the site information available on the NEON 
website. Additionally, other environmental variables, specifically, 
nutrient availability, and resource subsidies (O’Gorman et al., 2017; 
Perkins et al., 2018) have been shown to affect size- abundance re-
lationships. In order to control for the effects of these variables, we 
included them in a suite of candidate models and used model aver-
aging to estimate the overall effect of mean annual air temperature 
(see Section 2.2 below). Total dissolved nitrogen and phosphorous 
observations for the NEON wadeable stream sites were downloaded 
and averaged across the sampling record at each site to characterize 
broad differences in nutrient availability among streams (n = 15– 26 
per annum, NEON, 2020a). Both nutrients were included because 
freshwater environments can be limited by either (Elser et al., 2007). 
As a proxy for external subsidies, average percent canopy cover was 
calculated for each site. Canopy cover is associated with increased ter-
restrial invertebrate and leaf litter input (England & Rosemond, 2004; 
Nakano et al., 1999). Percent canopy cover was obtained with replicate 
readings in the center and 0.3 m from the left and right banks of each 
stream (Scott, 2017) using a convex densiometer following methods 
of Ode et al. (2016). Finally, we included mean annual precipitation 
as a predictor variable in order to incorporate overall climate effects 
(Dodds et al., 2015). We acknowledge that there are potentially many 
other variables that could affect the relationship between ISD expo-
nent and biomass in natural communities, and the limitations inherent 
in a natural survey study such as presented here. However, there are 
trade- offs between experimental control and spatiotemporal- scale, 

and our overall goal was to characterize how patterns of community 
size structure vary with temperature at the continental scale.

2.2  |  Statistical analyses

To test the relationship between ISD exponents or standing stock 
community biomass and air temperature, we fit separate Bayesian 
hierarchical models with varying intercepts across sites and year. 
We chose a Bayesian approach because it easily incorporates prior 
information and hierarchical model structures (Dietze, 2017; Hobbs 
& Hooten, 2015; McElreath, 2020). For each model, ISD exponents 
or standing stock community biomass was the response. We fit eight 
candidate models for each response variable (16 models total). The 
models were as follows: (1) temperature only, (2) temperature + mean 
annual precipitation, (3) temperature + per cent canopy cover, (4) tem-
perature + total dissolved nitrogen + total dissolved phosphorous, (5) 
temperature + per cent canopy cover + total dissolved nitrogen + total 
dissolved phosphorous (6) temperature + mean annual precipita-
tion + per cent canopy cover + total dissolved nitrogen + total dis-
solved phosphorous, (7) temperature × total dissolved nitrogen, (8) 
temperature × total dissolved phosphorous. Models 1– 6 were addi-
tive. Models 7 and 8 examined the interactive effects of nitrogen and 
phosphorous, with mean annual air temperature respectively. These 
interactions were included specifically because previous results have 
indicated that the relationship between size- abundance relationships 
and temperature may be inverted in the presence of high nutrient con-
centrations (O’Gorman et al., 2017). None of the predictor variables 
were strongly correlated (absolute value of all Pearson's correlation 
coefficients <.5 Figure S3). Predictor variables were standardized prior 
to analysis by subtracting the mean from each observation and divid-
ing by the standard deviation (i.e. z- scores).

Because the ISD exponent (response variable) is continuous and 
can be positive or negative, we used a Gaussian likelihood. Priors for 
the intercept were Normal(−1.5,1). This puts low prior probabilities on 
positive exponents and on exponents with extreme negative values 
(e.g., <−4), reflecting a wide range of possible values reported in the 
size spectra literature (Blanchard et al., 2009; Edwards et al., 2017; 
White et al., 2007). Priors for the slope were Normal(0,0.25). Because 
95% of the probability mass in a normal distribution lies within two 
standard deviations of the mean, this reflects the prior expectation 
that each standard deviation in a predictor variable could explain a 
change in the ISD exponent of ±0.5 units, which covers the range 
of observed variation in empirical studies of streams (i.e. change in 
coefficient of: −.15 O’Gorman et al., 2017; .13 Yvon- Durocher et al., 
2011; −.19 McGarvey & Kirk, 2018). For both sigma and the standard 
deviation of the random site intercepts, a prior of Exponential(2) was 
set. The prior for the random year intercepts was set to Exponential(5) 
to improve model convergence. To ensure that the prior distributions 
contained reasonable prior predictions but did not overwhelm the 
posterior inference, we used prior predictive simulation and prior sen-
sitivity analysis (see Supporting Information S4– S7; Gabry et al., 2019, 
Wesner & Pomeranz, 2021).
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For community biomass, we used a Gamma likelihood with a log 
link, because biomass is a continuous and positive measure (Hobbs 
& Hooten, 2015). The model structure for biomass was the same 
as the model structure for the ISD exponent, λ. The prior for the 
intercept Normal(0,2). This reflects a prior expectation that average 
community biomass values up to ~50 g dry mass/m2 are reason-
able. These point estimates are obtained by exponentiating, due 
to the log- link, the prior mean (i.e. 0) plus and minus two stan-
dard deviations (exp(0– 4) = 0.018, or exp(0 + 4) = 54.6). These 
values are compatible with the range of values reported in the lit-
erature (Benke et al., 1984; Grimm, 1988; Warmbold & Wesner, 
2018). The remaining priors were Normal(0,1) for the slope coef-
ficients (i.e. change of one standard deviation in predictor variable 
results in a change in biomass between ±2 orders of magnitude), 
Exponential(5) for the standard deviation of the random intercepts, 
and Gamma(0.01,0.01) for the shape parameter of the Gamma like-
lihood. As before, these priors were specified using prior predictive 
simulation and prior sensitivity analysis (Supporting Information 
S4– S7).

Models were specified using the brms package (Bürkner, 2018) 
in R (R Development Core Team, 2017), with posterior distributions 
derived using Hamiltonian Monte Carlo in rstan (Stan Development 
Team, 2018). The models were run using 4 chains each with 6000 it-
erations, in which the first half were discarded as warmup, resulting 
in 12,000 posterior draws. Convergence was checked by ensuring 
that all r̂  were <1.1, and by visually assessing trace plots (Gelman 
& Rubin, 1992). To assess model fit, we used posterior predictive 
checks in which we simulated ten data sets from the posterior dis-
tribution and graphically compared them to the original data set 
(Gabry et al., 2019; Gelman et al., 2013; Figures S7 and S8). Strong 
visual discrepancies between the original data and simulated data 
indicate poor model fit (Gabry et al., 2019). In our simulations, both 
models produced data that were qualitatively similar to the original 
data, indicating good model fit. The overall effect of mean annual 
air temperature was estimated by averaging parameter estimates 
from candidate models by calculating model weights based on pre-
dictive posterior distributions using the Bayesian stacking method 
(Yao et al., 2018).

Prior and posterior distributions for parameter coefficients are 
plotted in Figures S5 and S6. A sensitivity analysis of our priors in-
dicated our parameter coefficient estimates were robust to halving 
and doubling the SD value (Figure S9). The full hierarchical model 
structure can be found in Supporting Information S3.

3  |  RESULTS

3.1  |  ISD exponent

Maximum likelihood estimates of the ISD exponent, λ, ranged from 
−1.6 to −0.7 across individual collections. The median ISD of the 
model- averaged posterior distribution was −1.32 (95% CrI [−1.37, 
−1.26]; Table 1). The model- averaged coefficient estimate for the 

effect of mean annual air temperature on ISD exponent was −0.03 
(95% CrI [−0.06, 0.003]) indicating a 97% probability that ISD ex-
ponents declined with temperature (Table 1). Estimated ISD expo-
nents declined from −1.20 to −1.39 across the 29°C mean annual air 
temperature gradient (Figures 2a and 3a). This represented a similar 
change compared to other temperature- driven changes reported 
in the literature (Figure 4). However, it was much smaller than size 
spectra shifts reported in response to human disturbances like com-
mercial fishing or acid mine drainage (Figure 4).

3.2  |  Community biomass

Community biomass showed higher variation among sites 
(Figure 2b) with collection- specific means ranging from 0.042 to 
38 g dry mass/m2. The model averaged coefficient estimate for 
the effect of mean annual air temperature on community biomass 
was 0.32 (95% CrI [−0.04. 0.69], Table 1). After exponentiating, this 
indicated that mean community dry mass increased by a factor of 
1.4 for each standard deviation increase in temperature (Figure 2b) 
with a 96% probability of a positive relationship between commu-
nity biomass and temperature.

Median biomass estimates ranged from a low of 0.29 g/m2 at 
site Oksrukuyik Creek (site code: OKSR, mean annual air tempera-
ture: −4°C) to a high of 3.15 g/m2 at site Lewis Run in Virginia (site 
code: LEWI, mean annual air temperature: 12°C; Figure 3b). The bi-
modal posterior distribution at Lewis Run in Figure 3b is a result of 
including models with and without total dissolved nitrogen. This site 
had the highest nitrogen value by far (~4 SD higher than the global 
mean), and when this predictor variable was not included the value 
of the random site intercept was much higher than when nitrogen 
was included (random site intercept estimates for the ISD exponent 
were similar regardless of whether or not nitrogen was included). 
To test the robustness of our results, we fit both the ISD and com-
munity biomass models without this site. The model- averaged co-
efficient estimate for the effect of temperature was not affected 
by the inclusion of Lewis Run (Table S5). There was no relationship 
between mean body size and temperature across the NEON sites 
(Figure S11), suggesting that differences in mean community bio-
mass were primarily driven by changes in abundance rather than 
mean body size.

TA B L E  1  Model- averaged coefficient estimates and 95% 
credible intervals explaining variation in individual size distribution 
exponents and community biomass across National Ecological 
Observation Network streams. All coefficient estimates for other 
models are available in the Supporting Information

Response Coefficient Median Q2.5 Q97.5

λ exponent Intercept −1.32 −1.37 −1.26

Temp −0.03 −0.06 0.003

Biomass Intercept 0.24 −0.25 0.77

Temp 0.32 −0.04 0.69
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4  |  DISCUSSION

We analyzed a large collection of ISD relationships in stream com-
munities and found that exponents became steeper with increas-
ing air temperature across a broad temperature gradient. ISD 
exponents represent the efficiency of energy transfer from small, 
abundant, individuals to fewer large predators (Trebilco et al., 2013) 
with clear implications for ecosystem functioning (Cross et al., 2015; 
O’Gorman et al., 2012). Shallow exponents (less negative) indicate 
efficient transfer of energy (or higher availability of energy at the 
base of the food web) by supporting a relatively higher propor-
tion of larger individuals, while steeper exponents (more negative) 
indicate inefficient energy transfer (or reduced energy availability 
at the base of the food web) with relatively fewer large individuals 
(Jennings & Mackinson, 2003; Trebilco et al., 2013). The more nega-
tive exponents reported here with increasing mean annual tempera-
tures implies that warmer sites have a relatively lower proportion of 
large- sized individuals compared to colder sites. Indeed, there was 
a reduction in abundance of large sized individuals across the tem-
perature gradient (Figure S13).

These results help to resolve previous uncertainty in how size 
spectra slopes scale with temperature. Variation in size spectra 

slopes is driven by variation in body size distributions and body 
size is in turn altered by temperature, either through reductions in 
taxon- specific body size, species turnover, or through changes in 
community structure (Atkinson, 1994; Bergmann, 1847; Daufresne 
et al., 2009; O’Gorman et al., 2012; Winder et al., 2009). Thus, it 
is widely expected that size- spectra slopes should vary across 
temperature gradients, though the direction of change is uncer-
tain (Daufresne et al., 2009; Dossena et al., 2012; O’Gorman et al., 
2012). O’Gorman et al. (2017) found that warmed Icelandic streams 
had shallower slopes, perhaps due to increased nutrient availabil-
ity and changes in trophic transfer efficiency. In contrast, Dossena 
et al. (2012) found steepened slopes with temperature, but the ef-
fect varied over seasons. Likewise, seasonal variation in size spec-
tra slopes was observed in West Virginia (USA) streams (although 
temperature was not tested directly, McGarvey & Kirk, 2018). 
These contrasting outcomes, derived from different experimental 
approaches, generate uncertainty in how ISD relationships should 
scale with temperature across large spatial gradients. By testing 
the size spectra- temperature relationship across a broad natural 
temperature gradient with repeated samples of size- spectra, the re-
sults here support the hypothesis that size spectra slopes become 
steeper at higher temperatures.

F I G U R E  2  Relationship between 
mean annual temperature and (a) the 
ISD exponent of a bounded power law 
or (b) macroinvertebrate community 
dry mass at stream sites in the National 
Ecological Observation Network. Black 
lines and shading indicate the median 
and 95% credible intervals from the 
model- averaged estimate. Dots indicate 
individual exponent (a) or mean dry mass 
(b) observations for a collection and 
are color- coded by temperature. ISD, 
individual size distribution
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ISD exponents became steeper at higher temperatures, with 
median ISD exponents varying by ~0.2 units between the highest 
and lowest temperature. Direct comparisons of this effect size with 
previous studies of size spectra responses to temperature are ham-
pered by the different approaches to estimating size spectra expo-
nents (Edwards et al., 2017, 2020; White et al., 2008). However, the 
magnitude of our results are qualitatively similar to those presented 
in previous studies. For example, O’Gorman et al. (2017) reported 
that size spectra slopes calculated with log- log regression varied by 
~0.15 units across a 20°C natural temperature gradient in streams. 
In freshwater mesocosms, size spectra slopes became steeper by up 
to 0.22 units in response to a 4°C increase in temperature (Dossena 
et al., 2012).

By comparison, the range of shifts reported in studies of tem-
perature are dwarfed by those reported in response to more direct 

human- alterations of communities, like commercial fishing and acid 
mine drainage (Jennings & Blanchard, 2004; Pomeranz et al., 2019). 
Those studies report shifts that are ~3– 6 times higher than those 
reported for temperature (Figure 4).

The variation in ISD exponents we observed is consistent with the 
expectation that size spectra represent a stable pattern of community 
structure (Jonsson et al., 2005; O’Gorman & Emmerson, 2011). One 
implication of this stability is that strong deviations in the ISD expo-
nent may signify fundamental changes to the structure and function 
of ecological communities, which could be used to monitor ecosys-
tem health (Petchey & Belgrano, 2010; Pomeranz et al., 2019). But 
it is not clear what represents a “strong” deviation. As shown from 
our literature comparison, changes in ISD exponents in response to 
external drivers vary by ~1.5 orders of magnitude, from ~0.03 to 0.75 
units (Figure 4). However, in many cases, these shifts are from single 

F I G U R E  3  Posterior distributions of 
(a) ISD exponent and (b) mean dry mass 
across sites where color corresponds 
to mean annual temperature. Black 
point- intervals at bottom of density 
distributions show the median value and 
66% (thick line) and 95% (thin line) credible 
intervals for a given collection. Sites are 
ordered by decreasing temperature from 
top to bottom (e.g., OKSR is the coldest 
site while GUIL is the warmest). ISD, 
individual size distribution

F I G U R E  4  Range of effect sizes in the literature (shapes) compared to this study (mean and 95% CrI in vertical line and shading). Dossena 
et al. (2012) directly estimated the change in ISD exponent and reported a standard error. All other literature comparisons were made by 
subtracting the high and low estimates from group means. No estimate of uncertainty was possible from those studies. Studies used a mix of 
approaches to estimate size spectra exponents (or slopes), so these comparisons are approximate. ISD, individual size distribution
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samples or isolated experiments. While these findings are important, 
longer term changes in size spectra are difficult to predict. By sam-
pling repeatedly over several years and sites, our results overcome 
some of these limitations and offer several insights. First, individ-
ual samples of size spectra can vary widely around a central median 
(Figure 2a), indicating that multiple samples may be needed to avoid 
spurious conclusions. This is possibly driven by variation in local en-
vironmental conditions at the time of sampling, such as resource sup-
ply, flow conditions, and recent disturbances (or lack thereof) which 
are impossible to control in large- scale environmental survey stud-
ies. Second, across NEON streams at least, we would be surprised to 
see sustained shifts in size spectra that were larger than ~0.2 units 
(near the upper 95% CrI in Figure 4). Such a shift might indicate a 
relatively large underlying change in the community. Finally, the larg-
est shifts in size spectra from the literature come not in response 
to temperature, but in response to commercial fishing and acid mine 
drainage (Figure 4). This emphasizes the need to understand how 
multiple stressors might interact to influence size spectra. For ex-
ample, in marine fisheries, Blanchard et al. (2005) found that fish-
ing was the primary driver of temporal change in size spectra, rather 
than temperature. Whether this is true in streams is unknown, but 
multiple stressors are common in freshwater ecosystems, indicating 
a clear opportunity to study their combined impacts on size spec-
tra (Ormerod et al., 2010). Doing so is essential for understanding 
whether observed shifts in size spectra are within the range of natural 
variation or represent a fundamental change in community structure 
(Petchey & Belgrano, 2010).

In contrast with the negative relationship of size- spectra slopes 
with temperature, invertebrate community biomass increased 
across the temperature gradient. This was surprising given the 
strong theoretical support for lower biomass at higher tempera-
tures (Brown et al., 2004; Saito et al., 2021). However, the predicted 
decline of standing biomass with temperature depends on a num-
ber of important conditions, first and foremost, that energy avail-
ability constrains abundance (Isaac et al., 2013) and second that 
there are consistent relationships between community body size 
and resource supply with temperature. Across the NEON streams 
there was no systematic relationship between mean body size 
and temperature (Figure S11). Quantifying resource supply is less 
straightforward as stream consumers utilize both autochthonous 
and allochthonous resources. Generally, rates of stream primary 
production increase with temperature (Demars et al., 2016) sug-
gesting a positive relationship between temperature and resource 
supply which may confound expected temperature responses (e.g., 
Junker et al., 2020) and explain net positive relationships between 
invertebrate community productivity and temperature (e.g., Patrick 
et al., 2019). Whether these processes can explain the positive rela-
tionship between community biomass and temperature is unknown 
but is worth exploring.

Size- spectra relationships have been proposed as a universal 
indicator of ecological health, with deviations from “natural” size 
spectra representing disturbed systems (Jennings & Blanchard, 

2004; Petchey & Belgrano, 2010; Trebilco et al., 2013). Yet defining 
“natural” is difficult without accounting for variation among broad 
spatial and temporal scales. By accounting for the effect of tem-
perature on size spectra slopes in relatively undisturbed systems 
across 50° of latitude over 3 years, our results reveal bounds that 
could help to gauge the severity of size spectra change in response 
to disturbance. For example, one approach would be to compare 
size spectra from disturbed sites to the posterior predictive distri-
bution of size- spectra at a similar site in our study, with deviations 
outside of the expected range of natural variation indicating the 
level of disturbance. This may represent a powerful tool for as-
sessing ecological conditions. Indeed, as NEON data continues to 
be collected, it will be possible to compare our predictions to size- 
spectra collected after intense disturbances, such as extremely 
high or low flow events, temperature anomalies due to climate 
change, wildfires, flow debris, etc. This represents an exciting op-
portunity to test responses to disturbances at higher levels of or-
ganization, which has typically been difficult or impossible due to 
the large logistical efforts needed to collect community- wide data 
across broad spatial scales. Furthermore, data on post- disturbance 
size spectra within the NEON sites will provide valuable informa-
tion on community recovery, and the magnitude, direction, and 
expected duration of altered ISD relationships.
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