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Abstract 22 

Ectotherms are often predicted to “shrink” with global warming. This is in line with general 23 

growth models and the temperature-size rule (TSR), both predicting smaller adult sizes with 24 

warming. However, they also predict faster juvenile growth rates, leading to larger size-at-age 25 

of young organisms. Hence, the result of warming on the size-structure of a population depends 26 

on the interplay between how mortality rate, juvenile- and adult growth rates are affected by 27 

warming. In this study, we use time series of biological samples spanning more than two 28 

decades from a unique enclosed bay heated by cooling water from a nearby nuclear power plant 29 

to become +8C warmer than its reference area. We used growth-increment biochronologies 30 

(12658 reconstructed length-at-age estimates) to quantify how >20 years of warming has 31 

affected body growth and size-at-age and catch data to quantify mortality rates and population 32 

size-structure of Eurasian perch (Perca fluviatilis). In the heated area, growth rates were faster 33 

for all sizes, and hence size-at-age was larger for all ages, compared to the reference area. 34 

However, mortality rates were also higher, such that the difference in the size-spectrum 35 

exponent (describing the proportion of fish by size) was relatively minor and statistically 36 

uncertain. As such, our analysis reveals that mortality, in addition to plastic growth and size-37 

responses, is a key factor determining the size structure of populations exposed to warming. 38 

Understanding the mechanisms by which warming affects the size-structure of populations is 39 

critical for prediction the impacts of climate change on ecological functions, interactions, and 40 

dynamics. 41 

 42 

  43 



Significance statement 44 

Ecosystem-scale warming experiments provide unique insight into potential impacts of climate 45 

change but are very rare. Our work utilizes an experimental set-up consisting of an enclosed 46 

bay heated by cooling water from a nuclear power plant for more than two decades, and a 47 

reference area. We analyze how changes in growth and mortality have affected the size- and 48 

age distribution in a common freshwater fish using time series of catch data and growth-49 

increment biochronologies derived from their gill lids. Despite fish in the heated area being 50 

~10% larger at a given age, elevated mortality rates have resulted in similar size structures. 51 

Accounting for the interplay between mortality and growth is key for predicting climate 52 

impacts on the size-structure of populations. 53 

 54 

  55 



Introduction 56 

Ectotherm species, constituting 99% of species globally (1, 2), are commonly predicted to 57 

shrink in a warming world (3–5). Mean body size responses to temperature may however be 58 

uninformative, as the size-distribution of many species spans several orders of magnitude. For 59 

instance, warming can shift size-distributions without altering mean size if increases in juvenile 60 

size-at-age outweigh the decline in size-at-age in adults, which is consistent with the 61 

temperature size-rule, TSR (6). Resolving how warming induces changes in population size-62 

distributions may thus be more instructive (7), especially for inferring warming effects on 63 

species’ ecological role, biomass production, or energy fluxes (8). This is because key 64 

processes such as metabolism, feeding, growth, mortality scale with body size (9–14). Hence, 65 

as the value of these traits at mean body size is not the same as the mean population trait value 66 

(15), the size-distribution within a population matters for its dynamics and for how it changes 67 

under warming.  68 

The population size distribution can be represented as a size-spectrum, which generally is 69 

the frequency distribution of individual body sizes (16). It is often described in terms of the 70 

size-spectrum slope (slope of individuals or biomass of a size class over the mean size of that 71 

class on log-log scale (16–18)) or simply the exponent of the power law individual size-72 

distribution (16). The size-spectrum thus results from temperature-dependent ecological 73 

processes such as body growth, mortality and recruitment (10, 19). Despite its rich theoretical 74 

foundation (20) and usefulness as an ecological indicator (21), few studies have evaluated 75 

warming-effects on the species size-spectrum in larger bodied species (but see Blanchard et 76 

al.(21)), and none in large scale experimental set-ups. There are numerous paths by which a 77 

species’ size-spectrum could change with warming (19). For instance, in line with TSR 78 

predictions, warming may lead to a smaller size-spectrum exponents (steeper slope) if the 79 

maximum size declines. However, changes in size-at-age and the relative abundances of 80 



juveniles and adults may alter this decline in the size-spectrum slope. Warming can also lead 81 

to elevated mortality (12, 22–24), which truncates the age-distribution towards younger 82 

individuals (25). This may reduce density dependence and potentially increase growth rates, 83 

thus countering the effects of mortality on the size spectrum exponent. However, not all sizes 84 

may benefit from warming, as e.g. the optimum temperature for growth declines with size (26). 85 

Hence, the effect of warming on the size-spectrum depends on several interlinked processes 86 

affecting abundance-at-size and size-at-age. 87 

Size-at-age is generally predicted to increase with warming for small individuals, but 88 

decrease for large individuals according to the mentioned TSR (6, 27). Several factors likely 89 

contribute to this pattern, such as increased allocation to reproduction (28) and larger 90 

individuals in fish populations having optimum growth rates at lower temperatures (26). 91 

Empirical support in fishes for this pattern seem to be more consistent for increases in size-at-92 

age of juveniles (29–31) than declines in adult size-at-age (but see (32–34)), for which a larger 93 

diversity in responses is observed among species (e.g., 31, 35). However, most studies have 94 

been done on commercially exploited species (since long time series are more common in such 95 

species), which may confound effects of temperature plastic and/or genetic responses to size-96 

selective mortality on growth and size-at-age (36).  97 

The effect of temperature on mortality rates of wild populations are more studied using 98 

among-species analyses. These relationships based on thermal gradients in space may not 99 

necessarily be the same as the effects of warming on mortality on single populations. Hence, 100 

the effects of warming on growth and size-at-age and mortality within natural populations 101 

constitute a key knowledge gap for predicting the consequences of climate change on 102 

population size-spectra. 103 

Here we used data from a unique, large-scale 23-year-long heating-experiment of a coastal 104 

ecosystem to quantify how warming changed fish body growth, mortality, and the size structure 105 



in an unexploited population of Eurasian perch (Perca fluviatilis, ‘perch’). We compare fish 106 

from this enclosed bay exposed to temperatures approximately 8℃ above normal (‘heated 107 

area’) with fish from a reference area in the adjacent archipelago (Fig. 1). Using hierarchical 108 

Bayesian models, we quantify differences in key individual- and population level parameters, 109 

such as body growth, asymptotic size, mortality rates, and size-spectra, between the heated and 110 

reference coastal area.  111 

 112 

Materials and Methods 113 

Data 114 

We use size-at-age data from perch sampled annually from an artificially heated enclosed bay 115 

(‘the Biotest basin’) and its reference area, both in the western Baltic Sea (Fig. 1). Heating 116 

started in 1980, the first analyzed cohort is 1981, and first and last catch year is 1987 and 2003, 117 

respectively, to omit transient dynamics and acute responses, and to ensure we use cohorts that 118 

only experienced one of the thermal environments during its life. A grid at the outlet of the 119 

heated area (Fig. 1) prevented fish larger than 10 cm from migrating between the areas (31, 120 

37), and genetic studies confirm the reproductive isolation between the two populations during 121 

this time-period (38). However, the grid was removed in 2004, and since then fish growing up 122 

in the heated Biotest basin can easily swim out, fish caught in the reference area cannot be 123 

assumed to be born there. Hence, we use data only up until 2003. This resulted in 12658 length-124 

at-age measurements from 2426 individuals in 256 net deployments.  125 

We use data from fishing events using survey-gillnets that took place in October in the 126 

heated Biotest basin and in August in the reference area when temperatures are most 127 

comparable between the two areas (31), because temperature affect catchability in static gears. 128 

The catch was recorded by 2.5 cm length classes during 1987-2000, and into 1 cm length groups 129 

2001-2003. To express lengths in a common length standard, 1 cm intervals were converted 130 



into 2.5 cm intervals. The unit of catch data is hence the number of fish caught by 2.5 cm size 131 

class per net per night (i.e., a catch-per-unit-effort [CPUE] variable). All data from fishing 132 

events with disturbance affecting the catch (e.g., seal damage, strong algal growth on the gears, 133 

clogging by drifting algae) were removed (years 1996 and 1999 from the heated area in the 134 

catch data).  135 

Length-at-age throughout life was reconstructed for a semi-random length-stratified subset 136 

of caught individuals each year. This was done using growth-increment biochronologies 137 

derived from annuli rings on the operculum bones (with control counts done on otoliths). Such 138 

analyses have become increasingly used to analyze changes in growth and size-at-age of fishes 139 

(39, 40). Specifically, an established power-law relationship between the distance of annual 140 

rings and fish length was used: 𝐿 = 𝜅𝑅!, where 𝐿 is the length of the fish, 𝑅 the operculum 141 

radius, 𝜅 the intercept, and 𝑠 the slope of the line for the regression of log-fish length on log-142 

operculum radius from a large reference data set for perch (41). Back-calculated length-at-age 143 

were obtained from the relationship 𝐿" =	𝐿!(
#!
$
)!, where 𝐿" is the back-calculated body length 144 

at age 𝑎, 𝐿! is the final body length (body length at catch), 𝑟" is the distance from the center to 145 

the annual ring corresponding to age 𝑎 and 𝑠 = 0.861 for perch (41). Since perch exhibits 146 

sexual size-dimorphism, and age-determination together with back calculation of growth was 147 

not done for males in all years, we only used females for our analyses. 148 

 149 

Statistical Analysis 150 

The differences in size-at-age, growth, mortality, and size structure between perch in the heated 151 

and the reference area were quantified using hierarchical linear and non-linear models fitted in 152 

a Bayesian framework. First, we describe each statistical model and then provide details of 153 

model fitting, model diagnostics and comparison. 154 



We fit the von Bertalanffy growth equation (VBGE) (42, 43) on a log scale, describing 155 

length as a function of age to evaluate differences in size-at-age and asymptotic size: log(𝐿%) 	=156 

log(𝐿&(1 − 𝑒(()(%(%"))))	, where 𝐿% is the length at age (𝑡, years), 𝐿& is the asymptotic size, 157 

𝐾 is the Brody growth coefficient (𝑦𝑟(+) and 𝑡, is the age when the average length was zero. 158 

We used only age- and size-at-catch as the response variables (i.e., not back-calculated length-159 

at-age). This was to have a simpler model and not have to account for parameters varying 160 

within individuals as well as cohorts, as mean sample size per individual was only ~5. We let 161 

parameters vary among cohorts rather than year of catch, because individuals within cohorts 162 

share similar environmental conditions and density dependence (39). Eight models in total were 163 

fitted (with area being dummy-coded), with different combinations of shared and area-specific 164 

parameters. We evaluated if models with area-specific parameters led to better fit and 165 

quantified the differences in area-specific parameters (indexed by subscripts heat and ref). The 166 

model with all area-specific parameter can be written as:  167 

𝐿-~Student-𝑡(𝜐, 𝜇- , 𝜎) (1) 168 

log(𝜇-) = 𝐴./0 log J𝐿&./01[-] K1 − 𝑒
4()#$%&[(]5%(%"#$%&[(]67LM +

𝐴8/9: log J𝐿&8/9:1[-] K1 − 𝑒
4()*$+,&[(]5%(%"*$+,&[(]67LM (2)

 169 

⎣
⎢
⎢
⎢
⎡
𝐿&./01
𝐿&8/9:1
𝐾./01
𝐾8/9:1 ⎦

⎥
⎥
⎥
⎤
~MVNormal

⎝

⎜
⎛
]

𝜇;-#$%
𝜇;-*$+,
𝜇)#$%
𝜇)*$+,

^ ,

⎣
⎢
⎢
⎢
⎡
𝜎;-#$% 0 0 0
0 𝜎;-*$+, 0 0
0 0 𝜎)#$% 0
0 0 0 𝜎)*$+,⎦

⎥
⎥
⎥
⎤

⎠

⎟
⎞

(3) 170 

where lengths are 𝑆𝑡𝑢𝑑𝑒𝑛𝑡-𝑡 distributed to account for extreme observations, 𝜐, 𝜇 and 𝜙 171 

represent the degrees of freedom, mean and the scale parameter, respectively. 𝐴./0 and 𝐴8/9: 172 

are dummy variables such that 𝐴./0 = 1 and 𝐴8/9: = 0 if it is the reference area, and vice versa 173 

for the heated area. The multivariate normal distribution in Eq. 3 is the prior for the cohort-174 

varying parameters 𝐿&./01, 𝐿&8/9:1,	𝐾./01 	and	𝐾8/9:1 (for cohorts 𝑗 = 1981,…,1997) (note that 175 

cohorts extend further back in time than the catch data), with hyper-parameters 𝜇;-#$%, 𝜇;-*$+,, 176 



𝜇)#$%,	𝜇)*$+, 	describing the non-varying population means and a covariance matrix with the 177 

between-cohort variation along the diagonal (note we did not model a correlation between the 178 

parameters, hence off-diagonals are 0). The other seven models include some or all parameters 179 

as parameters common for the two areas, e.g., substituting 𝐿&./01 and 𝐿&8/9:1 with 𝐿&1. To aid 180 

convergence of this non-linear model, we used informative priors chosen after visualizing 181 

draws from prior predictive distributions (44) using probable parameter values (Supporting 182 

Information, Fig. S1, S7). We used the same prior distribution for each parameter class for both 183 

areas to not introduce any other sources of differences in parameter estimates between areas. 184 

We used the following priors for the VBGE model: 𝜇;-#$%,*$+,~𝑁(45,20), 185 

𝜇)#$%,*$+,~𝑁(0.2, 0.1), 𝑡,./0,8/9:~𝑁(−0.5, 1) and 𝜐~𝑔𝑎𝑚𝑚𝑎(2,0.1). 𝜎 parameters,	 𝜇;-#$%, 186 

𝜇;-*$+,, 𝜇)#$%,	𝜇)*$+, were given a 𝑆𝑡𝑢𝑑𝑒𝑛𝑡 − 𝑡(3,0,2.5) prior. 187 

We also compared how body growth scales with body size (in contrast to length vs age). 188 

This is because size-at-age reflects lifetime growth history rather than current growth histories 189 

and may thus be large because growth was fast early in life, not because current growth rates 190 

are fast (45). We therefore fit allometric growth models describing how specific growth rate 191 

scales with length: 𝐺 = 𝛼𝐿=, where	𝐺,	the annual specific growth between year 𝑡 and 𝑡 + 1, is 192 

defined as: 𝐺 = 100 × (𝑙𝑜𝑔	(𝐿%>+) 	− 𝑙𝑜𝑔	(𝐿%)	) and 𝐿 is the geometric mean length: 𝐿 =193 

(𝐿%>+ × 𝐿%),.@. Here we also used back-calculated length-at-age, resulting in multiple 194 

observations for each individual. As with the VBGE model, we dummy coded area to compare 195 

models with different combinations of common and shared parameters. We assumed growth 196 

rates were 𝑆𝑡𝑢𝑑𝑒𝑛𝑡 − 𝑡 distributed, and the full model can be written as: 197 

𝐿-~𝑆𝑡𝑢𝑑𝑒𝑛𝑡 − 𝑡(𝜐, 𝜇- , 𝜎) (4) 198 
𝜇- = 𝐴./0t𝛼./01[-],A[-]𝐿=#$%u + 𝐴8/9:t𝛼8/9:1[-],A[-]𝐿=*$+,u (5) 199 

𝛼./0,8/9:1~𝑁 K𝜇B#$%,*$+,& , 𝜎B#$%,*$+,&L (6) 200 

𝛼./0,8/9:1~𝑁 K𝜇B#$%,*$+,& , 𝜎B#$%,*$+,&L (7) 201 



𝜃./0,8/9:1~𝑁 K𝜇=#$%,*$+,& , 𝜎=#$%,*$+,&L (8) 202 

𝜃./0,8/9:1~𝑁 K𝜇=#$%,*$+,& , 𝜎=#$%,*$+,&L (9) 203 
 204 

We assumed only 𝛼 varied across individuals 𝑗 within cohorts 𝑘 and compared two models: 205 

one with 𝜃 common for the heated and reference area, and one with an area-specific 𝜃. We 206 

used the following priors, after visual exploration of the prior predictive distribution 207 

(Supporting Information, Fig. S8, S10): 𝛼./0,8/9:~𝑁(500, 100), 𝜃./0,8/9:~𝑁(−1.2, 0.3) and 208 

𝜐~𝑔𝑎𝑚𝑚𝑎(2,0.1). 𝜎, 𝜎CD:FG8G.: and 𝜎FG8G.: were all given a 𝑆𝑡𝑢𝑑𝑒𝑛𝑡 − 𝑡(3,0,13.3) prior.  209 

We estimated total mortality by fitting linear models to the natural log of catch (CPUE) as 210 

a function of age (catch curve regression), under the assumption that in a closed population, 211 

the exponential decline can be described as 𝑁% = 𝑁,𝑒(H%, where 𝑁% is the population at time 𝑡, 212 

𝑁, is the initial population size and 𝑍 is the instantaneous mortality rate. This equation can be 213 

rewritten as a linear equation: 𝑙𝑜𝑔	(𝐶%) 	= 𝑙𝑜𝑔	(𝑣𝑁,) 	− 𝑍𝑡, where 𝐶% is catch at age 𝑡, if catch 214 

is assumed proportional to the number of fish (i.e., 𝐶% = 𝑣𝑁%). Hence, the negative of the slope 215 

of the regression is the mortality rate, 𝑍. To get catch-at-age data, we constructed area-specific 216 

age-length keys using the sub-sample of the total (female) catch that was age-determined. Age 217 

length-keys describe the age-proportions of each length-category (i.e., a matrix with length 218 

category as rows, ages as columns). Age composition is then estimated for the total catch based 219 

on the “probability” of fish in each length-category being a certain age. With fit this model 220 

with and without an 𝑎𝑔𝑒 × 𝑎𝑟𝑒𝑎-interaction, and the former can be written as: 221 

log(𝐶𝑃𝑈𝐸-)~Student-𝑡(𝜐, 𝜇- , 𝜎) (10) 222 

𝜇- = 𝛽,1[-](𝑎𝑟𝑒𝑎./0) + 𝛽+1[-](𝑎𝑟𝑒𝑎8/9:) + 𝛽I1[-]𝑎𝑔𝑒 + 𝛽J1[-](𝑎𝑔𝑒 × 𝑎𝑟𝑒𝑎8/9:) (11) 223 
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where 𝛽,1 and 𝛽+1 are the intercepts for the reference and heated areas, respectively, 𝛽I1 is the 226 

age slope for the reference area and 𝛽J1 is the interaction between 𝑎𝑔𝑒 and 𝑎𝑟𝑒𝑎. All 227 

parameters vary by cohort (for cohort 𝑗 = 1981,… , 2000) and their correlation is set to 0 (Eq. 228 

12). We use the following (vague) priors: 𝜇K",…,1&~𝑁(0, 10) (where 𝜇K0 is the population-level 229 

estimate for −𝑍./0 and 𝜇K0 + 𝜇K1 is the population-level estimate for −𝑍8/9:) and 230 

𝜐~𝑔𝑎𝑚𝑚𝑎(2,0.1). 𝜎 and 𝜎K",…,1 were given a 𝑆𝑡𝑢𝑑𝑒𝑛𝑡 − 𝑡(3,0,2.5) prior. 231 

Lastly, we quantified differences in the size-distributions between the areas using size-232 

spectrum exponents. We estimate the biomass size-spectrum exponent 𝛾 directly, using the 233 

likelihood approach for binned data, i.e., the MLEbin method in the R package sizeSpectra (16, 234 

46, 47). This method explicitly accounts for uncertainty in body masses within size-classes 235 

(bins) in the data and has been shown to be less biased than regression-based methods or the 236 

likelihood method based on bin-midpoints (16, 46). We pooled all years to ensure negative 237 

relationships between biomass and size in the size-classes (as the sign of the relationship varied 238 

between years). 239 

All analyses were done using R (48) version 4.0.2 with R Studio (2021.09.1). The packages 240 

within the tidyverse (49) collection were used to processes and visualize data. Models where 241 

fit using the R package brms (50). When priors were not chosen based on the prior predictive 242 

distributions, we used the default priors from brms as written above. We used 3 chains and 243 

4000 iterations in total per chain. Models were compared by evaluating their expected 244 

predictive accuracy (expected log pointwise predictive density) using leave-one-out cross-245 

validation (LOO-CV) (51) while ensuring Pareto 𝑘 values < 0.7, in the R package loo (52). 246 

Results of the model comparison can be found in the Supporting Information, Table S1-S2. We 247 

used bayesplot (53) and tidybayes (54) to process and visualize model diagnostics and 248 

posteriors. Model convergence and fit was assessed by ensuring potential scale reduction 249 

factors (𝑅�) were less than 1.1, suggesting all three chains converged to a common distribution) 250 



(55), and by visually inspecting trace plots, residuals QQ-plots and with posterior predictive 251 

checks (Supporting Information, Fig. S2, S9, S11). 252 

 253 

Results 254 

Analysis of fish (perch) size-at-age using the von Bertalanffy growth equation (VBGE) 255 

revealed that fish cohorts (year classes) in the heated area both grew faster initially (larger size-256 

at-age and VBGE 𝐾 parameter) and reached larger predicted asymptotic sizes than those in the 257 

unheated reference area (Fig. 2). The model with area-specific VBGE parameters (𝐿&, 𝐾 and 258 

𝑡,) had best out of sample predictive accuracy (the largest expected log pointwise predictive 259 

density for a new observation; Table S1), and there is a clear difference in both the estimated 260 

values for fish asymptotic length (𝐿&) and growth rate (𝐾) between the heated and reference 261 

area (Fig. 2B-E). For instance, the distribution of differences between the heated and reference 262 

area of the posterior samples for 𝐿& and 𝐾 only had 11% and 2%, respectively, of the density 263 

below 0, illustrating that it is likely that the parameters are larger in the heated area (Fig. 2C, 264 

E). We estimated that the asymptotic length of fish in the heated area was 1.16 times larger 265 

than in the reference area (𝐿&8/9: = 45.7[36.8, 56.3], 𝐿&./0 = 39.4[35.4, 43.9], where the 266 

point estimate is the posterior median and values in brackets correspond to the 95% credible 267 

interval). The growth coefficient was 1.27 times larger in the heated area (𝐾8/9: =268 

0.19[0.15, 0.23], 𝐾./0 = 0.15[0.12, 0.17]). Also 𝑡,8/9: was larger than 𝑡,./0 269 

(−0.16[−0.21, −0.11] vs −0.44[−0.56, −0.33], respectively). These differences in growth 270 

parameters lead to fish being approximately 10% larger in the heated area relative to the 271 

reference area (Fig. S4). 272 

In addition, we found that growth rates in the reference area were both slower and declined 273 

faster with size compared to the heated area (Fig. 3). The best model for growth (𝐺 = 𝛼𝐿=) had 274 

area-specific 𝛼 and 𝜃 parameters (Table S2). Initial growth (𝛼) was estimated to be 1.18 times 275 



faster in the heated than in the reference area (𝛼8/9: = 509.7[460.1,563.5],	𝛼./0 =276 

433.5[413.3,454.1]), and growth of fish in the heated area decline more slowly with length 277 

than in the reference area (𝜃8/9: = −1.13[−1.16, −1.11], 𝜃./0 = −1.18[−1.19, −1.16]). The 278 

distribution of differences of the posterior samples for 𝛼 and θ	  both only had 0.3% of the 279 

density below 0 (Fig. 3C, E), indicating high probability that length-based growth rates are 280 

faster in the heated area.  281 

By analyzing the decline in catch-per-unit-effort over age, we found that the instantaneous 282 

mortality rate 𝑍 (rate at which log abundance declines with age) is higher in the heated area 283 

(Fig. 4). The overlap with zero is 0.05% for the distribution of differences of posterior samples 284 

of 𝑍8/9: and 𝑍./0 (Fig. 4C). We estimated 𝑍8/9: to be 0.7[0.67,0.82] and 𝑍./0 to be 285 

0.63[0.57,0.68], which corresponds to annual mortality rates of 53% in the heated area and 286 

47% in the reference area.  287 

Lastly, analysis of the size-structure in the two areas revealed that, despite the faster growth 288 

rates and larger sizes in the heated area for fish of all sizes, the higher mortality rates in the 289 

heated area led to largely similar size-structures. Specifically, while largest fish were found in 290 

the heated area, the size-spectrum exponent was only slightly larger in the heated area (Fig. 291 

5A), and their 95% confidence intervals largely overlap (Fig. 5C).  292 

 293 

Discussion 294 

Our study provides strong evidence for warming-induced differentiation in growth, mortality, 295 

and size-structure in a natural population of an unexploited, temperate fish species exposed to 296 

an ecosystem-scale experiment with 5-10 ℃ above normal temperatures for more than two 297 

decades. While it is a study on only a single species, these features make it a unique climate 298 

change experiment, as experimental studies on fish to date are much shorter and often on scales 299 

much smaller than whole ecosystems, and long time series of biological samples exist mainly 300 



for commercially exploited fish species (29, 32, 34) (in which fisheries exploitation affects 301 

size-structure both directly and indirectly by selecting for fast growing individuals). While 302 

factors other than temperature could have contributed to the observed elevated growth and 303 

mortality, the temperature contrast is unusually large for natural systems (i.e., 5-10 ℃, which 304 

can be compared to the 1.35 ℃ change in the Baltic Sea between 1982 and 2006 (56)). 305 

Moreover, heating occurred at the scale of a whole ecosystem, which makes the findings highly 306 

relevant in the context of global warming.  307 

Interestingly, our findings contrast with both broader predictions about declining mean or 308 

adult body sizes based on the GOLT hypothesis (5, 57), and with intraspecific patterns such as 309 

the TSR (temperature-size rule (6)). The contrasts lie in that both asymptotic size and size-at-310 

age of mature individuals, as well as the proportion of larger individuals were slightly larger 311 

and higher in the heated area—despite the elevated mortality rates. This result was unexpected 312 

for two reasons: optimum growth temperatures generally decline with body size within species 313 

under food satiation in experimental studies (26), and fish tend to mature at smaller body size 314 

and allocate more energy into reproduction as it gets warmer (28). Both patterns have been 315 

used to explain how growth can increase for small and young fish, while large and old fish 316 

typically do not benefit from warming. Our study species is no exception to these rules (31, 58, 317 

59). This suggests that growth dynamics under food satiation may not be directly proportional 318 

to those under natural feeding conditions (60). Moreover, our results suggest that growth 319 

changes emerge not only from direct physiological responses to increased temperatures, but 320 

also from warming-induced changes in the food web, e.g., prey productivity, diet composition 321 

and trophic transfer efficiencies (61). It also highlights that we need to focus on understanding 322 

to what extent the commonly observed increase in size-at-age for juveniles in warm 323 

environments can be maintained as they grow older. 324 



Our finding that mortality rates were higher in the heated area was expected—warming 325 

leads to faster metabolic rates, which in turn is associated with shorter life span (11, 62, 63) 326 

(higher “physiological” mortality). Warming may also increase predation mortality, as 327 

predators’ feeding rates increase in order to meet the higher demand of food (12, 14, 23). 328 

However, most evidence to date of the temperature dependence of mortality rates in natural 329 

populations stem from across species studies (12, 13, 64) (but see (23, 24)). Across species 330 

relationships are not necessarily determined by the same processes as within species 331 

relationships; thus, our finding of warming-induced mortality in a heated vs control 332 

environment in two nearby con-specific populations is important.  333 

Since a key question for understanding the implications of warming on ectotherm 334 

populations is if larger individuals in a population become rarer or smaller (27, 65), within-335 

species mortality and growth responses to warming need further study. Importantly, this 336 

requires accounting also for effects of warming on growth, and how responses in growth and 337 

mortality depend on each other. For instance, higher mortality (predation or natural, 338 

physiological mortality) can release intra-specific competition and thus increase growth. 339 

Conversely, altered growth and body sizes can lead to changes in size-specific mortality, such 340 

as predation or starvation. In conclusion, individual-level patterns such as the TSR may be of 341 

limited use for predicting changes on the population-level size structure as it does not concern 342 

changes in abundance-at-size via mortality. Mortality may, however, be an important driver of 343 

the observed shrinking of ectotherms (66). Understanding the mechanisms by which the size- 344 

and age-distribution change with warming is critical for predicting how warming changes 345 

species functions and ecological roles (7, 61, 67). Our findings demonstrate that a key to do 346 

this is to acknowledge temperature effects on both growth and mortality and how they interact.  347 
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Figures531 

 532 
Fig. 1. Map of the area with the unique whole-ecosystem warming experiment from which 533 

perch in this study was sampled. Inset shows the 1 km2 enclosed coastal bay that has been 534 

artificially heated for 23 years, the adjacent reference area with natural temperatures, and 535 

locations of the cooling water intake and where the heated water outlet from nuclear power 536 

plants enters the heated coastal basin. 537 

 538 

 539 

 540 

  541 



 542 
Fig. 2. Fish grow faster and reach larger sizes in the heated (red) enclosed bay compared to the 543 

reference (blue) area. Points in panel (A) depict individual-level length-at-age and lines show 544 

the global posterior prediction (both exponentiated) without group-level effects (i.e., cohort) 545 

from the von Bertalanffy growth model with area-specific coefficients. The shaded areas 546 

correspond to 50% and 90% credible intervals. Panel (B) shows the posterior distributions for 547 

growth coefficient (parameters 𝐾8/9: (red) and 𝐾./0 (blue)) and (C) the distribution of their 548 

difference. Panel (D) shows the posterior distributions for asymptotic length (parameters 549 

𝐿&8/9: and 𝐿&./0), and (E) the distribution of their difference.  550 
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556 
Fig. 3. The faster growth rates in the heated area (red) compared to the reference (blue) are 557 

maintained as fish grow. The points illustrate specific growth estimated from back-calculated 558 

length-at-age (within individuals) as a function of length (expressed as the geometric mean of 559 

the length at the start and end of the time interval). Lines show the global posterior prediction 560 

without group-level effects (i.e., individual within cohort) from the allometric growth model 561 

with area-specific coefficients. The shaded areas correspond to the 90% credible interval. The 562 

equation uses mean parameter estimates. Panel (B) shows the posterior distributions for initial 563 

growth (𝛼8/9: (red) and 𝛼./0 (blue)), and (C) the distribution of their difference. Panel (D) 564 

shows the posterior distributions for the allometric decline in growth with length (𝜃8/9: and 565 

𝜃./0), and (E) the distribution of their difference. 566 

 567 

 568 

 569 

570 



571 
Fig. 4. The instantaneous mortality rate (𝑍) is higher in the heated area (red) than in the 572 

reference (blue). Panel (A) shows the 𝑙𝑜𝑔	(𝐶𝑃𝑈𝐸)	as a function of 𝑎𝑔𝑒, where the slope 573 

corresponds to the global −𝑍. Lines show the posterior prediction without group-level effects 574 

(i.e., cohort) and the shaded areas correspond to the 50% and 90% credible intervals. The 575 

equation uses mean parameter estimates. Panel (B) shows the posterior distributions for 576 

mortality rate (𝑍8/9: and 𝑍./0), and (C) the distribution of their difference. 577 

 578 



 579 
Fig. 5. The heated area (red) has a larger proportion of large fish than the reference area (blue), 580 

illustrated both in terms of the biomass size-spectrum (A), and histograms of proportions (C), 581 

but the difference in the slope of the size-spectra between the areas is not statistically clear (B). 582 

Panel (A) shows the size distribution and MLEbins fit (red and blue solid curve for the heated 583 

and reference area, respectively) with 95% confidence intervals indicated by dashed lines. The 584 

vertical span of rectangles illustrates the possible range of the number of individuals with body 585 

mass ≥ the body mass of individuals in that bin. Panel (B) shows the estimate of the size-586 

spectrum exponent, 𝛾, and vertical lines depict the 95% confidence interval. Panel (C) 587 

illustrates histograms of length groups in the heated and reference area as proportions (for all 588 

years pooled). 589 
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 22 

Fig. S1. Prior predictive distribution for the von Bertalanffy growth equation (posterior draws 23 

from the prior only, ignoring the likelihood). The solid line is the median and the shaded area 24 

is the 95% credible intervals. 25 
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Table S1. Comparison of von Bertanlanffy growth models with different combinations of 31 

shared and area-specific parameters (ordered by difference in expected log pointwise density 32 

(elpd) from the best model). Note that in all models,	𝐿!" and 𝐾" vary among cohorts. 33 

Model Name Model structure elpd_diff 

M1 Area-specific 𝐿!", 𝐾" and 𝑡# 0 

M4 Area-specific 𝐿!" and 𝐾", common 𝑡# -9 

M2 Area-specific 𝐾", common 𝑡# and 𝐿!" -111 

M3 Area-specific 𝑡# and 𝐿!", common 𝐾" -150.5 

M7 Area-specific 𝐿!", common 𝐾" and 𝑡# -157.7 

M6 Area-specific 𝐾", common 𝑡# and 𝐿!" -173.9 

M5 Area-specific 𝑡#, common 𝐾" and 𝐿!" -1337.5 

M8 Common 𝑡#, 𝐾" and 𝐿!" -2153.8 

 34 
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 45 

Fig. S2. The best model of the von Bertalanffy growth equation: (A) traceplot to illustrate chain 46 

convergence for key (population-level) parameters, (B) residuals, (C) QQ-plot and (D) 47 

posterior predictive check (D). 48 



 49 

Fig. S3. Cohort-specific predictions from the best von Bertanlanffy model (i.e., with cohort-50 

varying 𝐿! and 𝐾). Points correspond to data; solid lines correspond to the median of the 51 

posterior prediction from the model and the shaded area corresponds to the 95% credible 52 

interval.  53 
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 58 

Fig. S4. The average length-at-age is larger for fish of all ages in the heated enclosed bay 59 

compared to the reference area, and the relative difference declines very slightly with age. 60 

Violin plots depict size-at-age in the heated relative to the reference area, based on draws from 61 

expectation of the posterior predictive distribution (without random effects). The points and 62 

vertical lines depict the median and the interquartile range.  63 
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 67 

Fig. S5. Posterior distributions of the cohort-varying 𝐿! parameter in the best von Bertanlanffy 68 

growth model. Points correspond to the median and the horizontal lines correspond to the 95% 69 

credible interval. Note that the distributions of 𝐿! in the warm areas extend beyond the x-axis 70 

for cohorts 1995–1997 (also evident in Fig. S3). The range of the x-axis was set to be wide 71 

enough to include the posterior medians of the larger estimates but narrow enough to allow for 72 

comparison between the other cohorts and areas. 73 
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 76 

Fig. S6. Posterior distributions of the cohort-varying 𝐾 parameter in the von Bertalanffy model. 77 

Points correspond to the median and the horizontal lines correspond to the 95% credible 78 

interval. 79 
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 85 

Fig. S7. Prior vs posterior distributions for parameters 𝐿! (A), 𝐾 (B) and 𝑡# (C) in the best 86 

model of the von Bertalanffy growth equation. 87 
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 89 

Fig. S8. Prior predictive distribution for the allometric growth model (posterior draws from the 90 

prior only, ignoring the likelihood). The solid line is the median and the shaded area is the 95% 91 

credible intervals. 92 
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Table S2. Comparison of allometric growth models with common or unique 𝜃-parameter 96 

(exponent in the allometric growth model), ordered by difference in expected log pointwise 97 

density (elpd) from the best model. 98 

Model Name Model structure elpd_diff 

M1 Intercept (𝛼"[%],([%]) varying across individuals within 

cohorts, fixed, area-specific slope (𝜃)*+ , 𝜃,*-.) 

0 

M2 Intercept (𝛼"[%],([%]) varying across individuals within 

cohorts, “fixed” common slope (𝜃) 

-2.7 
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 115 

Fig. S9. The best allometric growth model: (A) traceplot to illustrate chain convergence for 116 

key (population-level) parameters, (B) residuals, (C) QQ-plot and (D) posterior predictive 117 

check (D). 118 
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 120 

Fig. S10. Prior vs posterior distributions for parameters 𝛼 (A) and 𝜃 (B) in the best allometric 121 

growth model (inset in panel (B) is a zoomed-in version to better visualize the priors in the 122 

range of the posteriors). 123 
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 125 

Fig. S11. The best catch curve model: (A) traceplot to illustrate chain convergence for key 126 

(population-level) parameters, (B) residuals, (C) QQ-plot and (D) posterior predictive check 127 

(D). 128 
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 130 

Fig. S12. Posterior distributions of the cohort-varying slopes in the best catch curve model, 131 

where 𝑍, the mortality rate, is the negative of the slope of natural log of catch per unit effort 132 

(CPUE) as a function of age. Points correspond to the median and the vertical lines correspond 133 

to the 95% credible interval. 134 
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