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ABSTRACT 29 

Microbial communities regulate ecosystem responses to climate change. But predicting these 30 

responses is challenging due to complex interactions among processes at multiple ecological 31 

scales. Organismal traits that determine individual performance and ecological interactions are 32 

essential for scaling up predictions of environmental responses from individuals to ecosystems. 33 

We combine experiments and mathematical models to show that key microbial traits—cell size, 34 

shape, and cell contents—independently drive shifts in demographic rates across temperatures, 35 

having cascading effects on community structure, dynamics, and ecosystem function. Moreover, 36 

intra- and interspecific trait variation play distinct, trait-specific roles in temperature responses. 37 

These species-level responses scale up to cause predictable, nonlinear shifts in microbial 38 

community composition and respiration rates, with direct implications for the effects of warming 39 

on the global carbon cycle. Mechanistically linking microbes with climate using traits will help 40 

refine predictions about complex ecosystem-climate feedbacks and the pace of climate change. 41 

 42 

INTRODUCTION 43 

Climate regulates the organization, function, and dynamics of ecosystems1,2, yet predicting 44 

ecosystem responses to rapid environmental change remains a major challenge in ecology3–5. 45 

This is partly due to the complexity of ecological systems—which involve processes at multiple 46 

organizational scales, from individuals to ecosystems6. Forecasting ecosystem responses to 47 

climate change therefore hinges on understanding how novel environmental conditions influence 48 

processes at each scale and how these simultaneous responses are linked across scales2,3,7,8.  49 

 50 



The processes that structure populations, communities, and ecosystems are ultimately determined 51 

by interactions between individual organisms and their biotic and abiotic environment6,7. Traits 52 

control these individual-level interactions9,10 and are thus central to linking processes across 53 

scales and predicting complex ecosystem responses to climate change11–13. For example, body 54 

size controls individual metabolic rates14, which in turn influence population-level processes like 55 

intrinsic growth rates and carrying capacities15–17. At the community-level, trait variation within 56 

and among species can influence competitive outcomes18–20 and the strength and occurrence of 57 

trophic interactions20–24. Finally, through their effects on individual metabolic rates, functional 58 

traits like body size can scale up to determine ecosystem-level properties like total biomass, 59 

biodiversity, primary productivity, and nutrient cycling11–13,25,26.  60 

 61 

Although traits can link processes across scales9–13, the challenge is to determine 1) which trait—62 

or combination of traits—is the most important driver of variation for each ecological process 63 

and 2) how these traits mediate ecological responses to environmental change across scales. 64 

However, linking individual-level traits to changes in ecological processes across scales under 65 

different environmental conditions is remarkably challenging for multiple reasons. First, relevant 66 

functional traits must be accurately quantified at the individual level. Second, intra- and inter-67 

specific trait variation must be linked to variation in the demographic rates that determine 68 

population dynamics, thus linking traits to population-level processes. Third, these responses 69 

must then be considered in a community context to evaluate how trait-driven demographic 70 

variation affects the composition, structure, and dynamics of communities and their associated 71 

ecosystem consequences. Last, all of these patterns—trait-driven shifts in species densities, 72 



community structure, and ecosystem functioning—must be characterized across environmental 73 

conditions, which is infeasible in most systems27,28.  74 

 75 

Microbial communities are key drivers of ecosystem responses to climate change29–31 that also 76 

provide an opportunity to study environmental effects across scales comprehensively in 77 

controlled laboratory conditions27,28. Indeed, microbial decomposers have a significant influence 78 

on nutrient flux and the global carbon cycle that ultimately determine the pace of climate 79 

change31,32. For example, bacteria and fungi store 41 times more carbon than the entire animal 80 

kingdom33 while soil prokaryotic respiration alone releases 98 Pg C yr-1 34, representing one of 81 

the largest sources of atmospheric carbon emissions35 that is expected to rise with global 82 

warming36. The principal consumers of these microbial decomposers worldwide are a group of 83 

single-celled eukaryotes collectively known as protists37,38, which account for twice as much 84 

biomass as the entire animal kingdom globally33. Predation by protists depresses microbial 85 

biomass, thus controlling total microbial respiration rates and, consequently, global carbon 86 

sequestration and nutrient flux38. However, it is largely unknown how this important biotic 87 

control on global ecosystem functioning may respond to rising temperatures39. It is possible to 88 

study how traits mediate these microbial interactions across environment gradients in great detail 89 

in the laboratory, which provides a unique opportunity to understand the mechanisms connecting 90 

ecological processes across scales while informing how ongoing climate change may influence 91 

global nutrient cycling.  92 

 93 

Here, we combine laboratory experiments and mathematical modeling to examine how protist 94 

traits influence population-, community-, and ecosystem-level responses to temperature. We 95 



study 14 protist species that commonly co-occur in nature40, span several orders of magnitude in 96 

body size, and play a variety of functional roles within microbial communities (producers, 97 

bacterivores, detritivores, grazers, intraguild predators)39,40. Specifically, we ask: Do protist traits 98 

predict population, community, and ecosystem-level responses to changes in temperature? We 99 

find that intra- and interspecific variation in three key traits—body size, shape, and cellular 100 

contents (Figure 1)—are strongly, but distinctly, related to temperature-driven shifts in species 101 

demographic parameters controlling population growth and species interactions. These 102 

population-level effects scale up to determine how community- and ecosystem-level properties 103 

change across temperatures—including shifts in equilibrium densities, community network 104 

structure, species richness, and total system respiration. Our results show how traits link 105 

environmental variation to complex ecological responses across scales, thus providing insights 106 

into how key microbial components of ecosystems might respond to a rapidly changing climate. 107 

 108 

RESULTS 109 

We found remarkable trait diversity both within and among species along three main axes of 110 

variation (Figures 1A & 2). Body size spanned over four orders of magnitude across species 111 

(Figure 2A) while body shape ranged from fusiform to nearly perfectly spherical (Figure 2B). 112 

Cell contrast—which measures the optical homogeneity of a cell and is indicative of cellular 113 

contents (vacuoles, organelles, etc.), storage, and consumption—also varied widely (Figure 2C). 114 

All traits were quantified prior to experimental manipulations. 115 

 116 

Species exhibited distinctive Temperature Performance Curves (TPCs, Figure 1B), indicating a 117 

variety of strategies to handle temperature variation (Figures 3A & S1; Table S1). Optimal 118 



temperatures for growth (Topt, Figure 1B) spanned over 12ºC across species from 20.4ºC in C. 119 

striatum to 32.3ºC in T. pyriformis. The range of viable temperatures (Trange, Figure 1B) also 120 

varied widely across species from 12.4ºC in Euplotes sp. to 24.7ºC in T. magna. All TPCs were 121 

left-skewed (Figure 3A), but the magnitude of this asymmetry varied from nearly perfect 122 

symmetry in P. aurelia (TPCasymmetry » 2.0ºC) to extreme asymmetry in T. pyriformis 123 

(TPCasymmetry » 19ºC). Intrinsic growth rate at Topt, or rpeak (measured in cells cell-1 d-1; Figure 1B) 124 

ranged from 0.2 in P. bursaria to 4.6 in T. pyriformis (Figure 3A). Several relationships among 125 

TPC parameters also emerged. Interestingly, rpeak was not correlated with Topt itself (Figure S2), 126 

nor was it related to any features of the falling parts of TPCs (including CTmax or deactivation 127 

energy, Ed). Instead, rpeak was strongly related to Trange (r = 0.53) and features of the rising parts 128 

of TPCs (CTmin, r = -0.65; Ea, r = 0.84). Conversely, Topt was only correlated with the falling 129 

parts of TPCs (CTmax, r = 0.89; Ed, r = 0.57; TPCasymmetry r = 0.62). TPCasymmetry was 130 

significantly correlated with Trange (r = 0.73), CTmin (r = -0.54), and Ed (r = 0.81). 131 

 132 

We assessed the density dependence of population growth for each species at two different 133 

temperatures—22ºC and 25ºC—by measuring per-capita growth rates across a range of initial 134 

population densities, then using the y-intercepts (b) and slopes (m) of these relationships to 135 

calculate intrinsic growth rates (r = b; in cells cell-1 d-1) and carrying capacities (K = -b/m; in 136 

cells mL-1)—important demographic parameters that control population dynamics and 137 

community-level interactions (Figure 1C). Density dependence varied among species and was 138 

also sensitive to changes in temperature (Figure 3B). Linear models revealed that all species, 139 

except T. pyriformis, U. turbo and P. caudatum (P. caudatum was marginally significant at p = 140 

0.06), exhibited significant negative density dependence (Table S2). All species showed 141 



significant differences in intercepts between temperatures, while four species showed significant 142 

differences in slope between temperatures, indicating interacting effects of density and 143 

temperature on growth (Figure 3B). Intrinsic growth rates (r) increased with temperature in all 144 

but three species (Figure 3B). Estimates of r from density dependence assays agreed with TPC 145 

estimates (R2 = 0.86; Figure 3C). K increased with temperature in five species but decreased in 146 

seven other species (Figure 3B). The direction of change (increase or decrease) in K with 147 

temperature matches that of r in all species except those that exhibited a significant interaction 148 

between density and temperature effects on growth (Figure 3B inset). 149 

 150 

Traits significantly predicted observed properties of TPCs (Figure 4A) and demographic 151 

responses to temperature (r & K; Figure 4B). Species with larger size had lower peak intrinsic 152 

growth rates (rpeak) and higher critical thermal minima (CTmin). More symmetrically-shaped 153 

(higher aspect ratio) species had higher rpeak, lower CTmin, and wider thermal breadths (Trange). 154 

Cell contrast was positively related to rpeak and activation energy (Ea). Interestingly, no trait 155 

mean significantly predicted Topt, TPCasymmetry, CTmax, or Ed (Figure S2). The observed decrease 156 

in r estimates (from density-dependence assays) with cell size was consistent with predictions 157 

from metabolic theory (expected slope » -0.25)14,15, but did not significantly differ across 158 

temperatures (m22 = -0.28, m25 = -0.21). r also increased with cell aspect ratio at both 159 

temperatures (22ºC and 25ºC). While not related to size or shape, the steepness of the rising part 160 

of the TPCs (represented by rdiff and Ea) was positively related to cell contrast. Carrying capacity 161 

(K) declined with increasing size and was not related to any other traits. While this negative K-162 

size trend is consistent with theory, the slopes did not vary with temperature (m22 = -0.42, m25 = -163 

0.41) and were not close to the expected value of -0.7514,15,17. However, the magnitude of the 164 



difference in K between temperatures (Kdiff) declined with size, indicating that larger species with 165 

lower Ks also experience smaller changes in K with temperature. Although rpeak, r22, r25, and 166 

CTmin were all related to multiple traits, commonality analysis revealed that metrics of r were 167 

more strongly influenced by body shape, while CTmin was more strongly influenced by body size 168 

(Table S3). 169 

 170 

Intraspecific variation in traits also predicted demographic parameters (Figure S2). Variance in 171 

cell volume and contrast were significantly correlated with rpeak. Variance in cell contrast 172 

predicted many demographic parameters that were not related to mean contrast like intrinsic 173 

growth rate (r22, r25), carrying capacity (K22, K25, Kdiff), and different TPC components (CTmin, 174 

Trange, TPCasymmetry). Variance in contrast and mean volume were the only trait variables related to 175 

carrying capacity (K). Variance in contrast was the only trait variable that predicted TPCasymmetry. 176 

 177 

A mathematical model parameterized with our TPC data (details in Methods) showed that 178 

observed trait-mediated differences in species’ demographic responses to changes in temperature 179 

should lead to predictable changes in population-, community- and ecosystem-level properties 180 

across temperatures (Figure 5). Species’ realized thermal niches varied according to a 181 

combination of species’ thermal ranges (fundamental niches) and interactions with other species 182 

with overlapping thermal ranges (Figure 5A). Changes in temperature caused coordinated shifts 183 

in species equilibrium densities and ecological interactions via changes in r along TPCs. As a 184 

result, our model shows that temperature should alter community composition, and the topology 185 

of interaction networks, in predictable ways (shown as network diagrams in Figure 5A). 186 

Increasing the strength of competitive differences among species (by increasing background 187 



mortality d, Eqn. 4) led to lower equilibrium densities and species exclusions, generally favoring 188 

faster growing species (i.e., species with higher rpeak values). The most dramatic changes in 189 

equilibrium densities and community structure occurred at intermediate levels of competition 190 

(Figure 5A). 191 

 192 

Our trait-driven community model also predicted shifts in community composition associated 193 

with nonlinear changes in species richness, mean species mass, and whole community respiration 194 

across temperatures (Figure 5 B–D). Intermediate temperatures (~20–25°C) hosted the most 195 

diverse communities and declines in diversity at extreme temperatures mirrored asymmetry in 196 

TPCs (Figure 5B). In contrast, mean species mass tended to increase with temperature, owing to 197 

shifts in species composition favoring larger species at warmer temperatures (Figure 5C). 198 

Coordinated shifts in equilibrium densities and mean species mass produced a complex 199 

relationship between temperature and total protist community respiration rate—an indicator of 200 

overall bacterial consumption41—that showed quantitative differences with that of species 201 

richness (Figure 5D). While patterns in respiration rate also were generally hump-shaped, they 202 

showed less sensitivity to increases in the strength of competition than species richness, 203 

indicating that metabolic losses from competitive species exclusions were likely compensated by 204 

changes in the mass-densities of remaining species (Figure 5 B–D). As with richness, however, 205 

respiration is predicted to peak at intermediate temperatures, although overall temperature 206 

dependence is right-shifted and declines at a lower rate at high temperatures compared to species 207 

richness, coinciding with the high-temperature peak in mean species mass (Figure 5C), and 208 

contrasting with a sharp decline in species richness (Figure 5B).  209 

 210 



Interestingly, our results from empirical communities support all of these predictions: 1) we 211 

observed a hump-shaped relationship between richness and temperature, peaking at levels 212 

consistent with model predictions (Figure 5E), 2) empirical communities increased in mean 213 

species mass with temperature, in striking agreement with model predictions (Figure 5F), and 3) 214 

observed changes in species richness and mean species mass produced a hump-shaped 215 

relationship between respiration rate and temperature that declines at a lower rate than species 216 

richness does at high temperatures (Figure 5G). We note, however, that empirical estimates of 217 

respiration are roughly 20x higher than theoretical respiration rates, likely owing to additional 218 

respiration by bacteria in experimental microcosms. Taken together, these results affirm that 219 

directly linking environmental conditions to population and community processes using traits 220 

can greatly improve our understanding and predictions of changes in species richness and total 221 

respiration rate across temperatures. 222 

 223 

DISCUSSION 224 

Our results suggest that future warming will cause complex, coordinated shifts in microbial 225 

community composition and respiration, having significant impacts on ecosystem functioning 226 

that can be predicted by individual-level traits. Indeed, disentangling the unique roles of specific 227 

microbial traits on species’ demographic responses to temperature (Figures 4 & S2; Table S3), 228 

allows us to mechanistically track how temperature drives shifts in species richness, community 229 

network structure, and total community respiration (Figure 5). As the ‘puppet masters’ of 230 

microbial communities, protists play an integral role in the global carbon cycle through their 231 

strong top-down control of microbial community structure, respiration, and nutrient flux38. By 232 

mechanistically linking environmental variation with microbial processes across scales through 233 



protist traits, our framework opens up possibilities to create a more holistic understanding of 234 

climate-ecosystem feedbacks. Such a multi-level, multi-trait approach is crucial for explaining 235 

spatiotemporal variation in the structure and function of ecosystems and forecasting complex 236 

ecological responses to climate change11–13. 237 

 238 

Consistent with metabolic theory14,15, protist intrinsic growth rates declined significantly with 239 

increasing body size across temperatures. However, our analysis suggests that body shape may 240 

actually be a stronger predictor of intrinsic growth rates (r22, r25, and rpeak) than body size in 241 

protists (Table S3, Figure S2). This shows how multiple traits can have important but distinct 242 

effects on higher-level processes. Why cell shape would influence demographic parameters is 243 

poorly understood, but has been observed at least once before42. Because body shape determines 244 

the surface area to volume ratio in unicellular organisms, it mediates the rate of passage of 245 

material across the cell membrane41. On the other hand, cell size determines metabolic costs14. 246 

Since body size and shape were not correlated in our data, it is possible that both traits jointly 247 

regulate metabolic rate, but do so independently: size sets energetic demands while surface sets 248 

energetic intake43,44. More generally, these results suggest that traits other than size may play a 249 

significant role in determining ecological effects across scales, as recently shown in multicellular 250 

organisms like cephalopods45 and birds46.  251 

 252 

Both inter- and intraspecific variation have been shown to influence ecological processes9,20, but 253 

how these mediate temperature responses is less clear. Our results show that trait variation across 254 

species (mean trait values) and within species (trait variances) are both important but 255 

independent predictors of population growth across temperatures (Figure S2). Indeed, rpeak was 256 



the only parameter related to both trait mean and variance (in both cell volume and contrast)—all 257 

other significant trait-demography relationships involved either trait mean or variance, but not 258 

both. This suggests that intra- and inter-specific trait variation play distinct, trait-specific roles 259 

within ecosystems. Identifying these unique roles will help clarify which aspects of functional 260 

diversity are most important in mediating temperature effects on higher-level processes, thus 261 

informing predictions about the cascading ecosystem effects of biodiversity shifts with future 262 

climate change.  263 

 264 

Species trait distributions are likely to shift in response to environmental change through 265 

plasticity or rapid evolution47. This could, in turn, alter how population, community, and 266 

ecosystem responses develop over longer periods of time. For example, body size declines with 267 

increasing temperature—a pattern known as the ‘temperature-size rule’48. It is unclear whether 268 

such shifts in body size will amplify or compensate for temperature effects across levels of 269 

organization, especially if the temperature-size rule varies among species49. To fully understand 270 

how plastic or evolutionary change may mediate climate responses across levels of biological 271 

organization, we might need to incorporate an eco-evolutionary perspective in our current 272 

predictive models50. Because traits govern population, community and ecosystem processes11–13 273 

(Figures 4 & 5) while also influencing fitness and being subject to selection20, they provide a 274 

natural link between ecology and evolution. Our results represent the first step in that direction 275 

by showing that even small temperature differences can lead to profound effects across scales, 276 

and that these responses can be predicted by traits.  277 

 278 



Because microbes are key players in global climate responses, understanding how they will 279 

collectively respond to changes in environmental conditions is a crucial goal29–31. In our system, 280 

we identified traits that predict protist’s temperature responses (TPCs), leading to coordinated 281 

changes in equilibrium densities, community body size distributions, and, ultimately, total 282 

community respiration rates (through increased metabolic rates) across temperatures. As a result, 283 

our model predicts that rapid warming will produce nonlinear shifts in carbon flux via complex 284 

but predictable changes in protist communities and overall consumption of decomposers, driven 285 

by changes in protist metabolic demands (Figure 5). Most current earth systems models (ESMs) 286 

treat microbial respiration as a black box, assuming that total microbial respiration increases with 287 

temperature51,52. Here, we link respiration to the individual traits that determine functional 288 

composition and dynamics of microbial communities, thus providing a more comprehensive and 289 

mechanistic approach that can be used to improve model predictions (e.g., from ESMs) of 290 

ecosystem responses to environmental change. 291 

 292 

METHODS 293 

Laboratory experiments 294 

Species cultures 295 

We studied 14 protist species across functional groups (by increasing rpeak value): Paramecium 296 

bursaria (myxotroph), Paramecium multimicronucleatum (grazer, bacterivore), Euplotes sp. 297 

(bacterivore, intraguild predator), Blepharisma sp. (bacterivore, intraguild predator), Colpidium 298 

striatum (grazer, bacterivore), Paramecium aurelia (grazer, bacterivore), Paramecium caudatum 299 

(grazer, bacterivore), Tillina magna (grazer, bacterivore), Halteria grandinella (bacterivore), 300 

Cyclidium glaucoma (bacterivore), Colpoda steinii (bacterivore), Glaucoma sp. (bacterivore), 301 



and Tetrahymena pyriformis (bacterivore). Stock cultures of all species were maintained in 302 

200mL jars at 22ºC in Carolina protist media with 1 wheat seed as a carbon source27.  303 

 304 

Trait measurements 305 

All traits (cell volume, aspect ratio, and optical contrast) were measured using fluid imaging 306 

(FlowCam, Portland, ME). One mL samples were taken from stock cultures for each species and 307 

imaged at 10x magnification to create libraries of images of individual cells. Cell volume was 308 

calculated as the volume of a prolate spheroid based on the geodesic width (a) and geodesic 309 

length (b) measurements of each cell (biomass = 4/3pa2b). Cell aspect ratio was calculated as the 310 

ratio of geodesic width to length (aspect ratio = a/b, Figure 1A). The FlowCam proprietary 311 

software erroneously characterized some cells as perfect spheres (aspect ratio = 1, Figure 1B); 312 

those samples were not used for data analysis. Cell contrast was measured as the standard 313 

deviation of grayscale values for each individual cell image (Figure 1A). For Euplotes sp. and T. 314 

magna, 10x samples were used for biomass and aspect ratio measurements while separate 315 

samples were processed at 4x to more reliably quantify cell contrast. Trait estimates were log10-316 

transformed and all estimates within three standard deviations of the log10-transformed mean 317 

(geometric mean) for each species-trait combination were used for analysis.  318 

 319 

Experimental design 320 

Thermal performance curve (TPC) assays. TPCs were characterized using the standard 321 

approach53,54, i.e., by quantifying intrinsic population growth rates (r = log(Final density/Initial 322 

density)/days) across temperatures (replication: n=6/temperature, 5 temperatures/species, see 323 

online Dataset). Each replicate population was grown for three days, beginning at an initial 324 



density (Ninitial) of three individual cells taken from stock cultures (due to their small size, C. 325 

glaucoma replicates were initialized by volume of 20µL (average density of 2.28 inds. µL-1) 326 

rather than transferring individual cells. TPCs fits were then estimated using nonlinear regression 327 

of a Sharpe-Schoolfield model55 (‘nls.multstart’ package56 in R57) to empirical r values across 328 

temperatures (ln-transformed here): 329 

𝑙𝑛(𝑟) = 𝑎 + 𝐸!𝑘 + 1𝑇" − 1𝑇/ − 𝑙𝑛 01 + 𝑒#!$ % &'"(&')2 Equation (1) 

where r is intrinsic growth rate, a is a normalization constant, Ea is activation energy, k is 330 

Boltzmann’s constant (8.6*10-5 eV/K), Tr is a reference temperature (Tr = 25ºC), T is 331 

temperature, Ed is deactivation energy, and Th is the temperature to the right of Topt where r is 332 

half of rpeak. Topt can be calculated from the above parameters as: 333 

𝑇*+, = 𝐸- 𝑇.𝐸- + 𝑘𝑇.𝑙𝑛 3𝐸-𝐸! − 14 
Equation (2) 

 334 

To account for negative r values and avoid the lower asymptote of the Sharpe-Schoolfield model 335 

interfering with fits, a scaling coefficient (S = 10) was added to all r values (r = rraw+S) prior to 336 

fitting and removed after fitting. 337 

 338 

Density-dependence (DD) assays. Temperature effects on density dependence were quantified by 339 

calculating intrinsic population growth rates (r) for four replicate populations of each species at 340 

22ºC and 25ºC across a range of increasing initial densities—Ninitial = 4, 8, 12, 16, & 20 cells. As 341 

in TPC assays, C. glaucoma replicates were initialized by increasing volumes (10, 40, 60, 100, 342 

140, 200µL) of known densities (average density of 3.13 inds. µL-1). Each replicate grew for two 343 

days (except T. pyriformis populations which were sampled after 10hrs due to extremely fast 344 



growth) and final densities and r were measured as in TPC assays. r estimates within three 345 

standard deviations of the mean for each species-temperature combination were used for 346 

analysis. Effects of initial density (Ninitial), temperature (T), and interactions between initial 347 

density and temperature (Ninitial*T) on per-capita population growth rate were analyzed using a 348 

linear model: 349 

𝐺𝑟𝑜𝑤𝑡ℎ	𝑟𝑎𝑡𝑒 = 𝑁/0/,/!1 + 𝑇 + 𝑁/0/,/!1 ∗ 𝑇 + error Equation (3) 

For each species, we compared models with and without the interaction term, and whenever 350 

interaction terms were significant, the model containing the interaction was kept for further 351 

analysis. Otherwise, the main effects model was used. Table S2 provides a model summary 352 

including model choices, model p-values, variable coefficient estimates (b), variable standard 353 

errors, and variable p-values.  354 

 355 

Demographic parameters 356 

To quantify changes in population growth across temperatures we calculated 14 demographic 357 

parameters based on TPC and DD assays:  358 

 359 

Demographic Parameter Abbr. 

peak intrinsic growth rate rpeak 

optimal temperature Topt 

critical minimum temperature CTmin 

critical maximum temperature CTmax 

thermal breadth Trange 

TPC asymmetry TPCasymmetry 

activation energy Ea 

deactivation energy Ed 

r at 22ºC r22 

r at 25ºC r25 



magnitude of change in r from 22ºC to 25ºC |rdiff| 

K at 22ºC K22 

K at 22ºC K25 

magnitude of change in K from 22ºC to 25ºC |Kdiff| 

 360 

All TPC parameters (rpeak, Topt, CTmin, CTmax, Trange, TPCasymmetry, Ea, and Ed) were recorded from 361 

Sharpe-Schoolfield fits of raw intrinsic growth rate data (Figure 1A). DD parameters (intrinsic 362 

growth rate (r, in cells cell-1 d-1) and carrying capacity (K, in cells mL-1)) were calculated for 363 

each temperature (22ºC and 25ºC) using y-intercepts (b) and slopes (m) from linear models 364 

(Table S2) as r = b and K = -b/m. The magnitudes of changes in r and K were calculated as the 365 

absolute value of the difference between values at each individual temperature (|rdiff| = |r25-r22|; 366 

|Kdiff| = |K25-K22|). Resulting demographic parameters were log10-transformed prior to analysis. 367 

 368 

Demographic parameter-trait analyses 369 

Relationships between demographic parameters and traits were evaluated using a combination of 370 

correlation analysis, linear models, and commonality analysis58. For each species, mean and 371 

variance of log-transformed trait values were used for comparison with demographic parameters. 372 

Because the focal temperatures of density dependence assays (22ºC and 25ºC) occur to the left of 373 

Topt for all species except C. striatum, all density dependence parameters (r and K) for C. 374 

striatum were omitted in demographic parameter-trait analyses. Because the Ninitial effects in 375 

density dependence models were not significant for U. turbo or T. pyriformis, K estimates for 376 

these species were omitted from these analyses. 377 

 378 

Pearson correlation coefficients (r) and associated p-values were calculated for all demographic 379 

parameter-trait moment combinations (Figure S2). Linear regressions were also performed for all 380 



combinations of demographic parameters and mean traits (significant results shown in Figure 4). 381 

For demographic parameters related to multiple traits, we performed a commonality analysis58 382 

using the ‘yhat’ package59 in R to partition the total explained variance (R2) into the individual 383 

contributions of each trait (U). Predictor variables (traits) were centered and rescaled prior to 384 

doing commonality analysis to standardize the scales of their effects—note that this rescaling 385 

does not affect variance partitioning. Results of the commonality analysis are summarized in 386 

Table S3, including total explained variance (R2) model p-values, the main effects of each trait 387 

(b), variance inflation factors (VIFs, which describe the degree to which the variance explained 388 

by individual traits is inflated by multicollinearity), the proportion of total R2 that is unique to 389 

each trait (U; shown with percentage of R2 explained (U%)), variance explained that is common 390 

between a given trait and all other traits in the model (C), and the total explained variance based 391 

on the unique and common effects of each trait (U + C = Total). 392 

 393 

Community experiment 394 

Microcosm communities were initialized with 10 protist species (excluding C. steinii, U. turbo, 395 

and predatory species Euplotes sp. and Blepharisma sp.) at initial densities of 50 inds. mL-1 396 

(except T. magna which was started at the lower densities of 0.015ind/mL) in 200mL glass jars 397 

and for five different temperature treatments: 15, 20, 25, 30 and 35 ºC. Each temperature 398 

treatment was replicated 8 times. After 14 days, we estimated species presence/absence and 399 

species richness through species counts under a Leica DM2500 stereomicroscopes in 1mL 400 

samples, in triplicate. Whole community respiration rates were estimated using an optode-based, 401 

closed-system, real-time OXY-4 ST respirometer (PreSens, Regensburg, Germany) for 3 402 

experimental replicate microcosms per temperature. Respiration rate was quantified as the 403 



volume of dissolved O2 (mL) consumed per mL per second by the entire 200mL microcosm for 404 

25 minutes, relative to a control60. Oxygen consumption (mLO2 mL-1 s-1) was converted to watts 405 

mL-1 using a conversion factor of 20J (W*s) per mL of O2
61. Respirometry was done in the dark 406 

at each experimental temperature, so acclimation times were short (~10 min).  407 

 408 

Model of community dynamics 409 

Following previous theory62,63 and recent advances in microbial ecology64, community dynamics 410 

for all 14 species were analyzed by parameterizing a modified Lotka-Volterra model: 411 

𝑑𝑁/𝑑𝑡 = 𝑟/[𝑇]𝑁/ @1 − 𝑁/𝐾/ −B𝛼/2𝑁2𝐾/23/
D − 𝛿𝑁/ Equation (4) 

where ri[T] is the intrinsic growth rate for species i which is a function of temperature (T) 412 

according to that species’ TPC, Ni (Nj) is the density of species i (j), Ki is the carrying capacity of 413 

species i, aij is the effect of species j on species i, and d is a global mortality rate62,63. For 414 

simplicity, all interaction coefficients (aij) were set to 0.01. Carrying capacities were set to 415 

empirically observed values at 22ºC. We relax assumptions about aij and Ki in Supplementary 416 

Figure S3. 417 

 418 

At steady-state, equilibrium densities (𝑁F/) are: 419 

𝑁F/ = 𝐾/ −B𝛼/2𝑁2
23/

− 𝛿𝑟/[𝑇] Equation (5) 

Equation (5) shows that, in addition to Ki and 𝛼/2, equilibrium densities also depend on r and d. 420 

In order for species to persist, they must be able to invade when rare65. Thus, the conditions for 421 

species persistence within a community are found by solving Equation (4) such that the per-422 



capita growth rate of a focal species 3-4#-,
&
4#
4 is greater than zero when rare (Ni ~ 0) and all Nj are 423 

at their equilibrium densities (𝑁F2) in the absence of Ni: 424 

𝑑𝑁/𝑑𝑡 1𝑁/ = 𝑟/[𝑇] @1 −B𝛼/2𝑁F2𝐾/23/
D − 𝛿 > 0 ⟹ 𝑟/[𝑇] > 𝛿𝐾/𝐾/ −∑ 𝛼/2𝑁F223/

 Equation (6) 

For a single species in isolation (i.e., all Nj = 0), the condition for persistence is: 425 

𝑑𝑁/𝑑𝑡 1𝑁/ = 𝑟/[𝑇] − 𝛿 > 0 ⟹ 𝑟/[𝑇] > 𝛿 Equation (7) 

 426 

Here, we calculated equilibrium densities for all species across temperatures (7ºC–41ºC) and 427 

global mortality rates (d = [0.01, 1]). For each of these communities, we also calculated species 428 

richness (# of species persisting at equilibrium), mean species mass (average mass across 429 

species, in g; using a conversion factor of 10-12 g/µm3), and total community respiration rate (B; 430 

in watts mL-1), which is equal to the sum of the metabolic rates of all organisms66: 431 

𝐵 =B 𝑊/𝑁F/0

/5&
 Equation (8) 

where n is the number of viable species, 𝑁F/ is the equilibrium density of species i, and Wi is the 432 

metabolic rate of species i. Because the temperature dependence of metabolic rate is known to 433 

vary among organisms67 and we did not measure this temperature dependence directly here, we 434 

consider the mass effect on metabolic rate combined with the temperature effects on population 435 

growth, community composition, and community equilibrium densities studied here. Metabolic 436 

rate is proportional to mass: 437 

𝑊/ ∝ 𝛽6𝑀7 Equation (9) 



where we use the normalization constant b = 0.00152 and scaling exponent a = 0.97 for 438 

protists68. 439 

 440 
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FIGURES 618 

 619 

Figure 1. Conceptual diagram demonstrating traits and demographic characteristics of species. 620 

(A) Major axes of trait variation in protists can be measured by representing cells as spheroids 621 

that vary in size, shape, and contents—which are measured respectively as volume, aspect ratio, 622 



and the standard deviation of pixel grayscale values using flow imaging microscopy. (B) 623 

Changes in some aspect of performance (e.g., intrinsic growth rate) in a species across 624 

temperatures are captured by the position and shape of a thermal performance curve (TPC). (C) 625 

Density dependence in population growth can be evaluated at different temperatures by 626 

measuring the y-intercept (b) and slope (s) of the relationship between per-capita growth rate and 627 

density.  628 

 629 

 630 
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 639 

 640 

 641 

 642 

 643 

 644 

 645 



 646 

Figure 2. Intra- and inter-specific variation in (A) cell volume (size), (B) cell aspect ratio 647 

(shape), and (C) cell contrast (contents) measured for 14 protist species. Bars above each 648 

distribution denote mean values. 649 

 650 

 651 

 652 

 653 

 654 



 655 

Figure 3. The temperature dependence of population growth measured empirically for 14 protist 656 

species. (A) Thermal performance curves (TPCs) with bars (above) showing thermal breadths 657 

(Trange, where r > 0) and points showing thermal optima (Topt). (B) Density dependence of per-658 

capita growth rates measured at two temperatures: 22ºC (solid points/lines) and 25ºC (open 659 

points/dashed lines)—lines are significant linear regressions, shaded regions are 95% confidence 660 

intervals, and asterisks signify the existence of a significant interaction between density and 661 

temperature. r and K (inset) were calculated from these regressions for each species at each 662 

temperature. ‘ns’ indicates that K estimates were not significant for given species. (C) 663 

Agreement between r estimates from density dependence assays and TPC assays at 22ºC (solid 664 

points) and 25ºC (open points). 665 

 666 



 667 

Figure 4. Significant relationships between species mean trait values and (A) TPC parameters 668 

and (B) density dependence parameters. Shaded regions are 95% confidence intervals, ‘m’ 669 

indicates the slope of each regression. In (B), solid lines/shading denote 22ºC and dashed 670 

lines/shading denote 25ºC. 671 
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 682 

Figure 5. Theoretical (A-D) and experimental (E–G) results for temperature effects on 683 

competitive communities. (A) Equilibrium densities across the entire range of viable 684 

temperatures for species in this study shown for three different global mortality rates (d, which 685 

controls the strength of competitive differences among species). Network diagrams show 686 

community topology and interaction strengths at 10, 16, 22, 28, & 34ºC—node sizes represent 687 

equilibrium densities and link weights represent species interaction strengths. Species richness 688 

(B & E), mean species mass (C & F), and total community respiration rate (D & G) are shown 689 

across a range of temperatures and global mortality rates for theoretical (B–G) and experimental 690 

(E–G) communities. For (E-G), yellow lines are nonlinear fits to experimental data (black dots) 691 

and gray lines are model predictions for a range of global mortality rates. Note the difference in 692 

scales for experimental and theoretical respiration rates in (G), reflecting bacterial respiration in 693 

addition to protist respiration in experimental communities. 694 

 695 



SUPPLEMENTARY MATERIAL 696 

 697 

Species rpeak Topt CTmin CTmax Trange TPCasymmetry Ea Ed 

Paramecium bursaria 0.22 27.04 11.11 32.73 21.62 10.23 0.01 3.04 

Paramecium multimicronucleatum 0.3 30.1 18.92 34.03 15.12 7.26 0.02 4.55 

Euplotes sp. 0.34 28.09 19.92 32.33 12.41 3.93 0.04 3.01 

Blepharisma sp. 0.39 31.44 13.46 36.54 23.07 12.88 0.02 4.05 

Urocentrum turbo 0.53 24.04 13.66 28.38 14.71 6.04 0.05 3.51 

Colpidium striatum 0.71 20.38 9.96 27.68 17.72 3.13 0.09 1.27 

Paramecium aurelia 0.78 24.36 15.57 31.18 15.62 1.97 0.14 1.21 

Paramecium caudatum 1.1 26.76 16.57 29.88 13.31 7.06 0.09 6.13 

Tillina magna 1.24 32.12 15.52 40.24 24.72 8.48 0.07 1.92 

Halteria grandinella 1.52 24.03 11.86 29.53 17.67 6.66 0.11 2.83 

Cyclidium glaucoma 2.61 28.1 7.31 31.78 24.47 17.11 0.09 7.16 

Colpoda steinii 3.56 26.47 8.81 31.93 23.12 12.2 0.14 3.88 

Glaucoma sp. 4.03 27.17 8.16 31.93 23.77 14.25 0.14 4.96 

Tetrahymena pyriformis 4.6 32.25 10.61 34.83 24.22 19.05 0.13 12.3 

 698 

Table S1. All thermal performance curve (TPC) metrics for each species in this study. Metrics 699 

include critical thermal maximum (CTmax), critical thermal minimum (CTmin), maximum intrinsic 700 

growth rate (rpeak), activation energy (Ea), deactivation energy (Ed), optimal temperature (Topt), 701 

range of viable temperatures (Trange), and asymmetry of TPC shape (TPCasymmetry). 702 

 703 

 704 

 705 

 706 

 707 

 708 

 709 



Species 

Best 

model 

Model 

p-value Variable Estimate (b) Std. Error p-value 

Paramecium bursaria Main <0.001 Intercept 0.371 0.020 <0.001 

   Ninitial -0.005 0.001 0.002 

   Temperature 0.05 0.016 0.003 

Paramecium multimicronucleatum Main <0.001 Intercept 0.721 0.030 <0.001 

   Ninitial -0.008 0.002 <0.001 

   Temperature 0.095 0.023 <0.001 

Euplotes sp. Main <0.001 Intercept 0.369 0.024 <0.001 

   Ninitial -0.009 0.002 <0.001 

   Temperature 0.128 0.019 <0.001 

Urocentrum turbo Main 0.001 Intercept 0.549 0.039 <0.001 

   Ninitial -0.003 0.003 0.226 

   Temperature 0.116 0.030 <0.001 

Blepharisma sp. Main 0.001 Intercept 1.131 0.029 <0.001 
   Ninitial -0.005 0.002 0.015 

   Temperature -0.069 0.023 0.005 

Colpidium striatum Main <0.001 Intercept 0.417 0.056 <0.001 

   Ninitial -0.009 0.004 0.022 

   Temperature -0.249 0.044 <0.001 

Paramecium aurelia Interaction <0.001 Intercept 0.636 0.034 <0.001 

   Ninitial -0.011 0.003 <0.001 

   Temperature 0.437 0.048 <0.001 

   Ninitial*Temp -0.013 0.004 0.001 

Paramecium caudatum Interaction <0.001 Intercept 0.405 0.038 <0.001 

   Ninitial -0.006 0.003 0.063 

   Temperature 0.449 0.054 <0.001 

   Ninitial*Temp -0.011 0.004 0.011 

Tillina magna Interaction <0.001 Intercept 1.245 0.043 <0.001 
   Ninitial -0.028 0.003 <0.001 

   Temperature 0.324 0.061 <0.001 

   Ninitial*Temp -0.012 0.005 0.015 

Halteria grandinella Main <0.001 Intercept 1.068 0.034 <0.001 

   Ninitial -0.011 0.002 <0.001 

   Temperature 0.271 0.027 <0.001 

Cyclidium glaucoma Main <0.001 Intercept 2.141 0.057 <0.001 

   Ninitial -0.001 <0.001 <0.001 

   Temperature -0.399 0.049 <0.001 

Colpoda steinii Main <0.001 Intercept 2.66 0.052 <0.001 

   Ninitial -0.023 0.004 <0.001 

   Temperature 0.34 0.041 <0.001 

Glaucoma sp. Interaction <0.001 Intercept 3.607 0.074 <0.001 

   Ninitial -0.045 0.006 <0.001 
   Temperature 0.41 0.104 <0.001 

   Ninitial*Temp -0.021 0.008 0.012 

Tetrahymena pyriformis Main 0.018 Intercept 1.861 0.278 <0.001 

   Ninitial -0.004 0.019 0.854 

   Temperature 0.65 0.218 0.005 

 710 

Table S2. Multiple regression model summaries for the effects of density and temperature on 711 

per-capita growth rates for each species. Main effects alone (Main) and main effects + 712 



interaction effect (Interaction) models were significant for all species. Main effects + interaction 713 

models were chosen as the ‘best model’ only when a significant interaction effect existed 714 

(Ninitial*Temp), otherwise the main effects model was chosen. 715 

 716 

Demographic 

parameter R2 

Model 

p-value Trait Estimate (b) p-value VIF U U% C Total 

r22 0.643 0.006 Volume -0.128 0.081 1.274 0.135 20.975 0.296 0.43 

   Aspect Ratio 0.161 0.035 1.274 0.213 33.071 0.296 0.508 

r25 0.537 0.021 Volume -0.084 0.234 1.274 0.074 13.858 0.236 0.31 

   Aspect Ratio 0.147 0.051 1.274 0.226 42.188 0.236 0.462 

rpeak 0.661 0.01 Volume -0.146 0.137 1.335 0.088 13.349 0.317 0.405 

   Aspect Ratio 0.176 0.097 1.52 0.114 17.173 0.381 0.495 

   Contrast 0.107 0.278 1.419 0.044 6.727 0.316 0.361 

CTmin 0.811 <0.001 Volume 0.086 0.001 1.274 0.342 42.126 0.357 0.698 

   Aspect Ratio -0.049 0.026 1.274 0.113 13.898 0.357 0.469 

 717 

Table S3. Commonality analysis to distinguish unique effects of individual traits on 718 

demographic parameters. Each row displays a summary of the results of a multiple regression 719 

model including the main effects of relevant traits on each demographic parameter (b, 720 

standardized by centering and rescaling traits) as well as variance inflation factors (VIF) and the 721 

proportion of total R2 that is unique to each trait (U; shown with percentage of R2 explained 722 

(U%)), common between a given trait and all other traits in the model (C), and the total 723 

explained variance based on the unique and common effects of each trait (U + C = Total). 724 

 725 

 726 

 727 

 728 

 729 



 730 

Figure S1. Thermal performance curves (TPCs) for individual species. Colored points are raw 731 

data from TPC assays. Open diamonds are r estimates at 22ºC and 25ºC from density dependence 732 

assays. Open circles indicate critical thermal minima (CTmin) and maxima (CTmax) and closed 733 

black circles indicate optimal temperatures (Topt). 734 

 735 



 736 

Figure S2. Correlations among demographic parameters and species mean and variance of log-737 

transformed traits (volume, aspect ratio, and contrast). Upper numbers indicate significant 738 

correlations, numbers in parentheses indicate p-values, and “X” indicates no significance. 739 
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 746 

Figure S3. Equilibrium densities for all 14 species across temperatures shown for ranges of 747 

interspecific competition coefficients (a) and global mortality rates (d). In (A), carrying 748 

capacities (Ki) for each species i are proportional to empirical carrying capacities as in the main 749 

results. In (B), carrying capacities for each species is set to K = 1. Thus, the middle column in 750 

(A) corresponds to the main results in Figure 5A. 751 



Figures

Figure 1

Conceptual diagram demonstrating traits and demographic characteristics of species. (A) Major axes of
trait variation in protists can be measured by representing cells as spheroids that vary in size, shape, and
contents—which are measured respectively as volume, aspect ratio, and the standard deviation of pixel



grayscale values using �ow imaging microscopy. (B) Changes in some aspect of performance (e.g.,
intrinsic growth rate) in a species across temperatures are captured by the position and shape of a
thermal performance curve (TPC). (C) Density dependence in population growth can be evaluated at
different temperatures by measuring the y-intercept (b) and slope (s) of the relationship between per-
capita growth rate and density.

Figure 2



Intra- and inter-speci�c variation in (A) cell volume (size), (B) cell aspect ratio (shape), and (C) cell
contrast (contents) measured for 14 protist species. Bars above each distribution denote mean values.

Figure 3

The temperature dependence of population growth measured empirically for 14 protist species. (A)
Thermal performance curves (TPCs) with bars (above) showing thermal breadths (Trange, where r > 0)
and points showing thermal optima (Topt). (B) Density dependence of per capita growth rates measured
at two temperatures: 22ºC (solid points/lines) and 25ºC (open points/dashed lines)—lines are signi�cant
linear regressions, shaded regions are 95% con�dence intervals, and asterisks signify the existence of a
signi�cant interaction between density and temperature. r and K (inset) were calculated from these
regressions for each species at each temperature. ‘ns’ indicates that K estimates were not signi�cant for
given species. (C) Agreement between r estimates from density dependence assays and TPC assays at
22ºC (solid points) and 25ºC (open points).



Figure 4

Signi�cant relationships between species mean trait values and (A) TPC parameters and (B) density
dependence parameters. Shaded regions are 95% con�dence intervals, ‘m’ indicates the slope of each
regression. In (B), solid lines/shading denote 22ºC and dashed lines/shading denote 25ºC.



Figure 5

Theoretical (A-D) and experimental (E–G) results for temperature effects on competitive communities. (A)
Equilibrium densities across the entire range of viable temperatures for species in this study shown for
three different global mortality rates (d, which controls the strength of competitive differences among
species). Network diagrams show community topology and interaction strengths at 10, 16, 22, 28, & 34ºC
—node sizes represent equilibrium densities and link weights represent species interaction strengths.
Species richness (B & E), mean species mass (C & F), and total community respiration rate (D & G) are
shown across a range of temperatures and global mortality rates for theoretical (B–G) and experimental
(E–G) communities. For (E-G), yellow lines are nonlinear �ts to experimental data (black dots) and gray
lines are model predictions for a range of global mortality rates. Note the difference in scales for
experimental and theoretical respiration rates in (G), re�ecting bacterial respiration in addition to protist
respiration in experimental communities.


