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Resource competition theory is a conceptual framework that provides mechanistic 
insights into competition and community assembly of species with different resource 
requirements. However, there has been little exploration of how resource requirements 
depend on other environmental factors, including temperature. Changes in resource 
requirements as influenced by environmental temperature would imply that climate 
warming can alter the outcomes of competition and community assembly.

We experimentally demonstrate that environmental temperature alters the mini-
mum light and nitrogen requirements – as well as other growth parameters – of six 
widespread phytoplankton species from distinct taxonomic groups. We found that 
species require the most nitrogen at the highest temperatures while light requirements 
tend to be lowest at intermediate temperatures, although there are substantial interspe-
cific differences in the exact shape of this relationship.

We also experimentally parameterize two competition models, which we use to 
illustrate how temperature, through its effects on species’ traits, alters competitive hier-
archies in multispecies assemblages, determining community dynamics.

Developing a mechanistic understanding of how temperature influences the ability 
to compete for limiting resources is a critical step towards improving forecasts of com-
munity dynamics under climate warming.

Keywords: chemostat model, climate warming, resource competition theory

Introduction

Resource availability and environmental temperature exert strong control on biologi-
cal processes across all scales, from individual metabolism and population growth to 
community structure and ecosystem functioning (Eppley 1972, Tilman 1982, Sterner 
and Elser 2002, Brown et al. 2004). Species’ resource-dependent growth rates can be 
used to develop and apply resource competition theory (Tilman 1982, Chase and 
Leibold 2003), whereas the temperature-dependence of species’ metabolic rates can 
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explain population, community and bulk ecosystem metabo-
lism (Brown et al. 2004, Yvon-Durocher et al. 2010). While 
the independent influences of resources and temperature on 
ecological systems are relatively well understood, each alone 
leaves substantial variation in community dynamics unex-
plained. This highlights the fact that little is known about 
how these drivers combine to shape community assem-
bly, despite some indication of their interactive effects on 
population growth rates (Thomas  et  al. 2017), competitive 
dominance (Tilman 1981), and community composition 
(Hillebrand 2011, Kratina et al. 2012).

The resource-dependence of population growth rate 
drives species’ competitive abilities, one of the princi-
pal forces underlying community structure and dynamics 
(Keddy 2002). Competition for resources has been mod-
elled in numerous phenomenological ways, for example by 
using interaction coefficients (Chesson 2000) or the degree 
of resource-use overlap (Macarthur and Levins 1967), but 
adopting resource competition theory (RCT) has an advan-
tage of explicitly modelling competition as a function of spe-
cies’ resource-dependent growth rates (Tilman 1982, Chase 
and Leibold 2003). One of the key outcomes of RCT is 
that the species that survives at the lowest level of the limit-
ing resource outcompetes other species in an environment 
with constant resource supply (Tilman 1977, 1980, 1982, 
Miller et al. 2005). This minimum level of resource required 
to maintain a break-even population growth rate is there-
fore an important parameter, known as R*. R* and related 
parameters of resource competition models have been used 
to predict the outcomes of competition under constant envi-
ronment in the laboratory, and more recently, also in natural 
ecosystems (Miller et al. 2005, Dybzinski and Tilman 2007, 
Edwards et al. 2013).

Environmental temperature places fundamental con-
straints on organismal metabolism, with effects scaling 
from individual physiology to the ecology of entire com-
munities (Eppley 1972, Brown et al. 2004, Kingsolver 2009, 
Dell  et  al. 2011, Kratina  et  al. 2012, Gilbert  et  al. 2014, 
Sentis et al. 2017). The metabolic theory of ecology posits 
that the temperature-dependence of an organism’s meta-
bolic rate is determined by the most rate-limiting underly-
ing biochemical reaction (Gillooly et al. 2001). Scaling up, 
the temperature-dependence of a population or commu-
nity’s metabolic rate is the aggregate of the contributions 
of individuals or species, respectively (Savage  et  al. 2004, 
Cross et al. 2015). Previous works have used different tem-
perature-dependencies of photosynthesis and respiration 
(Allen et al. 2005, Schaum et al. 2017) to predict the strength 
of consumer–resource interactions (O’Connor 2009, Yvon-
Durocher et al. 2010), community structure and ecosystem 
function (Kratina  et  al. 2012, Shurin  et  al. 2012) under 
future climate warming. Temperature can also have differ-
ential impacts on various resource uptake and assimilation 
pathways (Toseland et al. 2013, Daines et al. 2014), which 
can have knock-on effects on competitive interactions. 
For example, reaction rates of phosphorus-rich ribosomes 

are more temperature-sensitive than nitrogen-rich photo-
synthetic proteins, suggesting that climate warming may 
shift elemental stoichiometry and resource requirements 
(Martiny et al. 2013, Yvon-Durocher et al. 2015, Yuan and 
Chen 2015). Although previous study has experimentally 
tested the effect of temperature on competition between the 
pairs of species (Bestion et al. 2018), how temperature influ-
ences species minimum resource requirements and competi-
tive hierarchies in multispecies assemblages remains poorly 
understood.

The temperature-dependence of R* (the minimum 
resource level needed to maintain a population) has been 
postulated for nearly four decades. For any given species, 
it is assumed that R* is minimized at an intermediate tem-
perature of the species’ temperature niche, and increases 
steeply on either side, following an approximately U-shaped 
response curve (Lehman and Tilman 2000, Tilman 2004, 
Thomas et al. 2017). However, very few empirical examples 
have actually quantified the relationship between R* and 
temperature. These experimental examples are limited to 
the silica and phosphorus requirements of individual dia-
tom species (Tilman 1981, van Donk and Kilham 1990, 
Shatwell et al. 2014) and to two rotifer species feeding on 
algae (Stelzer 1998). This lack of empirical data across a 
range of resources and taxonomic groups critically constrains 
our mechanistic understanding of community assembly and 
our ability to understand how warming structures ecological 
communities.

Here, we investigated the temperature-dependence 
of phytoplankton resource requirements, because phy-
toplankton are globally important primary producers, 
accounting for nearly half of all primary production and 
supporting consumers across many ecosystems (Field et al. 
1998). Phytoplankton rely on a limited number of essen-
tial resources for survival and reproduction, including light 
and macronutrients. Furthermore, phytoplankton com-
petitive and thermal traits have been extensively studied, 
and are amenable to measurements of resource require-
ments and temperature-dependent population growth rates 
(Wilson  et  al. 2007, Kremer  et  al. 2017a, Thomas  et  al. 
2016, 2017). Thus, we experimentally tested how tempera-
ture influences the traits that govern species’ competition 
for resources, with special emphasis on R*. We quantified 
the temperature-dependence of competitive traits for six 
common and widely distributed phytoplankton taxa. We 
then parameterized competition models with these trait 
estimates to show that the observed temperature-depen-
dences of the key parameters may alter the outcomes of 
competition between these taxa for limiting resources (light 
and nitrogen). We aimed to address the following ques-
tions: 1) How do R* and other traits relating resources to 
growth rates vary across a temperature gradient? 2) Does 
interspecific variation in the temperature-dependence of 
R* and other growth parameters imply that temperature 
change will influence competitive hierarchies and temporal 
dynamics of phytoplankton communities?
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Methods

Quantifying resource- and temperature-dependent 
growth rates

To investigate the temperature-dependence of resource com-
petition for light and nitrogen, we measured population 
growth rates of six species spanning three groups of freshwa-
ter phytoplankton: cyanobacteria, chlorophytes and diatoms 
(Supplementary material Appendix 1 Table A1). We refer 
to species by their genus name for simplicity. We estimated 
their growth rates in two separate experiments that crossed 
gradients of temperature with: 1) light, and 2) nitrogen. 
Prior to each experiment, species were maintained in batch 
culture in a modified sterile COMBO freshwater medium 
which did not contain animal trace elements or vitamins 
(Kilham et al. 1998).

We estimated the growth rates of each species at each 
of ten levels of nitrogen and light by measuring changes in 
chlorophyll-a fluorescence over time. We also estimated phy-
cocyanin fluorescence for the cyanobacteria species during 
the nitrogen experiment, as phycocyanin is a more sensitive 
measure of cyanobacteria growth (Lewington-Pearce  et  al. 
unpubl.). We took daily measurements of these proxies for 
phytoplankton biomass using a Biotek Cytation 5 multi-
mode plate reader. We measured chlorophyll-a fluorescence 
at excitation and emission wavelengths of 435 nm and 
685 nm. We measured the phycocyanin using excitation and 
emission wavelength of 620 nm and 665 nm. Experimental 
units were tissue-culture plates that were sealed with Breathe-
Easy membranes to prevent evaporative losses and cross-
contamination between adjacent wells. To reduce the risk of 
contamination, all acclimation and experimental inoculation 
steps were performed in a laminar flow hood using sterile 
technique. Well-plates were randomly assigned a location 
within a grid in the temperature-controlled incubators which 
were set to rotate at 100 rpm. Cultures were illuminated 
at 140.6 μmol photons m−2 s−1 of photosynthetically active 
radiation (PAR), except for the light-limited treatments for a 
18L:6D photoperiod and maintained at 15, 20, 25 or 30°C. 
These temperatures encompassed the approximate range of 
each species’ previously-estimated optimal temperature for 
growth (Topt) (Thomas et al. 2016).

Experiment 1: temperature-dependence of light limitation
In the light limitation experiment, we factorially manipu-
lated temperature (four levels) and light (ten levels). Sub-
cultures of each phytoplankton species were acclimated 
to the four experimental temperatures and the ten light 
levels (0.15, 0.95, 3.6, 6.8, 18.7, 29.3, 49.2, 77.3, 105.5, 
140.6 μmol photons m−2 s−1) for six days prior to the start 
of the experiment. Before inoculating each species into the 
final growth rate experiment, population biomass was esti-
mated with chlorophyll-a fluorescence as a proxy, in order to 
equalize the starting values across all treatment combinations 
using dilutions. We measured raw fluorescence units (RFU) 
of chlorophyll-a by pipetting 1 ml samples of each acclimated 

culture into 48-well tissue-culture plates. Dilutions were con-
ducted to achieve a starting RFU ≤ 1500.

The light requirements were estimated by inoculating 
100 μl of diluted, acclimated phytoplankton culture into 
900 μl of sterile COMBO medium in a 48-well Falcon tissue-
culture plate to achieve an initial biomass of ≤150 RFU. This 
meant that growth rates were estimated from the population 
biomasses far below the carrying capacity. We used neutral 
density filters to manipulate the total amount of light sup-
plied without changing light spectrum. The light filters on the 
opaque frames prevented unmeasured light from entering the 
wells from the sides of the plates. Experimental light intensi-
ties under the filters were measured using a qantum sensor.

Measurements of population-level RFU were made in two 
replicate wells for all temperature and light combinations 
daily for 10 days. Temperature treatments were applied in 
two temporal blocks. The 20°C treatment was repeated in 
both blocks as a control for the effect of block, i.e. the 20°C 
treatment was replicated four times (twice in each block). 
The growth rate estimates at controlled 20°C did not differ 
between blocks. In total we estimated 600 growth rates from 
6000 biomass measurements.

Experiment 2: temperature-dependence of nitrogen limitation
In the nitrogen limitation experiment, we factorially 
manipulated temperature (four levels) and the concentra-
tion of elemental nitrogen in the form of nitrate, NaNO3 
(1, 4, 6, 10, 40, 60, 100, 400, 600, 1000 μmol N l−1). These 
nitrate concentrations were derived from the experimental 
estimates of resource limitation of freshwater phytoplank-
ton (Narwani et al. 2015) and additional pilot experiments 
where we estimated minimum resource requirements for the 
six focal species. For comparison, standard COMBO media 
(Kilham et al. 1998) contains 1000 μmol l−1 of NaNO3.

Sub-cultures of each phytoplankton species were acclimated 
to all temperature and nitrate combinations for 13 days prior to 
the start of the experiment (Supplementary material Appendix 
1 Table A2). We first diluted the acclimated cultures to 
500 RFU or less, and then inoculated 1 ml of the cultures with 
9 ml of sterile COMBO containing the assigned nitrogen level 
into 6-well tissue culture plates, achieving an initial biomass of 
less than 50 RFU. This meant that growth rates were estimated 
from the population biomasses far below the carrying capacity. 
We measured population biomass of all species in three repli-
cated wells and calculated their means at all temperature and 
nitrogen combinations daily over 9 days. This resulted in 720 
growth rate estimates from 6480 biomass measurements.

Models of population growth
We described variation in light-dependent growth using 
a modified version of the Eilers–Peeters model (Eilers and 
Peeters 1988):
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where μ is the specific growth rate (per day) as a function of 
irradiance I (in μmol photons m−2 s−1), Iopt is the optimal irra-
diance for growth, and α is the initial slope of the curve. We 
modified the Eilers–Peeters model by adding the new param-
eter h (for heterotrophy) to avoid the incorrect assumption 
that species growth rate is precisely zero in the absence of 
light (I = 0). In purely autotrophic species, the lack of cell 
growth in the absence of light, in combination with back-
ground mortality, leads to a negative specific growth rate. This 
h parameter is negative in these autotrophic species, reflecting 
negative growth rate at zero light. In contrast, mixotrophic 
species may show negative or positive specific growth rates 
in the absence of light, as a result of the balance between 
heterotrophic growth and background mortality. For these 
mixotrophic species, h may be negative or positive (or zero, 
in which case the equation is identical to the Eilers–Peeters 
model). Note that when h = 0, μmax is the maximum specific 
growth rate; otherwise the estimated maximum growth rate 
is the sum of μmax and h.

We described variation in nitrogen-dependent growth 
using a modified version of the Monod equation (Monod 
1949):

µ µ
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N
N

N
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+
−max

max
 (2)

where μ is the specific growth rate (per day) as a function of 
nitrogen concentration N (in μmol l−1), α is the initial slope 
of the curve, m is the background mortality rate (i.e. the spe-
cific growth rate at N = 0), and μmax is the maximum growth 
rate only when m = 0. As with the Eilers–Peeters model, 
we modified the Monod equation to avoid the assumption 
that growth rate is zero in the absence of resources (N = 0). 
We did this by subtracting the m parameter (for mortal-
ity), because background mortality should lead to specific 
growth rates that are negative in the absence of nutrients. 
The estimated maximum growth rate (μmax) is therefore the 
sum of μmax and m. Note that the distinction between the h 
and m parameters in Eq. 1 and 2 is that the possibility of 
heterotrophic growth allows for positive or negative growth 
in the absence of light (captured by the parameter h), but 
growth in the absence of nutrients (captured by the param-
eter m) is always negative.

We fit Eq. 1 and 2 to our experimental data 
(Supplementary material Appendix 1 Table A2), and used 
the fitted growth curves to estimate R* values. R* is the 
resource (irradiance or nitrate) level at which each species’ 
specific growth rate is zero. We estimated R* (i.e. I* and N* 
for light and nutrients respectively) from each fitted growth 
curve by first numerically estimating the value at which 
the growth rate was zero. In cases where specific growth 
rate is negative or zero at a resource level of zero, this esti-
mated value is identical to the R*. In cases where specific 
growth rate is positive at a resource level of zero (i.e. there 
is detectable heterotrophic growth), the estimated value 

is no longer the R*. This is because the R* is bounded at 
zero by definition, being a measure of resource availability. 
Therefore, where these numerical estimates were negative, 
we set R* to be zero.

Temperature-dependence of competition traits

We characterized the minimum light (I*) and nitrogen (N*) 
requirements, the maximum specific growth rates (μmax), the 
initial slope of the growth-light curve (α), the specific growth 
rates at I = 0, implying heterotrophic growth (h), and the opti-
mal irradiance for growth (Iopt). We applied two approaches 
to characterize the shape of the temperature-dependence of 
competitive traits around their maxima (or minima for R*). 
First, to characterize the shape of the temperature response 
curve, we fit a generalized additive mixed model (GAMM). 
In contrast to GAM, the use of GAMM allowed us to evalu-
ate the trait value (fixed effect) as a smooth non-parametric 
function of temperature, while accounting for variance that 
was due to the differences in species’ mean trait value across 
all temperatures (random effect). A significant random effect 
term indicates differences in the temperature response among 
individual phytoplankton species. Because species have dif-
ferent temperature optima, we standardized the temperature 
so that all species had their R* minimum and maximum (for 
all other traits) at the same position on the temperature axis 
(set to 0). All analyses were performed in the language envi-
ronment R ver. 3.2.2 (<www.r-project.org>), using gamm4 
package.

Second, to measure the temperature sensitivity of each 
trait, we quantified how steeply its values rise or fall with 
increasing temperature, by breaking each curve into por-
tions below and above the trait maximum (or minimum for 
R*) if the trait showed a non-linear response to temperature. 
To characterize the rising and falling parts of the curve above 
or below the trait maximum or minimum for R* (set to 0 on 
the temperature axis) we fit a linear model with log-trans-
formed trait estimate as the response, which is equivalent 
to assuming that the trait increases or decreases exponen-
tially with temperature. For the traits that showed a linear 
response, we fit a linear model to the entire standardized 
temperature range. We used the estimated slope to calculate 
a Q10 coefficient, representing the temperature sensitivity of 
the change in the trait value due to an increase in tempera-
ture of 10°C. For the analyses, we only used Iopt estimates 
when the estimated Iopt was less than the maximum irradi-
ance used in the experiment.

Simulation of temperature-dependent competition

We then used the experimentally derived temperature-
dependent competition parameters to compare the 
outcomes of competition for light and nitrate in multi-
species communities across a gradient of environmental 
temperatures. Competition for light was described using 
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a light-limited chemostat model (Huisman  et  al. 2002), 
which we adapted to incorporate the Eiler–Peeters growth-
irradiance curve (to our knowledge, for the first time). 
Competition for nitrogen was described in a separate 
model of a nutrient-limited chemostat (Monod 1949). 
Both models were parameterized at each experimental tem-
perature using values from our light (Supplementary mate-
rial Appendix 1 Table A2) and nutrient (Supplementary 
material Appendix 1 Table A3) experiments. We simulated 
competition over 1000 model days for a gradient of light 
and nutrient conditions.

Data deposition

Data available from the Dryad Digital Repository: 
< http://dx.doi.org/10.5061/dryad.q66s28s > (Lewington-
Pearce et al. 2019).

Results

Temperature-dependence of minimum light and 
nitrogen requirements

Minimum light (I*) and nitrogen (N*) requirements of the 
model phytoplankton species were influenced by experimen-
tal temperature (Fig. 1a–b). Minimum light requirements 
(I*) of all species combined tended to be both lowest and 
least variable at intermediate experimental temperatures 
(Fig. 1c), but the overall smoothed trend was not significant 
(GAMM, F = 2.071, p = 0.140; Fig. 1c). There was also an 
overall positive relationship between N* and temperature 
across the model phytoplankton species (GAMM, F = 3.8761, 
p = 0.039; Fig. 1d). These relationships differed among indi-
vidual phytoplankton species, as the models that included the 
random effect of species term described the data better than 
the models without this random effect.
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In order to estimate the temperature sensitivity of I* and 
N*, we divided the temperature-dependent curve for all 
species combined into the increasing and falling portions, 
and defined the ‘optimal temperature’ as that at which I* 
and N* were minimized (Fig. 1c–d). The estimated tem-
perature sensitivities (Q10) across all species for the increas-
ing portions of the curves for I* and N* were 0.70 and 0.45 
respectively (95% CI were [0.61, 0.79] and [0.39, 0.51] 
respectively; Supplementary material Appendix 1 Table 
A4). The estimated temperature sensitivity (Q10) for the 
falling portions of the curves for I* and N* were 2.25 and 
1.01 respectively (95% CI were [2.03, 2.50] and [0.86, 
1.16] respectively, Supplementary material Appendix 1 
Table A4). This shows that species’ I* and N*s are more 
sensitive to lower than-optimal temperatures, than higher-
than optimal temperatures (Supplementary material 
Appendix 1 Table A4), indicating an asymmetric response 
of I* and N* around the optimum. Species I* are also more 
than twice as sensitive to higher than optimal temperatures 
compare to N*, indicating differences in the sensitivity 
of species R* to different resource types (Supplementary 
material Appendix 1 Table A4).

Despite the overall patterns in minimum resource 
requirements, there were interspecific differences in I* 
and N* responses to experimental temperature (Fig. 2, 
note different y-axes). Whereas I* and N* showed oppo-
site relationships with temperature for some species (e.g. 
Synechococcus, Cyclotella and Scenedesmus), both I* and N* 
responded consistently to temperature for other species 
(e.g. Kirchneriella). Pediastrum had low requirements for 
both resource types across the whole temperature gradient 
(Fig. 2e).

Temperature-dependence of other resource 
competition traits

Changes in R* with temperature ultimately arise from the 
temperature-dependence of the traits that determine R*. 
In our study, the maximum specific growth rates (μmax) for 
light and nitrogen were positively influenced by temperature, 
ranging from 0.09 to 1.71 day−1 (Fig. 3a, Supplementary 
material Appendix 1 Fig. A1, Table A2) and from 0.23 to 
1.45 day−1 (Fig. 3c, Supplementary material Appendix 1 Fig. 
A2, Table A3), respectively. The μmax for the light limitation 
experiment was more sensitive to temperature than it was for 
the nitrogen experiment; Q10 for the increasing portions of 
the curves were 0.45 for light and 0.22 for nitrogen (Fig. 3b, 
d, Supplementary material Appendix 1 Table A4). Across spe-
cies, growth rates responded more strongly to initial increases 
in nitrogen than light availability (α), with larger variation 
across temperatures for nitrogen (Fig. 3e, g). Response curves 
for α were non-monotonic under both types of resource 
limitation (Fig. 3f, h). Although the remaining traits were 
also temperature-dependent (i.e. the Q10 values differed from 
zero; Fig. 3i–n, Supplementary material Appendix 1 Table 
A4), they showed lower sensitivity to temperature and less 
difference between the response to light and nitrogen in com-
parison to I* and N* (Supplementary material Appendix 1 
Table A4).

Outcomes of temperature-dependent 
competition models

The model simulations demonstrate that observed temper-
ature-dependence of key parameters have the potential to 
strongly influence resource competition in multispecies 

Figure 2. Temperature alters within-species requirements for light (I*) and nitrogen (N*). I* and N* show opposite relationship with tem-
perature for some species (a, c, f ), or similar trends for other species (b, d, e). Note different y-axes across the panels.
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specific growth rate at I = 0, i.e. in the absence of light (parameter h), implying heterotrophic growth (i, j), on the species background mortality, 
m (k, l) and on the optimal irradiance for growth, Iopt (m, n). Panels a, c, e, g, i, k, m show within-species patterns in irradiance and nitrogen 
competition traits across temperature. Panels b, d, f, h, j, l, n show across-species patterns in irradiance and nitrogen competition traits across 
temperature, using GAMMs. Significant (non-significant at α = 0.05) smoothed trends are indicated by solid (dashed) lines, and shaded bands 
show ± 1 SE. The plotted data points are corrected to remove differences between species in the mean trait value across temperatures. The x-axis 
represents temperature values that have been standardized so that all species had their trait maximum at the same position (0°C).
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Figure 4. Temperature alters competitive outcomes in multispecies phytoplankton assemblages. Simulated population dynamics reveal 
which species dominate during initial transient dynamics (fast growing species) as well as over the long-term (superior competitors) given 
competition for light (top row) and nitrogen (bottom row) at each experimental temperature. Results are based on chemostat models 
(Supplementary material Appendix 1 Eq. A3, A4) parameterized using the population growth experiments (Supplementary material 
Appendix 1 Table A2, A3) and run for 1000 model days. In all cases, a single species dominates by the end of the simulations, while all 
others are driven to low densities and excluded. The identity of the dominant species changes between temperatures. Comparisons between 
R* values and growth rates for each species at each temperature in these simulations appear in the Supplementary material (Supplementary 
material Appendix 1 Fig. A4).
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plankton communities (Fig. 4, Supplementary material 
Appendix 1 Fig. A4). There were changes in dominance 
between Scenedesmus (at 15 and 25°C) and Pediastrum (at 
20 and 30°C) when competing for nitrogen (Fig. 4, bottom 
row), as these are the species with the lowest N* values at these 
temperatures (Fig. 1b). In the case of competition for light, 
simulations of competition at low temperature (15°C) show 
Synechococcus as the dominant competitor, whereas Cyclotella 
dominated at intermediate temperatures (20 and 25°C), and 
Pediastrum at 30°C (Fig. 4, top row). The species with the 
lowest I* in the chemostat model were competitively domi-
nant, and excluded all other species (Supplementary material 
Appendix 1 Fig. A4, bottom row). Importantly, the relevant 
I* values in this model differ somewhat from those reported 
in Fig. 1, because we consider light attenuation across the 
chemostat. Unlike nutrients, light cannot be uniformly 
mixed within a water column and each species’ production 
depends jointly on their nonlinear light response curves (Eq. 
1, Supplementary material Appendix 1 Fig. A1) and the light 
profile across the chemostat (Huisman et al. 2002). One con-
sequence of this difference is that I* can change with the level 
of irradiance supplied, Iin (Supplementary material Appendix 
1 Fig. A4; details on calculating I* also appear in the supple-
mentary material). This subtle effect did not alter the iden-
tity of the dominant competitor for light, with the exception 
of 30°C, where Pediastrum has the lowest I* below an Iin of 
~55 μmol photons m−2 s−1, while Cyclotella is the better com-
petitor at higher light levels.

Discussion

We provide experimental evidence for the temperature-
dependence of minimum resource requirements for light (I*) 
and nitrogen (N*). Although minimum resource require-
ments for light tended to be lowest at intermediate experi-
mental tempertures (Fig. 1c), in agreement with theoretical 
expectations (Tilman 2004), there was strong variation in 
temperature responses across individual species. The mini-
mum resource requirement for nitrogen on average increased 
at the highest temperatures (Fig. 1d), possibly suggestive of 
an asymmetric response of N* around its minimum. The 
model simulations demonstrate that the species-specific 
differences in the temperature-dependence of R* and other 
parameters should alter the competitive hierarchies in mul-
tispecies communities across a temperature gradient. This is 
in line with two earlier studies showing that two species of 
diatoms are superior competitors for silica at different tem-
peratures (Tilman  et  al. 1981) and that temperature alters 
the identity of the best rotifer competitor (Stelzer 1998). The 
partitioning of the temperature-light niche observed in our 
study may enhance coexistence and biodiversity in environ-
ments with temporal or spatial variation in temperature and 
light (Descamps-Julien and Gonzalez 2005).

The species-specific responses of I* and N* to tempera-
ture indicate distinct interactive effects of temperature and 

light or nitrogen on each species’ population growth rates. 
Previous tests of combined temperature and nutrient impacts 
on individual species (Descamps-Julien and Gonzalez 2005, 
Thomas et al. 2017) showed that temperature and nutrients 
could limit species ranges by decreasing individual growth 
rates. Moreover, temperature can also alter the supply ratio of 
limiting nutrients (Tilman et al. 1986) available in the envi-
ronment, resulting in the taxonomic replacement and turn-
over of dominant species (Hillebrand 2011, Kratina  et  al. 
2012). The temperature-dependence of R* and other compet-
itive traits can thus alter community composition, by switch-
ing competitive hierarchies under future climate warming.

The monotonic increase in minimum nitrogen require-
ments with rising temperature indicates that the optimum 
temperature for N* may not have been captured in the tem-
perature range tested in our study. Maximum growth rate 
(μmax) also tended to increase monotonically with tempera-
ture, whereas α appeared to have a unimodal relationship with 
temperature for both resources. The non-linear relationship 
of growth traits with temperature has also been recognised 
in the minimum silica requirements of two diatom species 
(Tilman et al. 1981). Furthermore, a synthesis of published 
light curves showed that μmax, α and Iopt all show unimodal 
relationships with temperature (Edwards et al. 2016) and a 
similar pattern of R* across temperatures is found in mod-
els of temperature–nutrient interactions (Follows et al. 2007, 
Thomas et al. 2017). However, these models presently do not 
account for the temperature-dependence of traits such as α, 
and may need to be modified accordingly.

Two of our focal species (Kichneriella and Microcystis) were 
not favored by any of the combinations of light, nitrogen and 
temperature we considered. It is possible that these species 
are favored by conditions outside the range of our study. For 
example, the I* of Microcystis declined with temperature, sug-
gesting it might become a dominant competitor at tempera-
tures >30°C (Fig. 1a). Alternatively, while Kirchneriella never 
had the lowest I*, it had the highest growth rate of all six spe-
cies at 20°C under 20 μmol photons m−2 s−1 (Supplementary 
material Appendix 1 Fig. A4, middle row). This allowed it 
to reach high densities and to dominate the community at 
the beginning of the simulation (Fig. 4). Under fluctuating 
light conditions, Kirchneriella might be able to persist within 
a phytoplankton community via a well-documented gleaner-
opportunist tradeoff (Litchman and Klausmeier 2001, 
Kremer and Klausmeier 2013) or through other factors, such 
as predation. It is possible that similar effects might also occur 
for nitrogen competition, given interspecific differences in 
maximum growth rates (Supplementary material Appendix 
1 Fig. A4, top row). Positive growth rates in the absence of 
light (implying heterotrophic growth) was only observed in 
Cyclotella at 20°C and for Synechococcus at 15°C; these two 
taxa were dominant competitors at their respective tempera-
tures. However, these non-zero estimates of growth should be 
interpreted with caution, as these might have resulted from 
variation in experimental growth estimates. Interestingly, 
our model simulations showed that harmful cyanobacterium 
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Microcystis did not dominate phytoplankton assemblages 
under any experimental temperature, while other cyano-
bacterium Synechococcus outcompeted other species only at 
low temperatures. This may suggest weaker cyanobacterial 
blooms then expected (Paerl and Huisman 2008) at the levels 
of warming tested in our study or other cyanobacteria species 
dominating future phytoplankton communities.

This study focuses on the temperature-driven conse-
quences of competitive interactions, which are thought to 
be major structuring force in many ecological communities. 
However, forecasting multispecies community dynamics in 
natural ecosystems is challenging due to the complexity of 
environmental conditions and dynamics at any particular site. 
Plankton communities undergo strong seasonal successions, 
where roles of trophic interactions, food quality, the micro-
bial loop and parasites need to be considered (Sommer et al. 
1986, 2012). Still, the mechanistic understanding of com-
munity dynamics in natural ecosystems necessitates under-
standing competition across environmental gradients as a 
stepping stone.

Despite the potential for a temperature-dependent 
resource competition theory to improve forecasting of com-
munity dynamics, experimental characterization of resource 
requirements for a large number of taxa is not practical 
(Kremer  et  al. 2017b). However, the integration of nutri-
ent-based competition models with metabolic-based theory 
(Brown  et  al. 2004) may be a critical step towards under-
standing fundamental constraints governing community 
and ecosystem dynamics under changing climate (Allen and 
Gillooly 2009). Recent efforts to understand how tempera-
ture influences cell physiology and metabolism have shown 
that nitrogen-rich photosynthetic proteins are less sensitive 
to temperature changes than phosphorus-rich ribosomes 
(Toseland et al. 2013, Daines et al. 2014). Consequently, the 
activity of ribosomes increases more rapidly with warming 
than that of photosynthesis proteins, requiring more photo-
synthetic proteins per cell with warming. This may explain 
temperature-induced increases in the nitrogen content of 
phytoplankton biomass, relative to phosphorus content 
(Yvon-Durocher  et  al. 2017). Similarly, the temperature-
dependence of four metabolic traits enabled the correct pre-
diction of 72% of competition experiments between pairs of 
phytoplankton species (Bestion et al. 2018). Such mechanis-
tic insights may therefore allow the identification of generali-
ties governing the temperature dependencies and sensitivities 
of species’ resource requirement. Efforts to merge metabolic 
theory with resource competition theory (Ward et al. 2017) 
can improve a general understanding of the environmental 
dependence of community dynamics.

Our study demonstrates differential temperature sensitiv-
ity of competition for resources across phytoplankton species 
from varying taxonomic groups. These changes in competi-
tive traits have the potential to reorganize ecological com-
munities across different environmental temperatures that 
will likely apply to other types of organisms and ecosystems 
under future climate change. We believe that theoretical and 

empirical work integrating temperature’s influence on physi-
ological processes with resource competition would form a 
critical step towards understanding and forecasting commu-
nity and ecosystem dynamics.
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