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Appendix 1 
Single-consumer cultures 

(a) Experimental procedures 

In parallel with the main experiment, we established 10 replicate single-consumer cultures of each 

protist species (Paramecium aurelia, Paramecium caudatum, Philodina americanum) in large (80 

mL) jars. The preparation of the jars and the media matched that of the two-species competition 

trials.  

 Each jar started with initial densities of 4.5–5.5 individuals per ml of media, or 

approximately 360–440 individuals total. Added individuals were not counted directly, rather a 

fixed volume of media from stock cultures of known densities was added to each replicate. 

Subsequent sampling and media replacement also matched that of the two-species competition 

trials. Jars were sampled until day 30, well after a stable population size had been observed for each 

species. 

 

(b) Consumer–resource models 

We were interested in quantifying the dynamics in our single-consumer cultures (and, subsequently, 

in the two-species trials) by fitting mechanistic population models to our data. The dynamics of P. 

aurelia were not consistent with a continuous-time logistic growth model because their abundances 

did not increase monotonically to a carrying capacity but instead increased then decreased (Fig. 

A1). This, as well as knowledge that protists consume an explicit biological resource (bacteria) in 

our system, led us to consider consumer-resource models (MacArthur 1970) of the form: 
𝑑𝑅
𝑑𝑡 = 𝑅𝑓(𝑅) − 𝑁*𝑔(𝑅, 𝑁*) 

𝑑𝑁-
𝑑𝑡 = 𝑁-𝑒-𝑔(𝑅,𝑁-) − ℎ(𝑁-) 

 (A1) 
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where 𝑓(𝑅) is the growth function of the resource (prey); 𝑔(𝑅, 𝑁-) is the consumption function of 

the consumer (i.e. the rate at which consumers remove the resource); ℎ(𝑁-) is the death function of 

consumer; 𝑒- is the efficiency (i.e. assimilation rate) of the consumer, while i indexes the consumer 

species.  

 Protists within culture vessels compete indirectly via exploitative competition for shared 

bacterial resources and may also compete directly via interference competition. Interference within 

and between protist species is thought to occur as a result of allelopathic compounds released into 

the media or interactions with bacterial endosymbionts (Gause 1935, Gill 1972, Habte and 

Alexander 1978, Landis 1981, Balčiūnas and Lawler 1995, Kusch et al. 2002, Müller et al. 2012). 

Such interactions could affect consumption rates or death rates. As a result, we fit model (A1) to 

our data, specifying a variety of different consumption and death functions 

 For the five models we considered, we assumed that the bacterial resource exhibited logistic 

growth, such that: 

𝑓(𝑅) = 𝑟 31 −
𝑅
𝐾6  (A2) 

where 𝑟 is the density-independent growth rate of the resource and 𝐾 is the carrying capacity. 

Models differed in their consumption functions, 𝑔(𝑅, 𝑁-) and death functions, ℎ(𝑁-). The 

consumption and death functions considered are outlined in Table A1. 

 

Table A1. Details of the consumption and death functions used in the consumer-resource models. A 

total of 5 models were fit to monoculture data for each species. 
Function Description Models with function Reference(s) 

Consumption, 𝒈(𝑹,𝑵𝟏) 
 

A. Linear type I 

 

 
 

𝑎*𝑅 

 

 
 

1, 5 

 

B. Handling time (type II) 

 

𝑎*𝑅
1 + 𝑎*ℎ*𝑅

 

 

2 Holling 1959 

C. Handling time + consumer-

dependent 
	

𝑎*𝑅
1 + 𝑎*ℎ*𝑅 + 𝑢*𝑁*

 

 

3 Beddington 1975 

DeAngelis et al. 1975 

D. Consumer-dependent 𝑎*𝑅
1 + 𝑢*𝑁*

 4 Ruxton et al. 1992 

Death, 𝒉(𝑵𝟏) 

E. Linear 

 

 

𝑑* 

 

1-4 

 

F. Non-linear 𝑑* +𝑚*𝑁* 5  Murdoch et al. 2003 
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 (c) Model fitting 

We assumed that the bacterial resource was at carrying capacity at the beginning of the experiment, 

and, based on previous experimental studies using similar conditions (Diehl and Feibel 2000, Fox 

2002, DeLong and Vasseur 2012), set the carrying capacity (parameter 𝐾) to 10B bacterial cells per 

ml. Under our lab conditions, half saturation of the bacteria occurs after approximately 30 h (1.25 

days), so we estimated 𝑟 using the analytical solution of the logistic growth equation: 

𝑅(𝑡) =
𝐾𝑅(0)

𝑅(0) + C𝐾 − 𝑅(0)D𝑒EFG
 

(A3) 

and solving for r given that 𝑅(0) = (𝑛𝑜. 𝑜𝑓	𝑙𝑜𝑜𝑝𝑠	𝑜𝑓	𝑎𝑑𝑑𝑒𝑑	𝑏𝑎𝑐𝑡𝑒𝑟𝑖𝑎) × (𝑐𝑒𝑙𝑙𝑠	𝑝𝑒𝑟	𝑙𝑜𝑜𝑝) =

4 × 10B, 𝐾 = (𝑚𝑙	𝑜𝑓	𝑝𝑟𝑒𝑝𝑎𝑟𝑒𝑑	𝑚𝑒𝑑𝑖𝑎) × (𝑐𝑒𝑙𝑙𝑠	𝑝𝑒𝑟	𝑚𝑙	𝑎𝑡	𝐾) = 2000 × 10B and 𝑅(1.25) =

1000. From this, we obtained r (4.970) and set it as constant across all models. 

 Using a one-step ahead maximum likelihood approach where numerical solutions of the 

consumer-resource models above treated were the means of normal distributions, we fitted the 

models to the monoculture data from the first 30 days of observations for each species. Replicates 

that did not persist for 30 days were omitted from the model fitting, such that we fit the models to 

data from 9 replicates for P. aurelia and P. americanum, and 8 replicates for P. caudatum.  

 For each set of single-consumer cultures, we first performed a broad search of likelihood 

space, calculating the likelihood of each model for parameter values ranging from 𝑒E*U to 𝑒V in 

increments of 𝑒*, resulting in a search across 2197 unique parameter combinations for model 1 (3 

parameters); 28 561 parameter combinations for models 2, 4, and 5 (4 parameters); and 371 293 

parameter combinations for model 3 (5 parameters).  

 From this set of parameters, the top 100 parameter combinations (i.e., with the highest 

maximum likelihood scores) became the starting values for a numerical optimization routine using 

the Nelder–Mead method, as implemented in the function `mle2` from the package `bbmle` for R 

(Bolker and R Development Core Team 2014). 

 

(c) Results 

For the P. aurelia cultures, model-fitting was possible for all models considered, with model 3 

having the lowest negative log-likelihood and AIC scores (Table A2). However, it was not possible 

to obtain reasonable parameter estimates for any of the models for either P. caudatum or P. 

americanum due to one or more of the following issues: 1) lack of convergence in the optimization; 

2) unrealistic parameter estimates (e.g. efficiency [𝑒*] estimates > 1); 3) confidence intervals 

spanning 3 or more orders of magnitude; and 4) flat likelihood surfaces, preventing reasonable 

estimation of confidence intervals.  Some of these problems can likely be attributed to a lack of data 

on the bacterial resource as well as insufficient coverage of state space due to the fast dynamics of 
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the protist system and our 2-day sampling resolution (e.g. P. caudatum reached equilibrium after 

only 6 days and remained there for the duration of our observations). As a result of these issues, we 

did not fit mechanistic population models to our two-species trials. 

 

Table A2. Estimated parameter values (on the natural log scale) and confidence intervals (CI) for 

models 1 through 6 for Paramecium aurelia. The table includes AIC scores from the Nelder-Mead 

optimization for each model. Asterisks (*) indicate when confidence intervals were estimated from 

a quadratic approximation of the likelihood surface. 
Model / parameter Estimate 95% CI AIC 

1. Linear consumption + linear death 

Consumer attack rate, a1 

Consumer efficiency, e1 

Consumer death rate, d1 

 

-3.112 

-14.098 

-2.310 

 

(-3.193, -3.011) 

(-14.216, -14.001) 

(-2.535, -2.120) 

1434.321 

2. Type II consumption + linear death 

Consumer attack rate, a1 

Consumer efficiency, e1 

Resource handling time, h1 

Consumer death rate, d1 

 

-3.097 

-12.659 

-12.743 

-2.165 

 

(-3.141, -2.546)* 

(-12.831, -12.511)* 

(-12.927, -12.514)* 

(-2.367, -1.991)* 

1379.304 

3. Type II, consumer-dependent consumption 

+ linear death 

Consumer attack rate, a1 

Consumer efficiency, e1 

Density-dependence (consumption), u1 

Resource handling time, h1 

Consumer death rate, d1 

 

 

-0.930 

-13.038 

-2.774 

-13.137 

-2.010 

 

 

(-0.935, -0.414)* 

(-13.233, -12.928)* 

(-3.091, -1.988)* 

(-13.342, -13.081)* 

(-2.188, -1.848)* 

1355.678 

4. Consumer-dependent consumption + 

linear death 

Consumer attack rate, a1 

Consumer efficiency, e1 

Density-dependence (consumption), u1 

Consumer death rate, d1 

 

 

-2.149 

-14.807 

-4.041 

-1.657 

 

 

(-2.370, -1.876)* 

(-15.038, -14.607)* 

(-4.356, -3.684)* 

(-1.962, -1.447)* 

1412.901 

5. Linear consumption + non-linear death 

Consumer attack rate, a1 

Consumer efficiency, e1 

Consumer death rate, d1 

Density-dependence (death), m1 

 

-3.102 

-14.145 

-2.875 

-7.948 

 

(-3.182, -2.992)* 

(-14.282, -14.038)* 

(-5.738, -2.287)* 

(-11.321, -7.123)* 

1432.159 
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Figure A1. Monoculture time series data for the three protist species (a) Paracemium aurelia, (b) 

Paramecium caudatum, and (c) Philodina americanum. Thin lines represent individual replicate 

populations, and in the case of P. aurelia thicker lines represent the population trajectories predicted 

by the fitted models. 

 

Abundances in single-consumer cultures versus competitive trials 

Species densities were generally lower or less stable in the large two-species cultures compared to 

equivalent large single-consumer cultures (Fig. A2), indicative of competition between species. The 

major exception was P. aurelia when paired with P. americanum (Fig. A2 c), which had higher 

densities in the presence of another consumer between days 12 and 24. Since we were not able to fit 

consumer-resource models to our data, we could not assess whether competition between the three 

species is best-described as direct (e.g. chemically-mediated interference competition), indirect (e.g. 

competition for common bacterial resources), or both direct and indirect. 
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Figure A2. Densities over time in the experimental microcosms. Shown are the densities of 
individual replicates species in monoculture (solid lines) or in the presence of another species 
(dotted lines) for different competitive pairings (aurelia-caudatum, column 1; aurelia-philodina, 
column 2; philodina-caudatum, column 3). Note the different scales on the y-axis for each panel. 
 

Densities of two-species experimental jars 

In the main text, we omit the densities in the medium sized jars for clarity. As shown in Fig. A3, 

densities in the medium sized jars were generally between those of the large and small jars (b, c, e, 

last part of a) or were similar to those in the large jars (d, f, early part of a).  

 

 
Figure A3. Densities over time in the experimental microcosms. Shown are the densities of 
individual replicates of the weaker competitors (top row) and stronger competitors (bottom row) in 
each of the three competitive pairings (aurelia-caudatum, column 1; aurelia-philodina, column 2; 
philodina-caudatum, column 3). Small (red), medium (green), and large (blue) jars are shown here.  
Note the different scales on both axes for each panel.  
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Appendix 2 
Stochastic consumer–resource model 

(a) Stochastic formulation of deterministic consumer–resource model 

Here we outline some of the assumption made in our formulation of the stochastic version of the 

consumer-resource model discussed in the manuscript. The deterministic model is: 
𝑑𝑅
𝑑𝑡 = 𝑟*𝑅 31 −

𝑅
𝐾6 − 𝑎*𝑅𝑁* − 𝑎V𝑅𝑁* 

𝑑𝑁*
𝑑𝑡 = 𝑒*𝑎*𝑅𝑁* − 𝑑*𝑁* 

𝑑𝑁V
𝑑𝑡 = 𝑒V𝑎V𝑅𝑁V − 𝑑*𝑁* 

 (B1) 

In this model, events such as resource birth and death occur continuously, whereas for a stochastic 

model events are discrete and occur probabilistically. Based on (B1), we expect the following 

demographic events: 1) resource birth; 2) resource death; 3) resource death by consumer 𝑁*; 4) 

resource death by consumer 𝑁V; 5) consumer 𝑁* growth; 6) consumer 𝑁V growth; 7) consumer 𝑁* 

death; 8) consumer 𝑁V death. Therefore, the goal in our top-down approach for constructing a 

stochastic model (Black and McKane 2012) is to determine which terms in model (B1) correspond 

to probabilities for these different events. 

 The first term in the resource equation represents the net of births minus deaths (independent 

of consumers) and so we begin by defining separate birth and death functions, b(N) and d(N), for 

the probabilities of events 1) and 2). Here we assume density-independent birth [b(N)=b1] and 

density-dependent death [d(N)=m1 + m2 N], such that r=b1-m1. and K=(b1-m1)/m2.  

 Determining the probabilities of consumer deaths (events 7 and 8) is also relatively 

straightforward, as for each consumer the last term in the relevant consumer equation is the only 

one capable of subtracting consumers from the system. 

 Accounting for consumer growth and resource death from consumers is more difficult since 

the death of a resource may not always correspond to the birth of a consumer (e.g. when efficiency 

is less than 1; or ei< 1). As in Simonis (2012), we therefore distinguish between three kinds of 

resource consumption: 1) resource consumption with no corresponding consumer growth; 2) 

resource consumption with consumer N1 growth; 3) resource consumption with consumer N2￼ 

growth. For 2) and 3), we assume that ei represents the probability that the consumption of a single 

(final) resource leads the birth of a consumer. For 1), we assume that all other consumptive events 

(by either consumer) lead only to the death of a resource. Thus, resource death with consumer i 

growth occurs with the following probability: 

𝑒-𝑎-𝑅𝑁-  (B2) 
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and resource death with no consumer growth occurs with probability: 

(1 − 𝑒*)𝑎*𝑅𝑁* + (1 − 𝑒V)𝑎V𝑅𝑁V  (B3) 

Here we have lumped the two different kinds of resource death (by 𝑁* and by 𝑁V) without 

associated consumer births, In fact, we can also add the death function for the resource to this 

equation since from the perspective of the overall system, all three events simply subtract a 

resource. Specifying separate death events would have no effect on the final outcome of stochastic 

simulations. From the above, we obtain 6 final demographic events with the following transition 

probabilities and state changes: 

𝑅	𝑏𝑖𝑟𝑡ℎ ∶ 𝑅
XYZ[\ 𝑅 + 1 

𝑅	𝑑𝑒𝑎𝑡ℎ ∶ 𝑅
X(]Z^X]_)^(*E`Z)aZXbZ^(*E`_)a_Xb_[⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯⎯\ 𝑅 − 1 

𝑅	𝑑𝑒𝑎𝑡ℎ, 𝑁*	𝑏𝑖𝑟𝑡ℎ ∶ 𝑅, 𝑁*
`ZaZXbZ[⎯⎯⎯⎯\𝑅 − 1, 𝑁* + 1 

𝑅	𝑑𝑒𝑎𝑡ℎ, 𝑁V	𝑏𝑖𝑟𝑡ℎ ∶ 𝑅, 𝑁V
`_a_Xb_[⎯⎯⎯⎯\𝑅 − 1, 𝑁V + 1 

𝑁*	𝑑𝑒𝑎𝑡ℎ ∶ 𝑁*
dZbZ[⎯⎯\ 𝑁* − 1 

𝑁V	𝑑𝑒𝑎𝑡ℎ ∶ 𝑁V
d_b_[⎯⎯\ 𝑁V − 1 

 (B4) 

 

(b) Gillespie algorithm 

We used R to simulate the above model using the direct version of Gillespie’s (1977) stochastic 

simulation algorithm (SSA).  Starting with a set of demographic events (e.g. birth of a resource), 

transition probabilities for those events (e.g. B4), and an initial system state, the basic algorithm 

does the following: 

1) Determine the time, 𝜏, to the next event by sampling from an exponential distribution with 

mean equal to the (non-normalized) sum of all demographic rates. 

2) Determine which event occurs by sampling from the list of possible processes, the 

probability of each process conditioned on the fact that an event (of any kind) has occurred 

at the new time. 

3) Update the time based on 1) and the population sizes(s) based on 3). Then return to step 1) 

until all demographic rates are 0 or the simulation time is up. 

For further details on the SSA, we refer readers to Gillespie (1977), Cao et al. (2004) and Black and 

McKane (2012). Sample code with annotations is available on the DRYAD repository 

(https://datadryad.org/) associated with this manuscript. 
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Appendix 3 
Coefficients of variation 

If founder effects were a significant influence on dynamics in our microcosms, we would expect to 

see greater variation between replicates in the smaller jars compared to the larger ones, since each 

small replicate would be expected to contain protists with different genotypes and resulting growth 

rates. We observed no consistent trend in the coefficients of variation (CV) of population sizes 

across time for the experimental data (Fig. A3.1), particularly over the first 20 days. Since tens of 

protists generations were expected to have occurred during this period, it is unlikely that founder 

effects played a significant role in the observed differences between small and large replicates.  

 
Figure A3.1. Coefficients of variation (CV) across time for each competitor in the small (red), 

medium (gray), and large (blue) experimental jars. Figures are overlaid so that each column 

represents a competitive treatment: (a) and (b) show results for Paramecium aurelia and 

Paramecium caudatum (AC pairing), respectively; (c) and (d) for P. aurelia and Philodina 

americanum; (e) and (f) for P. americanum and P. caudatum. 
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Densities in aurelia-caudatum pairing prior to observed exclusion 

While sampling effects may have had some impact on our exclusion results for the aurelia-

caudatum pairing (e.g. by making it more difficult to detect the presence of P. aurelia in medium 

and large jars), we believe these effects were minimal. In addition to the monotonic declines seen in 

P. aurelia in Figure 3a (main text), we also note the relatively large differences between the two 

competitors prior to our observations of exclusion (Fig. A3.2). Note the generally low P. aurelia 

densities in all jar sizes and, especially in the large jar size (blue), the comparatively high P. 

caudatum densities.  

 
Figure A3.2. Densities of competitors in the aurelia-caudatum pairings prior to observed exclusion 

of P. aurelia. Points represent the density of species P.caudatum (y-axis) and P. aurelia (x-axis) on 

the sampling day before exclusion in replicates where P. aurelia was recorded to have been 

excluded. Colors represent different jar sizes. 
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Appendix 4 
Stochastic simulations of large and small monocultures 

To demonstrate the potential for demographic stochasticity to alter population dynamics in 

monoculture, we simulated the consumer-resource model with only the resource and one consumer 

present. We used the same starting densities as in two-consumer simulations and the parameter 

values in Table 1 of the main text. As shown in Fig. A4.1, after 𝑡 = 10, the mean densities in 

simulations with small population sizes were lower than those with the large population sizes, 

suggesting that absolute population size alone affects population dynamics in monoculture.   

 

 
Figure A4.1. The 95% confidence intervals for the mean densities over time of 10 000 stochastic 

simulations of a one resource, one consumer model with large (blue) and small (red) population 

sizes. 

 

 

 


