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Abstract 

Phenotypic diversity, also known as phenotypic heterogeneity, occurs when individuals 

within a species have different phenotypes. Phenotypic diversity plays a crucial role in 

adaptation, and understanding how it is maintained is fundamental for comprehending 

the complexity of life. In this thesis, I use theoretical approaches to investigate different 

mechanisms that support the selection for variation. Specifically: (1) I model the 

optimal degree of coordination in the division of labour in a non-clonal population, and 

predict that communication between individuals would be less frequent in a population 

with low relatedness; (2) I show that the temporal scale of abiotic environmental 

fluctuations can play a crucial role in favouring a monomorphic or polymorphic 

population, that short-term variation selects for diversity, but long-term variation selects 

against it; (3) I develop and test a new form of cheating strategy that manipulates other 

social group members and find that it can lead to arms-race-like dynamics, which can 

help explain the genetic complication found in nature; (4) I construct a general model 

to incorporate different properties in experimental setups and provide general principles 

for when the cheater-cooperator ratio remains stable and when oscillations occur; (5) I 

examine how comparative studies, an important tool for validating theoretical 

predictions, have quantified abiotic environments and highlight the potential problem 

with correlating climatic quantities and using environmental predictability. Taken 

together, this body of work extends our knowledge on phenotypic diversity and 

identifies several promising research directions related to eco-evolutionary feedbacks. 
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Introduction 
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Phenotypic diversity, also known as phenotypic variation, phenotypic heterogeneity, 

and phenotypic polymorphism, is when individuals of the same species perform 

different behaviours or show different properties across space or time (Ackermann 

2015). Phenotypic diversity can be found across all levels of biological organisation: 

from viruses, bacteria, and other microbes, to insects, birds, and mammals (Huang 1973; 

Shine 1989; Strassmann et al. 2000; Ackermann et al. 2008; Smith et al. 2008; van 

Gestel et al. 2015a). Its prevalence poses a central question in biology: if there is single 

optimal strategy for the population, why do not all individuals behave in the same way? 

 

In this thesis, I explored theoretically some of the reasons that phenotypic diversity 

can be favoured. Because each of these chapters have their own introduction, I only 

provide a brief overview of some key evolutionary mechanisms that has been proposed 

to explain phenotypic diversity, namely (1) cheats against cooperation, (2) division of 

labour, (3) phenotypic specialisation, (4) diversified bet-hedging, (5) alternative mating 

strategies, and (6) sexual dimorphism. I will start from the universal mechanisms and 

drives that they share before diving into the details of each mechanism. 

 

1. Universal mechanisms for phenotypic diversity 

Natural selection can only select for or against diversity when there is variation in the 

population. There are two canonical mechanisms to generate variation: mutation and 

drift. Mutation creates genetic variation, such as the changes in nucleotide sequences, 

and the mutated individual could express genes at a different level, or even make a 

different protein that has a modified function (Futuyma & Kirkpatrick 2017). Although 

most of the mutations are not adaptive, it opens the chance that individuals can be 

different from each other (Hartl & Clark 2007; Futuyma & Kirkpatrick 2017). Drift 

creates stochastic changes in gene frequency in the population through changes in 
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population size, small sampling size, or other processes (Gillespie 2000; Hartl & Clark 

2007). Both mechanisms increases the genetic diversity of a population, which could 

directly induce higher phenotypic diversity. 

 

Beside the two canonical mechanisms, there are some conditional and 

developmental mechanisms for generating variation, such as alternative splicing and 

stochastic cell differentiation. Alternative splicing can generate variation when cells 

randomly splice the transcribed mRNA into smaller pieces that is different between 

cells. This mechanism is known to be important for cell compatibility between 

individuals (e.g., major histocompatibility complex) and producing immune cells for 

antigen-specific defensive response (Trowsdale & Knight 2013; Murphy et al. 2022). 

In addition, during the developmental stage of a multicellular organism, cells might 

stochastically respond to the same signal peptide due to spatial structure and resulting 

in different cellular organisation between individuals of the same species (e.g., X-

chromosome inactivation) (Heard et al. 1997; Alberts et al. 2022). Although we have 

only discussed genetic variation so far, it is important to note that phenotype diversity 

does not always require genetic variation. 

 

2. Selection forces: direct and indirect fitness benefits 

Phenotypes can be favoured because they provide either a direct or indirect fitness 

benefits (Hamilton 1964a, b). The key difference between the two benefits is whether 

the benefit is directly increasing the focal individual’s own survival or reproductive 

success, or increasing the fitness of other individuals who share some gene of the focal 

individual (e.g., non-descendant relatives). An example of direct fitness benefit is 

bacterial individuals within the same population are specialised to either secrete 

polymers to facilitate spreading or for rapid replication. The two phenotypes have 
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complementary ecological functions such that population grows much better when both 

types are present, and the specialisation is highly repeatable to evolve (van Gestel et al. 

2015a; Kim et al. 2016). An example of indirect fitness benefit is cooperative breeding 

in birds, where offspring stay in the nest and help their parents to rear further offspring 

(Jennions & Macdonald 1994; Cockburn 1998, 2006; Shen et al. 2017). Because the 

older and younger siblings are related, helping them would increase the older 

offspring’s fitness indirectly. For instance, empirical observations have found there is 

more helping when species is monogamous, and when individuals can discriminate 

kinship and preferentially aiding closer relatives (Hatchwell et al. 2001; Russell & 

Hatchwell 2001; Griffin & West 2003; Cornwallis et al. 2009). The concepts of direct 

and indirect fitness benefits can be used to explain the evolution of phenotypic diversity 

in populations. The balance between these two types of benefits can provide insights 

into the selective pressures that drive the evolution of different traits and behaviours in 

populations. 

 

Figure 1. Selection forces, strategies, and evolutionary mechanisms for phenotypic 

diversity. There are four sections in this figure: selection forces, strategies, specific 

mechanisms, and universal mechanisms. The selection forces are the drives to get 

diversity within a species, while the mechanisms are properties that help diversity to be 

generated or maintained. The arrows here only illustrate the main associations, and 

some additional cases between selection forces and strategies are discussed in the text 

of each strategy. 
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3. Evolutionary strategies 

Various evolutionary strategies have been proposed to explain phenotypic diversity. In 

this section I will review these strategies and link them to their underlying mechanisms. 

My survey is illustrative, not exhaustive. Specifically, I will explain cheat against 

cooperation, division of labour, phenotypic specialisation, and diversified bet-hedging 

in individual subsections (Fig. 1). I have listed alternative mating strategies and sexual 

dimorphism as the main adaptive strategies related to sex, but since my thesis does not 

cover the realm of sexual selection, I will only discuss them very briefly. 

 

3.1 Strategy 1: cheat against cooperation 

Cooperation takes place when individuals are producing some sharable benefit that can 

be utilised by not only itself but also its neighbours. Cooperation is widespread and 

plays a key role in major evolutionary transitions (West et al. 2015). However, all 

cooperative systems suffer from the potential to be exploited by cheats. A cheat occurs 

when an individual performs a lower level of cooperation, allowing it to pay a smaller 

or no cost while enjoying the benefit provided by the cooperation of others (Trivers 

1971; Ghoul et al. 2014). As a result, there is a direct fitness benefit to cheat. 

Nevertheless, indirect fitness components can also be crucial for cheat-cooperator 

systems because the degree of cheating can be modulated by relatedness (Frank 1998; 

Dionisio & Gordo 2006). In other words, to cheat is not the best strategy if all social 

partners are genetically identical to the focal individual. Thus, the dynamics between 

cheat and cooperator can take many forms, including fixation, where the cheat or 

cooperator dominates the population, and coexistence of both (Griffin et al. 2004; 

Diggle et al. 2007; Rumbaugh et al. 2012; Frensing et al. 2013; Pollitt et al. 2014; 

Andersen et al. 2015; Kümmerli et al. 2015; Mizuuchi et al. 2022). Phenotypic 

diversity emerges when both cheat and cooperator are present within the population. 
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Three mechanisms are involved in cheat-cooperator co-existence: frequency 

dependence, density dependence, and recognition. Frequency dependence occurs when 

the growth rate of cheats or cooperators varies when the proportion of cooperator in the 

population changes. For example, if all cooperators produce the same amount of public 

good while the cheats do not produce at all, then the share of public good per individual 

would depend on the frequency of cooperators within the population (Buckling et al. 

2007; Ross‐Gillespie et al. 2007). Density dependence occurs when the growth rate of 

cheats or cooperators varies with the absolute abundance of cooperators. For instance, 

if the public goods production is triggered by quorum sensing, that the gene would not 

be expressed unless there is enough abundance of cooperator, then the growth of cheats 

would depend on the density of cooperator (Henke & Bassler 2004; Smalley et al. 2015). 

The last mechanism is recognition, which is when the cooperators have some ability to 

distinguish individuals and direct cooperative behaviour toward some individuals rather 

than all neighbours. Examples of allorecognition at molecular levels in microbes have 

been found in Myxococcus and Dictyostelium (Pathak et al. 2013; Dey et al. 2016; 

Hirose et al. 2017). Cheats could potentially mimic the signals that cooperators use to 

recognise other cooperators (Dawkins 1976; Gardner & West 2010). 

 

3.2 Strategy 2: division of labour 

Division of labour is an adaptive strategy that individuals are specialised into different 

tasks cooperatively (West & Cooper 2016). That is, some individuals are specialised to 

benefit other individuals and specialisation provides indirect benefit to all of the 

individuals involved. Examples of division of labour can be found across the tree of 

life. For instance, some individual bacterial cells of Salmonella self-lyse to release toxin 

to help the growth of other cells during infection; slime mould cells differentiate into 

stalk and spores and the stalk facilitates the spread of spores; heterocysts in 
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cyanobacteria fix nitrogen the help neighbouring cells grow better; workers in eusocial 

insect colonies help the queen by providing food and care (Hölldobler & Wilson 1990; 

Strassmann et al. 2000; Ackermann et al. 2008; Flores & Herrero 2010). In these 

examples, some individuals specialised and sacrificed their reproductive potential in 

order to help other individual and the entire population do better. Additionally, division 

of labour can also be achieved through mutual specialisation between species, through 

direct fitness benefit (West & Cooper 2016). An example is plant trade carbon nutrients 

for phosphorus compounds with their fungal partner (Kiers et al. 2011; Wyatt et al. 

2014).  

 

Mechanisms that facilitate division of labour are frequency dependence, 

coordination, and group topology. Frequency dependence happens when the fitness of 

each division depends on the ratio of them within the population: when one division is 

too common, its fitness could be reduced because of the benefit provided by other 

division is diluted; when one division is too rare, its fitness could be increased because 

of a less dilution of benefit from other divisions (Giri et al. 2019). As a result, selection 

would favour the rare division and restore the optimal ratio of the two divisions (Giri 

et al. 2019; Krishna & Laxman 2020). Coordination is when individuals can 

communicate before developing and specialising to a phenotype. Communication can 

reduce stochasticity and guarantee a more stable outcome of ratios between divisions, 

which in turn helps the diversity to be maintained within the population (Cooper et al. 

2022). Group topology is the connectivity between individuals across space, which is 

relevant to how the benefits are distributed within a social group. If some individuals 

have better connectivity than others, they are more likely to become reproductive than 

becoming sterile helpers (Rueffler et al. 2012; Cooper et al. 2021). 
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3.3 Strategy 3: phenotypic specialisation 

Phenotypic specialisation is when individuals are specialised in a non-cooperative way. 

Examples of phenotypic specialisation can also be found across a wide range of 

organisms, from bacteria to mammals. In the bacterium Bacillus subtilis, populations 

are capable of producing two genotypes through highly reversible mutation: (1) 

producing extracellular protease to help cells spread and (2) fast growing with no 

protease production, and have complementary ecological functions (Veening et al. 

2008). Another example is the sentinels in meerkat community, where some individuals 

stay alert for predators while others are foraging because those individuals are satiated 

(Clutton-Brock et al. 1999; Wright et al. 2001). In other words, no specialisation was 

performed to solely benefit other individuals and self-interest is always involved in 

phenotypic specialisation (indirect benefit can also be involved in this case). Because 

the benefit in specialisation always leads to increased fitness for both strains, not the 

group as a whole, it is different from division of labour and termed as phenotypic 

specialisation (van Gestel et al. 2015b). 

 

Mechanisms relevant to phenotypic specialisation are frequency dependence, task 

complementarity, and predation. Frequency dependence arises when, similar to division 

of labour, that individual fitness is affected by the ratio of phenotypes (Kim et al. 2016; 

Drago š  et al. 2018). Task complementarity measures the similarity between the 

performed tasks (Giri et al. 2019), if two phenotypes are specialised to very similar 

tasks, competition is more likely to take place and phenotypic diversity will not be 

maintained in the population. Predation can bring direct fitness benefits for specialising 

in predator detection tasks, for example, some individuals can be specialised in 

increasing birth rate while others can be specialised in decreasing death rate (Jürgens 

& Matz 2002). 
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3.4 Strategy 4: diversified bet-hedging 

When abiotic environmental conditions are inconsistent over time or space, individuals 

can be selected for reducing the variance in fitness through not being particularly 

adapted to any certain environmental condition. The selection on fitness variation can 

potentially produce a strategy that has a lower (arithmetic) mean fitness across all 

environments, but still being adaptive against the competing strategy with a higher 

fitness (Philippi & Seger 1989; Starrfelt & Kokko 2012). The underlying reason is 

geometric mean fitness, which is multiple single-generation fitnesses being multiplied 

together. If one of the generations of a strategy has zero fitness because of unfavourable 

environments, the population goes extinct even if it has a higher arithmetic mean fitness 

(Philippi & Seger 1989; Starrfelt & Kokko 2012). These interesting adaptations that are 

seemingly maladaptive are known as evolutionary bet-hedging strategies. 

 

There are two types of bet-hedging strategies: conservative and diversified bet-

hedging (Starrfelt & Kokko 2012; Liu et al. 2018). The former is producing an 

unspecialised generalist that is not very well-adapted to all possible environmental 

conditions but can have some reproductive output across all conditions. Conservative 

bet-hedging does not involve phenotypic diversity as all individuals in the population 

are generalists. On the contrary, diversified bet-hedging is producing a mixture of 

specialists in every single generation, so that there are always some individuals capable 

of reproducing in all environmental conditions. Examples of conservative bet-hedging 

include suboptimal timing of flowering in perennial plants to avoid occasional dry years 

or short growing seasons (Simons & Johnston 2003; Rees et al. 2004; Rees et al. 2006; 

Childs et al. 2010). Examples of diversified bet-hedging include persister cells in 

bacterial population, and diversified flowering age of the same genotype of seeds in 
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some plants (Baskin & Baskin 1979; Kachi & Hirose 1990; Balaban et al. 2004; Rees 

et al. 2006; Kümmerli & Frank 2023). 

 

Two mechanisms are involved in diversified bet-hedging: frequency dependence 

and environmental autocorrelation. Frequency dependence arises in diversified bet-

hedging when one phenotype is produced at a proportion less than the probability of 

encountering the environment where the phenotype is specialised to. Selection will 

favour genotypes that produce higher ratio of the focal phenotype as it has greater 

(geometric) mean fitness than the resident population (Starrfelt & Kokko 2012). 

Environmental autocorrelation is also a crucial mechanism for maintaining phenotypic 

diversity. When environmental conditions are negatively autocorrelated, diversified 

bet-hedging would be more favoured as the environment essentially alternates between 

each condition (Metcalf & Koons 2007; see also Schreiber 2021 for a more ecology-

based approach). On the contrary, when environmental conditions are positively 

autocorrelated, diversified bet-hedging would not be favoured as each environmental 

condition would last for a long period of time (Metcalf & Koons 2007; Liu et al. 2019; 

Schreiber 2021). Besides these two mechanisms related to direct fitness benefit, there 

are also cases where indirect fitness benefit can help increase phenotypic diversity as 

persister cells are predicted to be more abundant when relatedness is higher (Gardner 

et al. 2007). 

 

3.5 Strategy 5&6: alternative mating strategies and sexual dimorphism 

Phenotypic diversity can also be favoured by sexual selection. One example is 

individuals within the same sex can have very distinct mating strategies like sneaking 

or female-mimicking morphology (alternative mating strategies). One hypothesis for 

such variation is that poorer quality individuals are making the best of a bad job (Gross 
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1996; Neff & Svensson 2013). Another example is sexual dimorphism, where males 

and females have different phenotypes because of mating selection, niche 

differentiation, or predation (Gilbert & Williamson 1983; Shine 1989; Owens & Hartley 

1998). As the theme of sex is not covered in the rest of the thesis, I only summarise 

some main mechanisms and strategies here. 

 

4. Thesis outline 

The topic of phenotypic diversity is a major research theme in evolutionary biology, 

and recent advances in experimental techniques have enabled us with more abundant 

and better-quality data, but have also revealed greater complexities of biological 

systems. I addressed these outstanding research questions in the following chapters: 

 

In chapter 2, I asked how individuals should divide labour in a non-clonal 

population. Individuals could determine their phenotypes independently through 

random specialisation, communicate between each other and achieve coordinated 

specialisation, or some intermediate strategies that is not random nor fully coordinated. 

Nonclonality is important because many empirical organisms that have division of 

labour do not have clonal groups, and the extent of nonclonality could help explain the 

variation in how labour is divided between species. I built a heuristic model and derived 

both analytical solutions and simulations for the model. In addition, I also made an 

exhaustive literature collection of division of labour in microbes in this paper. 

 

In chapter 3, I investigated how strains, or populations, can coexist under the 

presence of (abiotic) environmental fluctuations, such as the temporal changes in 

temperature. There has been a long debate on how environmental variability would 

affect species coexistence, with numerous hypotheses proposed, such as intermediate 
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disturbance hypothesis, limiting similarity hypothesis, and modern coexistence theory. 

These hypotheses sometime contradict with each other, both theoretically and 

empirically. We sought a unified solution for these conflicting predictions by explicitly 

modelling the time scales of environmental fluctuations. Through tracking the eco-

evolutionary dynamics in a system of stochastic Lotka-Volterra competition equations, 

we found new insight on how environmental fluctuations shape the evolution of 

population coexistence. 

 

In chapter 4, I looked into one possible explanation for why the genetic 

composition differs between strains of cooperative populations, which is a pattern 

found across bacteria, slime moulds, and ants. The explanation is there are other co-

evolving and manipulative traits that attempt to make other individuals more 

cooperative, so the social group does not suffer from a group-level cost of cheating. We 

built a series of multi-trait co-evolving models and derived numeric solutions and 

simulations for the model. We provide directions for designing experiments to test if 

these manipulative traits are present in empirical populations. 

 

In chapter 5, I sought a systematic answer of why the dynamic of cheat proportions 

in populations ranges from fixation, equilibria, to oscillations. All three types of 

dynamics have been observed in real-world population, but it is unclear which factor is 

crucial for creating oscillations. We considered four factors that are closely related to 

experimental evolution set up: periodic population bottlenecks, density dependence, 

frequency dependence, and stochastic group formation in a set Lotka-Volterra 

competition equations. We disentangled the essential ingredients for oscillation 

dynamics, and provided experimental plans for testing two types of oscillations. 
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In chapter 6, I examined the correlations in meteorological quantities used in past 

comparative studies, and compared different ways of calculating environmental 

predictability. I asked how much these quantities can improve statistical models, and 

what the predictabilities are trying to capture from climatic time series data. 

Comparative studies have been considered as one of the most powerful tools to test 

predictions for evolutionary models, and many literatures have focused on the 

association between climates and evolutionary patterns. We found substantial degrees 

of correlation and contradicting patterns from different predictabilities. We advocate 

future studies to be more cautious when using these meteorological measurements. 

 

Finally, I included the papers from a number of projects on which I collaborated, 

but for which I was not the leading author, in the appendices. These include (1) co-

evolving signalling in host-parasite system, (2) division of labour in spatially structured 

groups, (3) optimal mechanism to divide labour in clonal groups, and (4) mapping 

theoretical predictions on two types of cooperative breeding benefits to an empirical 

bird dataset. 
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Corrections 

1. Equation 2, upper line: 𝜀 < 𝑙𝑚 ((𝑙 + 1)𝑚 − 1)⁄  

2. Equation 4, upper line: 𝜀 < 1 (𝑙 + 1)⁄  
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Corrections 

1. The second paragraph of model design: the revised second sentence is “Specifically, we considered a 

focal individual 𝑖 invests 𝑧𝑖 effort into reproduction, and the group average of all individuals in the 

group is 𝑧̅ (0 < 𝑧 < 1).” 

2. Two lines above equation 1: missed a close parenthesis at the end. 

3. The second paragraph on page 8 of 38: misspelled suppress. 
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Corrections 

1. Final line of the left column of the third page of the paper: remove “s” from “blue texts”. 

2. Page 3 of the paper, the paragraph on frequency dependence: “… describes how the relative fitness of 

cheats increases when they are at lower frequencies (proportion) in the population because they are 

better able to exploit cooperators.” 
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Abstract 10 

Understanding how the environment shapes the course of evolution is one of the key 11 

issues in evolutionary biology. Biologists have used climatic variables, such as 12 

temperature and precipitation, from global meteorological datasets to analyse the 13 

correlation and causation between traits and environments. These variables are 14 

commonly quantified in terms of average, standard deviation (or variance) and 15 

predictability. However, the meaning and calculation of predictability has varied in the 16 

past literature. Furthermore, these quantities can be correlated with each other, 17 

obscuring their relative influences. We systematically compared different measures of 18 

predictability and analysed the potential correlation problem using a recently published 19 

dataset on cooperative breeding in birds. First, we found that different potential 20 

measures of predictability could give completely opposite patterns. Second, we found 21 

strong correlations between the average, standard deviation, and predictability of 22 

temperature, but weaker correlations between the precipitation quantities. Third, we 23 

found that adding predictability to the phylogenetic regression analyses resulted in 24 

worse models. Taken together, these results suggest that care needs to be taken when 25 

using or interpreting different aspects of the same climatic variable. 26 

 27 

Keywords: harsh environment, climatic time series, global climatic dataset, 28 

macroecology, climate change 29 
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1. Introduction 31 

Variation in abiotic environmental conditions has been argued to be important for 32 

evolutionary biology, macroecology, and conservation biology. Environmental 33 

conditions such as temperature and rainfall can play crucial roles in determining the 34 

degree of biological activity. Biologists collect climatic quantities from meteorological 35 

datasets and use these quantities to represent environments on a global scale. 36 

Evolutionary biologists have used across species comparative studies to examine if 37 

certain traits tend to be found in certain environments. For example, cooperation and 38 

dormancy are more likely to be found in harsher environments (Cornwallis et al. 2017; 39 

Shen et al. 2017). From a macroecology and biogeographic perspective, ecologists 40 

examine the drivers of spatial variation in species richness, such as trophic interactions 41 

and environmental properties, and how these properties correlate with climatic 42 

quantities (Palmer 1994; Evans et al. 2005). From a conservation biology perspective, 43 

monitoring environmental variation is crucial to understand population decline, or 44 

recovery, especially under the ongoing climate change (Wiens & Graham 2005; Wiens 45 

et al. 2010). 46 

 47 

Meteorological datasets are used to measure environmental variation. Usually two 48 

variables are focused on– temperature and rainfall– which can be quantified in multiple 49 

ways. The simplest quantification is to measure the average and standard deviation 50 

(SD). The average, or the arithmetic mean, tells us about the overall level of quantity 51 

(i.e., hot or cold; dry or wet). The SD captures how much rainfall or temperature 52 

fluctuate over time, sometimes also measured by variance. For example, it has been 53 

argued that environments with a high average temperature and/or highly variable 54 

rainfall are relatively harsh environments (Cornwallis et al. 2017; Firman et al. 2020; 55 

Martin et al. 2020). These two quantities on temperature and rainfall have been widely 56 
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used in biological studies (Lawing & Polly 2011; Diamant et al. 2021). 57 

 58 

Another possible aspect of environmental variation is ‘predictability'. 59 

Environmental predictability has been measured in multiple ways. Predictability has 60 

sometimes been used interchangeably with variability (SD), where a low predictability 61 

means highly variable (Jetz & Rubenstein 2011). Another example is to link 62 

unpredictability to a life history outcome, such as higher nest failures (Caro et al. 2016). 63 

More usually though, predictability refers to the sequence of measurements and ask if 64 

past datapoints are correlated to future datapoints (Colwell 1974; Koenig & Knops 2000; 65 

Norden et al. 2007). In other words, if there is a strong correlation, such as highly 66 

repeatable seasons, then the environmental variables such as rainfall and temperature 67 

would show high predictability. Predictability from this perspective is a measure of 68 

periodicity, and there is a number of methods that can be applied. 69 

 70 

There remain at least three open questions for attempts to examine the ecological 71 

and environmental consequences of predictability. First, to what extent do results 72 

depend upon how predictability is measured. Some methods measure relatively, scaled 73 

to the mean, while others measure it absolutely. Does predictability need to be scaled 74 

in this way, to measure its biological importance, or does this confound predictability 75 

with variability? Second, predictability can be highly correlated with the average and 76 

SD (variability) of environmental variables. Consequently, the biological significance 77 

of predictability, relative to these other measures, is unclear. To what extent is it useful 78 

to include predictability in studies, examining the consequences of environmental 79 

variability? Third, a consideration of environmental predictability implies predictability 80 

in the context of the organisms being studied. How well do meteorological 81 

measurements correspond to the ability of organisms to predict their environment? 82 
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 83 

We addressed the first two questions with three aims: (1) We used a commonly 84 

used meteorological dataset to compare three different methodologies for measuring 85 

the predictability of temperature and rainfall. These methods have potentially different 86 

biological meanings, and we examined how these predictabilities distribute on the globe. 87 

(2) We used a previously published dataset on cooperative breeding in birds (Cornwallis 88 

et al. 2017) to test the extent to which different measures provide novel and useful 89 

information. We examined the correlation between the average, SD and predictability 90 

of both temperature and precipitation. (3) We examined the extent to which adding 91 

predictability can improve a model that already includes the average and SD, for both 92 

temperature and rainfall, using the same dataset for cooperative breeding trait in birds. 93 

We then addressed the third question on how meteorologically measured predictability 94 

corresponds to predictability from the perspective of living organisms in discussion. 95 

 96 

2. How to measure predictability? 97 

We compared three different methods for quantifying predictability: Colwell’s 98 

predictability with fixed binning, Colwell’s predictability with dynamic binning, and 99 

normalised spectral entropy. The first two methods are developed by Robert Colwell 100 

(Colwell 1974). This method puts observations into data categories and uses Shannon 101 

information statistic, also known as information entropy, to calculate uncertainty across 102 

time and data categories to obtain Colwell’s predictability. Colwell’s method is the 103 

mainstream method over the last decade (Fisher et al. 2013; Cornwallis et al. 2017; 104 

Fristoe et al. 2017; Griesser et al. 2017; Ringen et al. 2019; Firman et al. 2020; Martin 105 

et al. 2020; Diamant et al. 2021). The third method is imported from spatial ecology 106 

and movement ecology, that some recent papers have suggested using spectral entropy 107 

to calculate the periodicity of time series data (Zaccarelli et al. 2013; Riotte-Lambert 108 
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& Matthiopoulos 2020). The reason we chose these three methods is because of 109 

popularity (for Colwell’s measurements), and because of potential methodological 110 

benefit (for normalised spectral entropy). 111 

 112 

Because all three methods apply the concept of information entropy to measure 113 

the degree of uncertainty, we will first explain the concept of such entropy. We will then 114 

describe the three methods in more details, and use two simulated time series to 115 

illustrate the similarities and differences between the three methods. 116 

 117 

2.1 The concept of entropy in information theory 118 

Entropy is one of the fundamental concepts in thermodynamics and it measures the 119 

degree of disorder, or uncertainty. The most commonly used formulation was developed 120 

by Claude E. Shannon (Shannon 1948), 121 

𝐻(𝑋) =∑ −𝑝𝑖 ln(𝑝𝑖)
𝑠

𝑖=1
/ln⁡(𝑠) 122 

(1) 123 

where 𝑋  is the data, 𝑖  is the index in observation categories, 𝑠  is the number of 124 

categories, and 𝑝  is the proportion of observation belong to the focal category. 125 

𝐻(𝑋)⁡ is called normalised information entropy in information theory, and 126 

normalisation is added to facilitate comparison between different data. 𝐻(𝑋)⁡  is 127 

maximised when all 𝑝 have equal values, and is minimised when one 𝑝 is 1 and all 128 

others are 0. In other words, the bigger H indicates greater uncertainty of predicting 129 

which group a random data point is in. 130 

 131 

While all three methods use the same formulation of 𝐻(𝑋), the key difference 132 

between them is how categories are defined. Colwell’s predictability, both fixed binning 133 
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and dynamic binning, uses discrete numeric grouping for observations to create 134 

categories, while normalised spectral entropy uses frequencies of waves to define 135 

categories.  136 

 137 

2.2 Method 1: Colwell’s predictability with fixed binning 138 

Colwell’s predictability focuses on the yearly cycles by processing data from the same 139 

time of the year into the same column (X) of a table, and counting how many 140 

occurrences for each numeric data category (Y) are on the rows. We call this table the 141 

processed occurrence table. For example, if we have monthly temperature data for 5 142 

years, then the data processing step is to make an occurrence table with 12 columns, 143 

where each column is a month, and the sum of each column is 5. Then, Colwell’s 144 

predictability is defined as  145 

𝑃𝐶𝑜𝑙𝑤𝑒𝑙𝑙 = 1 −
𝐻(𝑋𝑌)−𝐻(𝑋)

ln(s)
, 146 

(2) 147 

where 𝐻(𝑋)  is the uncertainty over time, 𝐻(𝑋𝑌)  is the uncertainty over all data 148 

points, and 𝑠 is the number of data categories. Because the number of datapoints for 149 

each month is constant (i.e., 5), 𝐻(𝑋) is also a constant. Thus, Colwell’s predictability 150 

emphasises on how spread out is the datapoints across data categories, or the rows, at 151 

each month. If there is one row containing 5 occurrences, and all other rows having 0 152 

occurrence, then Colwell’s predictability would be maximised because 𝐻(𝑋𝑌)  is 153 

minimised (i.e., 𝐻(𝑋𝑌) = (− ln(1) − 4 ∗ 0 ∗ ln(0))/ln⁡(5) = 0). On the contrary, if 154 

there are five rows containing 1 occurrence, which is the most possible spread-out 155 

distribution for 5 observations, then Colwell’s predictability would be minimised 156 

because 𝐻(𝑋𝑌) is maximised (i.e., 𝐻(𝑋𝑌) = −5 ∗ 1/5 ∗ ln(1/5) /ln⁡(5) = 1). 157 

 158 
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The final detail here is how rows are defined in the processed occurrence table. 159 

That is, how should a data category, 𝑌, be defined? For instance, one could define it as 160 

1℃, or any arbitrary value, because they are interested in certain thermal resolution of 161 

temperature time series data. Then, for any given time series, we could maintain the 162 

same resolution of the data because the bin width of each data category does not change 163 

with the range of the input data. We call this binning method as fixed binning method. 164 

 165 

We use two example time series to elaborate further details of this fixed binning 166 

method (Fig. 1a). Time series 1 was generated from a sine wave of yearly cycle with 167 

the addition of some white noise. The sine wave fluctuates between 1 and -1, while the 168 

white noise ranges between -0.25 and 0.25. Each datapoint represents a monthly 169 

average temperature for a five-year period. For simplicity, we did not shift this 170 

temperature time series to more common values (e.g., 15℃) and shifting the data would 171 

not change the results. Time series 2 is time series 1 multiplied by 5 times and the only 172 

difference between them is the scale of variation. Then, we make the processed 173 

occurrence table for both time series, with 1℃ width for each data category on the rows, 174 

ranging from -6 to +6℃. As we can see in Fig. 1b, the processed occurrence table for 175 

time series 1 is less spread out and concentrate on a few rows, whereas the processed 176 

occurrence table for time series 2 is much more spread out on the rows. Consequently, 177 

using Colwell’s predictability with fixed binning method, we find time series 1 is more 178 

predictable, with a predictability of 0.924, than time series 2, with a predictability of 179 

0.803. 180 

 181 
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 182 

Figure 1. Three different types of predictabilities on two example time series. (a) 183 

The raw observations from the two time series data. Time series 1 is generated through 184 

a sine wave plus random numbers bounded between -0.25 and 0.25. Time series 2 is 185 

time series 1 multiplied by a factor of 5. (b-d) The processed data, or intermediate step, 186 

used in calculating three types of predictability. We set the bin width to 1 for fixed 187 

binning, and set 25 categories for dynamic binning. Brighter colour indicates there is a 188 

higher occurrence. 189 
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 190 

2.3 Method2: Colwell’s predictability with dynamic binning 191 

An alternative approach for creating data categories could be keeping the number of 192 

valid rows constant between input data, and let the bin width varies. That is, the width 193 

of a data category changes with the difference of maximal and minimal observation in 194 

a time series. An example is shown in Fig. 1c, where both time series are processed into 195 

tables with 25 rows. We call this method ‘dynamic binning’ because the definition of a 196 

single bin (i.e., data category) is dynamic and depend to the scale of input data. Because 197 

data are compressed at the same level, we have equal predictabilities for the two 198 

example time series: 0.691. 199 

 200 

2.4 Method 3: normalised spectral entropy 201 

Another method is normalised spectral entropy, which has been used for quantifying 202 

uncertainty and predictability in spatial and movement ecology. The method does not 203 

calculate entropy from a processed occurrence table, but from a Fourier spectrum 204 

produced by discrete Fourier transformation. Discrete Fourier transformation is one of 205 

the standard methods in time series analysis, and has been extensively used in signal 206 

processing, solving partial differential equations, and many other applications 207 

(Shumway et al. 2000). It uses a discrete set of sine waves to describe the input data 208 

set: if a dataset is very noisy, such as a white noise, then the Fourier spectrum would 209 

have roughly equal amplitudes at each frequency; if a data is very periodic, then the 210 

Fourier spectrum would have some peaks in a few frequencies and almost zero 211 

amplitudes in all other frequencies.  212 

 213 

Normalised spectral entropy analyse the distribution of amplitudes, using each 214 

frequency as an amplitude entry (histogram in Fig. 1d). Specifically,  215 
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𝑃𝑆𝑝𝑐𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = ⁡1 − 𝐻(𝑋) = ⁡1 −
∑ −𝑝𝑖ln⁡(𝑝𝑖)
𝑠
𝑖

ln(𝑠)
, 216 

(3) 217 

where 𝑋 is the Fourier spectrum, 𝑝𝑖 is the amplitude of focal frequency divided by 218 

the sum of amplitudes, and 𝑠 is the number of frequencies in the spectrum (equal to 219 

half the length of the time series; Zaccarelli et al. (2013)). If the amplitudes are all about 220 

the same with no peaks, then 𝑝𝑖 would also be at similar levels and result in a low 221 

predictability. In contrast, if there is one single peak at a frequency, then a single 𝑝𝑖 222 

would be much greater than all others and result in a high predictability. As a result, 223 

spectral entropy is quantifying the periodicity of the input data. Going back to our two 224 

example time series, because the amplitude scales up evenly across all frequency (at a 225 

factor of squared scaling that time series 2 has 25 times larger amplitudes than time 226 

series 1), the normalised spectral entropy are identical between both time series: 0.796. 227 

 228 

2.5 Comparison and biological interpretation of predictabilities 229 

The three methods capture predictability with very different biological insights. While 230 

method 2 and 3 use different ways to capture periodicity, method 1 quantifies 231 

periodicity scaled by the variance of the input time series. This is summarised by the 232 

previous method text and Fig. 1, that the predictability from method 2& 3 does not vary 233 

between time series 1& 2, however, predictability from method 1 is higher for the less 234 

variable time series 1 and lower for the more variable time series 2. We will discuss the 235 

properties of the three methods in more detail in the following paragraphs. 236 

 237 

Colwell’s predictability with fixed binning keeps the same data resolution across all 238 

locations (Method 1). In other words, one degree difference in Celsius means the same 239 

thing irrespective of whether the temperature shows low (e.g., tropics) or high (e.g., 240 
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temperate) variation. However, it also means the degree of compression, which results 241 

from binning observations into data categories, goes up when the variance of a data is 242 

smaller and consequently a higher predictability. For example, we might have less 243 

compressed data when the range of the data is larger, and more compressed data when 244 

the range is smaller (time series 1 and 2 in Fig. 1b). This measure is therefore not just 245 

periodicity, it combines information from periodicity and variability (SD). 246 

 247 

In contrast, Colwell’s predictability with dynamic binning keeps the degree of 248 

compression constant (Method 2). The benefit of this approach is that it provides a 249 

cleaner measure of periodicity, that is independent of the average or variability (SD). 250 

The cost of this approach is the calculation unit is not consistent across the entire globe 251 

– a difference in one degree Celsius will count for more when the SD of the input time 252 

series is lower. 253 

 254 

Normalised spectral entropy focuses on the uncertainty among frequencies, which 255 

is even more independent of the variance of the data (Method 3). One potential benefit 256 

is spectral entropy looks into multiple possibilities of autocorrelations, while Colwell’s 257 

calculation only focuses on the correlation between years (12 months lag). This 258 

difference means multiple-year events, such as El Nino and La Nina, which have 259 

important biological implications, are treated as independent samples in Colwell’s 260 

calculation, while spectral entropy can potentially capture the correlation across 261 

multiple years. Another potential benefit is spectral entropy does not compress the data 262 

and almost no information is lost during the transformation process (except the phase 263 

of each sine wave). Ideally speaking, we make better inference for the time series when 264 

more information is available. Nevertheless, the downside of spectral entropy is the 265 

same as method 2, that the calculation unit is not constant, and a one-degree Celsius 266 
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difference matters more when the time series is less variable. The examples and all 267 

method source codes are available in SI section 5. 268 

 269 

3. Using the measures of predictability 270 

3.1 How does predictability distribute across the world? 271 

3.1.1 Data collection 272 

We first examined the environmental predictability patterns generated by these three 273 

methods on the global scale. We collected climatic data from the climate research unit 274 

(CRUTS v4.06; Harris et al. (2020)), by taking monthly measurements of temperature 275 

and precipitation (rainfall). We collected the data from January 1901 to December 2020, 276 

at a spatial resolution of 0.5°x0.5° longitude-latitude grids (~55.5km north-to-south, 277 

east-to-west varies with latitude). For each grid, we process the climatic data into 278 

average, SD, and the three predictabilities over the 1440 months. 279 

 280 

3.1.2 The global pattern 281 

The three methods for measuring temperature predictability generated different global 282 

patterns (Fig. 2a-c). Colwell’s predictability with fixed binning (Method 1) is highest 283 

around equator, but the other two methods (2 & 3) find that predictability is lowest at 284 

those regions (Fig. 2a vs. Fig.2b&c). Colwell’s predictability with dynamic binning and 285 

normalised spectral entropy are measuring periodicity (Methods 2 & 3). This is greatest 286 

in areas which show more consistent seasonality, which is in more temperate areas, 287 

which move between warmer summers and colder winters. On the opposite end, 288 

because of low seasonality, any temporal patterns would have greater impacts on the 289 

predictability calculation for method 2 & 3, and lead to lower predictabilities in tropical 290 

places. In contrast, Colwell’s predictability with fixed binning takes account for both 291 

periodicity and variability, resulting in higher predictability in less seasonal places – 292 
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because they show less variations (Method 1).  293 

 294 

The three methods for quantifying precipitation predictability also showed 295 

different global patterns (Fig. 2d-f). All methods suggest rainfall is highly predictable 296 

in the Amazon rainforest, Arabian desert, and some regions of Himalayans, but they 297 

disagree with each other on Africa, Northern America, and Eurasia. This inconsistency 298 

is likely because of Colwell’s predictability uses log-2-based binning in both method 1 299 

& 2, whereas method 3 does not have a similar transformation process before Fourier 300 

transformation. We also made the global maps for averages and SDs of temperature and 301 

precipitation in SI section 2.2. 302 

 303 

 304 

Figure 2. Predictabilities on a global scale. (a-c) The three predictabilities for 305 

temperature. Methodological details for binning in Colwell’s predictability are 306 

described in Fig. 1. (d-f) The three predictabilities for precipitation. Following previous 307 
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literature and Colwell’s original paper, the bins for precipitation data when calculating 308 

Colwell’s predictability is on log2 scale. Normalised spectral entropy uses the same 309 

calculation method in panel c& f. For temperature, the different methods show higher 310 

predictabilities in either low seasonality and tropical places (method 1, fixed binning; 311 

a), or high seasonality and temperate places (method 2 & 3; b & c). For precipitation, 312 

the different methods disagree with each other on where predictability is high or low 313 

(d-f). 314 

 315 

3.1.3 Conclusion 1: Different predictabilities are quantifying different properties 316 

As summarised in 3.1.2, we found the three predictabilities have contrastingly different 317 

patterns for temperature data, and inconsistent patterns for precipitation data. These 318 

results suggest they are probably quantifying different properties of climatic time series 319 

data. 320 

 321 

3.2 How much does different climatic metrics correlate with each other? 322 

3.2.1 Data collection: a reanalysis 323 

We reused a global bird data set published in 2017 to test the usefulness of different 324 

measures of environmental variables (Cornwallis et al. 2017). The data contains 286 325 

bird species, classified as whether they are a cooperative breeder. For each species, we 326 

used the species distribution data provided in the dataset to calculate the average 327 

meteorological quantities across space. For simplicity, we assume species abundance is 328 

uniform across space and the average is taken with equal weighting for each spatial 329 

grid. We then analyse the correlation between each climatic quantity by the unit of 330 

species. We first examined the correlation between predictabilities and average or SD, 331 

then we also checked how much does the average and SD correlate within temperature 332 

or precipitation. Some quantities have been transformed before checking the correlation 333 

and the transformation was made to improve the normality. SI section 4 contains the Q-334 
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Q plots for original data and various common transformations, and section 2.3 has the 335 

scatter plot for the predictabilities of the entire dataset (N= 67420). 336 

 337 

3.2.2 Correlation between averages and standard deviations 338 

We started by analysing the correlation between averages and SDs to make the results 339 

more complete. Interestingly, we found very strong correlation between each SD and 340 

average (Fig. 3). In temperature, this correlation is likely because of seasonality, that 341 

hotter places are more tropical and less seasonal (Fig. 3a). In precipitation, the positive 342 

correlation is potentially because rainfall is a type of counting data, and there is more 343 

space to vary when the average is higher (Fig. 3b). Moreover, we also found 344 

correlations in other combinations of climatic variables and quantities (e.g., average 345 

temperature and SD of precipitation) in SI section 3.1. Together, these results highlight 346 

the potential problem of including both averages and SDs into regression models, as 347 

they are not independent to each other. 348 

 349 

 350 

Figure 3. The correlation between averages and standard deviations. (a) 351 

Temperature data. (b) Precipitation data. The solid curve and shaded area is calculated 352 

from locally estimated scatterplot smoothing (LOESS). In order to improve normality, 353 

the average precipitation and standard deviation of temperature are square root 354 

transformed, while the standard deviation of precipitation is natural log transformed. 355 

 356 
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3.2.3 Correlation between predictabilities and other quantities 357 

We then extend the correlation analysis to predictabilities against averages and SDs. 358 

We found very strong correlations between all temperature predictabilities and the 359 

average or the SD (Fig. 4a-f). In highly seasonal spaces (low average and high SD of 360 

temperature), Colwell’s predictability with fixed binning (method 1) has low 361 

predictability values while the other two methods have high predictability values 362 

compared to less seasonal spaces. These results suggest predictabilities have 363 

overlapping properties with average and SD, and they are not independent with average 364 

and SD of temperature. 365 

 366 

We found much lower correlations between precipitation predictabilities and the 367 

average or the SD (Fig. 4g-l). Although they all follow a decrease-increase pattern, the 368 

size of confidence interval expands dramatically when moving away from the centre of 369 

the x-axes (shaded area in each panel). The lower level of correlations is likely because 370 

there is no equivalent strong factor as seasonality to precipitation as in temperature. The 371 

driver of precipitation can be more local, predominantly determined by ocean currents, 372 

atmospheric circulation, and terrain.  373 

 374 
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 375 

Figure 4. Correlation analysis of predictabilities and other climatic quantities. (a-376 

c) Against average temperature. (d-f) Against standard deviation of temperature. (g-f) 377 

Against average precipitation. (j-i) Against standard deviation of precipitation. Same 378 

transformations are made in this figure as in Fig. 3. In each panel, the solid curve and 379 

shaded area is calculated from locally estimated scatterplot smoothing (LOESS). 380 

 381 

3.2.4 Conclusion2: climatic metrics are highly correlated 382 

Through correlation analyses, we found that, not just predictabilities are correlated with 383 

averages and SDs, but the latter two quantities also correlate with each other. The only 384 

exceptions with low correlations are precipitation predictabilities against other 385 

precipitations quantities, and the averages and SDs of temperature against average 386 

precipitation. 387 

 388 
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3.3 How much does including predictability and SDs add to statistical regression 389 

models? 390 

3.3.1 Statistical methods and interpretations 391 

Despite the strong correlation between climatic quantities, we could still add 392 

predictabilities and SDs to regression models and ask how much they improve the 393 

models. We used phylogenetic least square regression models (PGLS) to answer this 394 

question, because this method allows us to test model selection, and calculate the 395 

percentage of variance explained by each predictor in the model (i.e., partial 𝑅2). We 396 

constructed three categories of models: (1) averages only, (2) averages+ SDs, and (3) 397 

averages+ SDs+ predictabilities. We then calculated the Akaike information criteria 398 

(AIC) and overall 𝑅2 to compare model fitting. We also performed variance inflation 399 

factor (VIF) testing from the equivalent GLM models to examine the extent of 400 

multicollinearity. We carried out the analyses under R v4.3.0, phylolm package v2.6.2, 401 

rr2 package v1.1.0, and car package v3.1.2. 402 

 403 

Before going into the analyses, here is a brief explanation on how to read each bit 404 

of results. First, if a model has lower AIC than another, then the model is suggested to 405 

be a better model. AIC balances between the number of predictors in the model, and 406 

the increased interpretability of the model. There are some criticisms against AIC 407 

(Anderson & Burnham 2002), but we use it here for simplicity and generality. Second, 408 

if a model has higher overall 𝑅2  than another, then the model can explain more 409 

variance in the input data. We used likelihood 𝑅2 because it is the simplest available 410 

tool for logistic PGLS regression models (Ives 2019). Third, VIF gives us an indication 411 

on how much the standard error in the estimate coefficient is inflated (Miles 2014). If 412 

an VIF is 4, it means the standard error is 2 times (square root of 4) larger than if that 413 

predictor had no correlation with other predictors. Describing the degree of collinearity 414 
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is subjective, and here we term moderately collinearity as when the VIF ranges between 415 

2 and 4, and high collinearity as when the VIF is larger than 4. 416 

 417 

3.3.2 Analysis 418 

By comparing the PGLS models, we found adding predictability made worse models 419 

(Table 1). Specifically, all models with predictabilities (model C1, C2, and C3) have a 420 

higher AIC and a lower 𝑅2, compared to the model without predictabilities (model B). 421 

These results support that previous correlation analyses (Fig. 4) and suggest against 422 

including predictabilities into the models. In SI section 3.2-3.4, we performed a more 423 

rigorous nested model selection process, and similarly found that including different 424 

predictabilities results in different optimal models. In addition, by comparing the 425 

models with and without SDs (model A& B), we found adding SDs only slightly 426 

improve the 𝑅2 by 3%. This small improvement aligns with the correlation analysis 427 

on averages and SDs (Fig. 3) and implies limited effects of adding variability 428 

measurements. 429 

 430 

Table 1. Summary of model fitting for all models on cooperative breeding trait in the 431 

bird dataset from Cornwallis et al. (2017). 432 

 433 

 434 

In terms of multicollinearity, we found only the model with averages (model A) 435 

has low collinearity, whereas all other models have moderate to strong collinearity 436 

(Table 2). In particular, the model with averages and SDs has moderate levels of 437 
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collinearity in all predictors. Furthermore, four out of six predictors have strong 438 

collinearities in the model with Colwell’s predictability using fixed binning (model C1), 439 

and one out of six predictors has a strong collinearity in the other two models with 440 

alternative predictability measures (model C2 & C3). The high level of collinearity 441 

suggests these models are potentially not good models because the assumptions in 442 

regression have been violated. 443 

 444 

Table 2. Variance inflation factor of each model in table 1. 445 

 446 

 447 

3.3.3 Conclusion 3: adding predictabilities makes poorer models; adding SDs makes 448 

small improvements 449 

From the two tables above, we can summarise that adding predictabilities does not 450 

improve the model, but instead makes it worse in our analyses. The models with any of 451 

the three ways of quantifying predictabilities, compared to the one with averages and 452 

SDs, is worse in AIC, overall 𝑅2 , and multicollinearity. In addition, we found that 453 

adding SDs only slightly improve the model, at the cost of increased multicollinearity 454 

from low to moderate. 455 

 456 

4. Discussion 457 

4.1 Summary of results 458 

We found that different potential measures of predictability can give very different 459 

results. For temperature data, Colwell’s predictability with dynamic binning and 460 
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normalised spectral entropy (method 2& 3) measure periodicity, which is higher in 461 

temperate places because of high seasonality. In contrast, Colwell’s predictability with 462 

fixed binning (method 1) measures a mixture of quantities and has higher values in 463 

tropical places, where temperature is less variable. Precipitation predictability shows 464 

mixed patterns between the three quantification methods. The reason for the lack of 465 

similarity between methods 2 & 3 for precipitation could be the additional log2 466 

transformation in the binning processes for both methods 1 & 2, which was not done 467 

for the temperature data (these procedures are adopted from previous literature). 468 

 469 

We found that the average, SD, and predictability of temperature were all highly 470 

correlated. All of these correlations are related to seasonality, as hotter places are 471 

typically closer to equator, have smaller temperature variability (SD), higher 472 

predictability with method 1, and lower predictabilities with method 2 & 3. On the other 473 

hand, we found the average and SD of precipitation are strongly correlated, but much 474 

lower correlations between precipitation predictabilities and other precipitation 475 

quantities. 476 

 477 

Finally, we examined the extent to which the SD and predictability of each variable 478 

(temperature and precipitation) were able to help explain the distribution of cooperative 479 

breeding in birds. We found that adding the predictability of temperature and 480 

precipitation led to a worse model, as measured by both a higher AIC and lower 𝑅2. 481 

We found that adding the SD of temperature and precipitation led to a better model, but 482 

that effect was small, increasing 𝑅2 from only 0.35 to 0.38. These analyses suggest 483 

that predictability does not add any extra information, and that adding SD provides only 484 

a small benefit, compared to model with just the average of temperature and 485 

precipitation. This result reflects the high correlation between the average, SD and 486 
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predictability for both temperature and rainfall (Fig. 3 & 4). 487 

 488 

4.2 Different methodologies of predictability quantify different things 489 

As different methods give different results, the best measure to use could depend upon 490 

the aims of the study. Colwell’s predictability with fixed binning (method 1) suggests 491 

that more tropical climates are more predictable, because they show smaller variation. 492 

Colwell’s predictability with dynamic binning and normalised spectral entropy (method 493 

2 & 3) suggest that more temperate climates are more predictable because they show 494 

stronger seasonality (larger variation, but seasonally predictable). Consequently, what 495 

matters is whether an empirical study is investigating periodicity or variability, A 496 

potential complication here is that because it is partially a measure of variability, 497 

Colwell’s predictability with fixed binning will correlate with the SD of that 498 

environmental variable, meaning that any information it supplies will be at least 499 

partially redundant. 500 

 501 

4.3 Terminology of meteorological quantities 502 

Our results also emphasise that confusion can be generated by terminology, because 503 

different measures of predictability are not measuring the same thing. Colwell’s 504 

predictability with dynamic binning and normalised spectral entropy are measuring 505 

periodicity – over yearly or yearly and longer cycles respectively (Fig. 1c & d). 506 

Consequently, it might be clearer to just refer to them as ‘periodicity’. On the contrary, 507 

Colwell’s predictability with fixed binning is measuring periodicity rescaled by 508 

variability (Fig. 1b), thus could be called as ‘rescaled periodicity’. Nevertheless, 509 

because Colwell’s predictability with fixed binning is, by design, correlated with SD or 510 

other measures of variability, limiting the usefulness of adding this to a model that 511 

already includes another measure of variability. 512 



Chapter 6: What can climatic dataset tell us about evolution? 

 - 103 - 

 513 

4.4 Explanatory power of meteorological quantities 514 

Our results on the correlations between meteorological quantities raise the issue of how 515 

much explanatory power these quantities add. These high correlations coincide with a 516 

recent study on a similar global meteorological database (WorldClim) and found there 517 

are only 5 independent variables out of the 19 quantities (Dinnage 2023). Together, both 518 

results suggest future studies to take extra caution when using similar datasets, because 519 

high correlations might (1) violate the assumptions in regressive models, and (2) make 520 

a model selection process invalid because of multicollinearity. 521 

 522 

These results lead to an immediate question, what are the available options to 523 

remedy the high correlations between these meteorological quantities? One option that 524 

has been used in previous literature is the principal component analysis (PCA) (Botero 525 

et al. 2014; Fristoe et al. 2017; Griesser et al. 2017; Firman et al. 2020). Because each 526 

principal component (PC) axis is a linear combination of several climatic quantities, 527 

the problem of correlation can be minimised though combining the correlated ones on 528 

the same axis. However, the downside of this method is biological interpretation of 529 

these PC axes can sometimes be challenging, and PCA does not provide information of 530 

which quantity is the main contributor of explaining the variance in data. A possible 531 

solution for these problems in PCA is to make a series of single-predictor regression 532 

models for each PC axes, and find the one that can explain more variance than others. 533 

Then we could say the axis is closest to that meteorological quantity. Alternatively, we 534 

can also discard PCA and use the method presented in this paper. That is, check 535 

correlations before making regression models, and always test the usefulness of adding 536 

extra predictors to the models. Both approaches would minimise the chance of violating 537 

the assumptions in the statistical analyses. 538 
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 539 

4.5 Predictability for real organisms 540 

Finally, from an organism’s perspective, predictability can imply different things when 541 

organisms have different life histories. In some cases, climate is always predictable as 542 

the life history decisions can be made on condition of the recent weather events. For 543 

instance, the termination of dormant stage in insect larvae and freshwater invertebrate 544 

eggs are closely linked to the increasing temperature or a recent raining event (Forrest 545 

& Thomson 2011; Stenert et al. 2017). In other cases, climate is always unpredictable 546 

because the life history decisions are not conditional of recent weather events. For 547 

example, upon global warming, the great tit population in Netherland makes more 548 

variable egg laying date when spring temperature is warmer (Deutsch et al. 2008). This 549 

difference is mainly because, through cognition processes or conditional developmental 550 

response, organisms respond to the same changes in environmental conditions in many 551 

different ways. Therefore, there seems to be no single answer on how organisms 552 

forecast future environmental conditions, or on whether a time series is more 553 

‘predictable’ across all organisms than another time series. 554 

 555 

  556 
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1. Overview 

Each of the proceeding chapters has their own discussion. Consequently, in this last 

chapter, I briefly summarise the key findings and discuss the potential extensions. 

 

2. Relatedness and the evolution of mechanisms to divide labour in 

microorganisms (Chapter 2) 

In Chapter 2, I examined the optimal level of coordination to divide labour, in response 

to genetic relatedness and group size. I found natural selection can favour intermediate 

levels of coordination, and that the level of coordination decreases as individuals are 

less related to each other. Empirical validation for the findings here would require 

understanding the molecular mechanisms of coordination before one could quantify the 

level of coordination for each social group. The closest systems are slime moulds and 

Myxococcus bacteria, where multiple cells form a fruiting body together - some cells 

become reproductive spores while others become sterile supporting structures (Kaiser 

2004; Konovalova et al. 2010; Strassmann & Queller 2011; Dhakshinamoorthy & 

Singh 2021). These fruiting bodies can be clonal or nonclonal, and suggest the 

importance of understanding the effects of nonclonality (Foster et al. 2002; Fiegna & 

Velicer 2005). Nevertheless, currently there is not enough knowledge to quantify the 

degree of coordination and we could test if groups are less coordinated when less related 

once this challenge is overcome. 

 

There are several possible extensions for this project: nonclonal division of labour 

with spatial structure networks, and non-reproductive division of labour in clonal or 

nonclonal groups. First, spatial structure has been suggested to facilitate task 

specialisation. In our previous paper (Appendix 6), we found when some individuals 

are more connected than other individuals, then they would be selected to become 
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reproductives and others would be selected to become helpers. This is because the 

better-connected cells gain a greater share of public goods. However, the previous paper 

did not look beyond clonality. Nonclonality opens two questions: (1) Can spatial 

structure still help division of labour, even if the proportion of helpers drops as 

relatedness goes down? (2) When there are options for forming spatial structure and 

performing coordination, which mechanism would be selected, and does it change 

when groups are less related? Answering these questions could help us explain why 

helper proportion is a bimodal distribution between species in the empirical data 

(Cooper et al. 2023), and why spatial structure is not found in all species with 

reproductive division of labour. 

 

The second extension is to non-reproductive division of labour, where individuals 

are specialised to different tasks like metabolising specific nutrients. This scenario is 

different from reproductive division of labour because no individual reduces its 

reproductive potential. On the empirical side, several species have been found to divide 

non-reproductive labour, such as secreting surfactant or matrix protein, or preforming 

a two-step metabolism to digest nutrient (Laue et al. 2006; Lawrence et al. 2007; Nikel 

et al. 2014; van Gestel et al. 2015; Armbruster et al. 2019). Little is known, on the 

theoretical side, about when non-reproductive division of labour is favoured over a 

generalist strategy (Wahl 2002). As a result, there is a need for theoretical development. 

In addition, it is unclear whether coordination is also an important mechanism in non-

reproductive division of labour. Thus, a series of theories could be built for non-

reproductive division of labour. 
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3. Antagonistic effects of long- and short-term environmental variation on 

species coexistence (Chapter 3) 

In chapter 3, I found different time scales of environmental fluctuations have opposite 

effects on strain coexistence: short-term variation helps the maintenance of diversity 

while long-term variation facilitates competitive exclusion. Our theoretical framework 

also unified previously seeming contradicting hypotheses on diversity and 

environmental variability, as all possible patterns can be generated when more than one 

time scale of environmental fluctuation is considered in the model. On the empirical 

side, there is some evidence to support our predictions in macroecology studies (Chan 

et al. 2016; Cohen et al. 2020; Kefford et al. 2022), however, experiments would be 

needed to directly test the predictions. The easiest system to set up is probably bacterial 

communities because they grow very fast, and their growing environment can be easily 

manipulated. 

 

Our framework can be applied to many different aspects of biology, such as 

cooperation dynamic under ‘transient’ time scale, and the effects of environmental 

fluctuations on predator-prey systems. Transient time scale is the opposite of indefinite 

time scale, on which classic analytical models typically make predictions (MacArthur 

1972; Chesson 2000; Siepielski & McPeek 2010). The key difference here, is classic 

models usually assume a large number for the environmental conditions the strain (or 

species) experience, so the dynamics can be analysed through the true distribution of 

the environmental fluctuations. However, this assumption is violated when some 

variations are on a relative long-term in the ecological time scale because the window 

averages of environmental conditions converge on a much slower pace (Fig. 1 of 

Chapter 3). As a result, the cooperation dynamics can be very different from those that 

the Price equation suggests (Price 1970; Gardner 2020; dos Santos et al. 2023). For 
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instance, under the presence of long-term environmental fluctuations, cooperators 

could have a greater chance to get rid of cheats. Similarly, we can move beyond 

competition framework and explore similar types of effects under predator-prey 

interactions. For instance, it is possible that long-term environmental fluctuations can 

interfere with the classic predator-prey cycles and remove the atto-fox issue for Lotka-

Volterra predator prey equations, thus making more realistic predictions (Anderson et 

al. 1981; Mollison 1991; Fowler 2021). 

 

4. The evolution of manipulative cheating (Chapter 4) 

In Chapter 4, I found arms-race-like dynamics in the degree of cheating can be found 

when manipulative cheating and its suppression is included to the classic tragedy of the 

commons model. These findings can help explain the empirical findings of genetic 

differences in the level of cooperation in ants, bacteria, and viruses. Although the direct 

proof for manipulative cheat needs molecular evidence, similar to Chapter 2, there are 

some immediate extensions for the model to better fit the actual biology. For example, 

we can extend the model from a haploid to haplodiploid to fit the genetic system of 

social insects (Hölldobler & Wilson 1990; de la Filia et al. 2015). The consequences of 

including an extra copy of gene might depend on the dominance relationship, and it is 

possible to generate more complex dynamics with this extra layer of biological detail 

(Crozier 2008; Davies & Gardner 2018). 

 

5. Equilibria and oscillations in cheat-cooperator dynamics (Chapter 5) 

In Chapter 5, I found periodic population bottlenecks and density dependence of cheat’s 

growth rate on cooperator’s abundance are important for creating oscillating dynamics 

in the proportion of cheats. Allowing for stochastic group formation also allows another 

level of oscillation, between growth cycles. Empirically speaking, by far there is only 
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evidence for the oscillation between growth cycles (i.e., the ones that require stochastic 

group formation), but population dynamic monitoring with very high time resolution is 

feasible for experiments with automated instruments. Validation on our first model 

prediction can be done if experiments with such high time resolution could be carried 

out. 

 

Besides experimental validation, there are also many potential theoretical 

extensions for answering important biological questions. For instance, the cheat-

cooperation relationship could have more than two strains involved and form a rock-

paper-scissors relationship (Inglis et al. 2016; Lowen 2018). It is unknown whether 

similar oscillating dynamics in strain ratios can also be created with growth cycles and 

density dependence. Another extension is including resource dynamics where both 

cheats and cooperators exploit the resource to grow. This resource would represent host 

density in viral dynamics and cheats would be the viral particles with incomplete 

genome but replicate faster. Investigating when cheats could be removed in the system 

has important clinical application for phage therapy, which is a proposed methods to 

use phage to treat antimicrobial resistance bacteria (Horiuchi 1983; Hatfull et al. 2022). 

Lastly, we can also incorporate temporal and spatial fluctuations to the model and 

examine if these fluctuations help produce oscillating dynamics. 

 

6. What can climatic dataset tell us about evolution: an analysis on 

environmental predictabilities and correlations (Chapter 6) 

In chapter 6, I found predictability, a quantity used in comparative studies to explain 

diversity on a global scale, can have contrasting patterns depend on which calculation 

method is used. I further showed many meteorological quantities are highly correlated, 

suggesting that biologists should take extra caution when working with these quantities. 
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This project was a systematic diagnosis of a meteorological dataset, but could be 

extended in two ways. First, we could further examine other datasets, like ERA5 and 

WorldClim (Fick & Hijmans 2017; Hersbach et al. 2020). Some datasets have a much 

higher time resolution (hourly in ERA5, while others are monthly) or spatial resolution 

(1km in WorldClim, while others are 0.25° or 0.5°), plus different observation data or 

algorithm is used in each dataset, making it is unclear about the outcome for a similar 

analysis in different datasets. Second, we could apply the recent generative model 

framework to the dataset we analysed, the CRUTS (Harris et al. 2020; Dinnage 2023). 

In that study, a generative model found the 19 variables in WorldClim dataset only 

contains 5 independent axes (Dinnage 2023). It is not clear about the generality of the 

result, nor whether we can use the generated 5 axes for formal statistical analyses in 

comparative studies. Answering these questions could potentially change how people 

have been using meteorological data in understanding evolution. 

 

7. Conclusion 

This thesis highlights the importance of eco-evolutionary feedbacks, where ecological 

and evolutionary processes interact with each other (Lion 2018; Govaert et al. 2019). 

This type of feedback has received an increasing attention as there is growing number 

of empirical evidence showing ecological and evolutionary processes can operate at a 

similar time scale (Post & Palkovacs 2009; Hiltunen et al. 2014; Hendry 2016). In 

particular, my works have pointed out the crucial role of temporal scaling in these 

feedbacks in two ways: (1) the relative strength of random noise to selection forces; 

and (2) the relative speed of extinction process to environmental fluctuations. 

 

 The importance of relative strengths of noises and selective forces has been 

recognised in theoretical biology. For instance, when selection and mutation are both 
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present in a population, it may reach a balance between the two forces. In the context 

of eco-evolutionary feedbacks, the noise may not be created by mutation, but by other 

processes like demographic stochasticity, linkage of coevolving traits, and small 

number effects (e.g., that the ratio of division 1 can only be 0, 0.5, or 1 in a group of 2 

individuals). These processes have been investigated in Chapters 2, 4, 5. One might 

think these mechanisms would only slow down the selection outcome, but they actually 

can change the trait dynamics from static to oscillations (Chapter 4), or even reverse 

the selection outcome (Constable et al. 2016; Hilbe et al. 2018). Because biological 

populations are rarely close to infinity, considering these effects could greatly improve 

our ability to make better implications and predictions in nature. 

 

The relative speed of extinction process to environmental fluctuations, on the other 

hand, is rather underexplored. This factor is important because if the pace of extinction 

(e.g., through competitive exclusion) is very fast, then only a small number of 

environmental conditions would be experienced during the extinction process. Because 

of the small number, there can be a great degree of stochasticity in the experienced 

environmental condition. This point has been elucidated in Chapters 3& 5, where the 

time scale of fluctuations or the duration of growth cycles matter to the outcomes of 

selection. In addition, the global meteorological dataset used in Chapter 6 is highly 

related because it contains time series over a relatively long period of time (e.g., > 100 

years for bacteria) and can be used to verify the hypotheses and logic in these arguments. 

Since there is a continuing advance in the spatial and temporal resolution of empirical 

data, future research on this temporal stochasticity and the effects of time scales could 

be promising. 
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Supplementary Information 

1. Further analyses of the analytical game theory model 

In this section, we provide more details for math derivations as well further analyses of 

the results. In section 1.1, we recall the model designs, in particular the life cycles, 

population structures, and social interactions of the analytical model. Section 1.2 shows 

the derivation of fitness of fully random specialisation. In sections 1.3-1.4, we derive 

and analyse the evolutionarily stable strategies (ESSs) of the target proportion of 

helpers for fully random and coordinated specialisation. Section 1.5 shows that the ESS 

target proportion of helpers for fully coordinated specialisers is always equal to or 

greater than the ESS target proportion of helpers for fully random specialisers. In 

section 1.6, we rearrange the fitness functions to compare the cost of the two 

specialising mechanisms. Section 1.7 illustrates the effect of the cost of coordination 

on the invasion conditions. 

 

1.1 Population, life cycle and social interactions 

We assume that the population is structured into distinct social groups that each start 

with 𝑙 founding cells, which synchronously replicate to form a lineage of cells in the 

group. The last generation of the group life cycle occurs when the group has reached 

the size of 𝑙𝑚  cells (𝑙  lineages, 𝑚  cells per lineage), at which point fecund cells 

produce a large number of offspring that disperse globally to found new groups. All 

cells from the previous groups then die (non-overlapping generations) and the life cycle 

begins again.  

 

We assume that cells in the last generation of the group life cycle can become 

either sterile helpers that produce a public good for the group, or pure reproductives 

that do not produce a public good but use the good to produce a larger number of 

dispersing offspring. We assume that the fecundity of a reproductive is equal to 

(1 − 𝜖) + 𝜖𝑃 , where the parameter 𝜖  is the essentiality of cooperation, and the 

variable 𝑃 is the proportion of helpers produced in the group in the last generation.  

 

Whether and how cells in the last generation become helpers or reproductives 

depends on the division of labour mechanism of the cells’ lineage founders. Our 

analytical model focus on two special cases: fully random specialisation and fully 

coordinated specialisation. We denote 𝑞  as the target proportion of helpers of the 

founder of a focal lineage and 𝑄 as the target proportion of helpers of all other lineage 

founders in the group. When the focal lineage employs fully random specialisation, 

each cell in the lineage may become a helper independently of all other cells in the 

group and with probability equal to 𝑞. When the lineage employs fully coordinated 
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specialisation, cells of the lineage interact with other cells from the same lineage to 

ensure that the proportion of helpers produced by the lineage is exactly equal 𝑞. 

 

1.2 The fitness of fully random specialisers 

We can write the fitness of a focal founder in a population where all cells employ 

random specialisation as: 

 

𝑤𝐹𝑅(𝑞, 𝑄) = ∑ ((𝑙−1)𝑚
𝑗

)𝑄𝑗(1 − 𝑄)(𝑙−1)𝑚−𝑗 ∑ (𝑚
𝑖
)𝑞𝑖(1 − 𝑞)𝑚−𝑖(1 −𝑚

0
(𝑙−1)𝑚
0

𝑖 𝑚⁄ )(1 − 𝜖 + 𝜖(𝑖 + 𝑗) 𝑙𝑚⁄ )      (S1) 

 

where the inner sum iterates over the number of helpers produced in the focal lineage, 

𝑖, and the outer sum iterates over the number of helpers produced in the other lineages, 

𝑗 . In each case, the probability of producing that number of helpers is equal to the 

associated probability in the binomial distribution. These probability terms can be 

simplified with new notation: 𝑓(𝑗) = ((𝑙−1)𝑚
𝑗

)𝑄𝑗(1 − 𝑄)(𝑙−1)𝑚−𝑗; ⁡𝑔(𝑖) =

(𝑚
𝑖
)𝑞𝑖(1 − 𝑞)𝑚−𝑖 . We can simplify Equation (S1) by noting that ∑ 𝑔(𝑖)𝑖𝑚

0 = 𝑚𝑞,⁡⁡

∑ 𝑔(𝑖)𝑖2𝑚
0 = 𝑚𝑞(1 − 𝑞) + 𝑚2𝑞2  and ∑ 𝑓(𝑗)𝑗

(𝑙−1)𝑚
0 = (𝑙 − 1)𝑚𝑄 . This gives 

Equation (1) in main text: 

 

𝑤𝐹𝑅(𝑞, 𝑄) = (1 − 𝑞)(1 − 𝜖 + 𝜖𝑞 𝑙⁄ + 𝜖(𝑙 − 1)𝑄 𝑙⁄ − 𝜖𝑞 𝑙𝑚⁄ ).    (S2) 

 

Let us consider another case: the fitness of a fully random founder in a population 

where all other group founders are fully coordinated specialisers. Because fully 

coordinated founders produce an exact proportion of helpers, 𝑄 , there is only one 

summation in the fitness expression: 

 

𝑤𝐹𝑅(𝑞, 𝑄) = ⁡∑ 𝑔(𝑖)(1 − 𝑖 𝑚⁄ )(1 − 𝜖 + 𝜖(𝑖 + (𝑙 − 1)𝑚𝑄) 𝑙𝑚⁄ )𝑚
0 .   (S3) 

 

By applying the properties of ∑ 𝑔(𝑖)𝑖𝑚
0  and ∑ 𝑔(𝑖)𝑖2𝑚

0 , we get Equation (1) in main 

text again. This is because the lack of higher order terms of 𝑗 in Equation (S1), and 

the first-order summation of random founders, ∑ 𝑓(𝑗)𝑗
(𝑙−1)𝑚
0 = (𝑙 − 1)𝑚𝑄, gives the 

same results of fully coordinated founders (the last term of Equation (S3)).  

 

1.3 Derivation and analysis of the ESS for the target proportion of helpers of fully 

random specialisers 

Since Equation (S2) is a convex function, we solved ⁡
𝑑𝑤𝐹𝑅(𝑞,𝑄)

𝑑𝑞
|𝑞=𝑄=𝑞∗ = 0 to find 



Appendix 1: supplementary information of chapter 2 

 - 144 - 

the 𝑞 where fitness is maximised, 

 

𝑞𝐹𝑅
∗ =

𝑙𝑚(𝜖−1)+𝜖(𝑚−1)

𝜖(𝑙𝑚+𝑚−2)
.        (S4) 

 

By taking partial derivatives of Equation (S3), we find that: increasing essentiality 

(higher 𝜖),⁡and smaller lineages sizes (smaller 𝑚)⁡produce a higher target proportion 

of helpers (larger 𝑞𝐹𝑅
∗ ).  

 

We show below the derivative of the ESS proportion of helpers with respect to 

the number of lineages,⁡𝑙: 

 

𝜕(𝑞𝐹𝑅
∗ )

𝜕𝑙
=⁡

−𝑚(𝜖+𝑚−2)

𝜖(𝑙𝑚+𝑚−2)2
.        (S5) 

 

Given the biological meaningful range of the parameters, 0.5 ≤ 𝜖 ≤ 1 , 𝑙 ≥ 1 , and 

𝑚 ≥ 1, the denominator is always positive and increase with increasing 𝑙. Thus, the 

sign of the first order derivative depends on (𝜖 + 𝑚 − 2), which is positive because 

𝑚 ≥ 2 is the necessity condition for division of labour to take place. In other words, 

whenever division of labour is favoured (𝑞𝐹𝑅
∗ > 0), a higher relatedness (smaller 𝑙) 

leads to a higher target proportion of helpers (larger 𝑞𝐹𝑅
∗ ).  

 

1.4 The fitness of fully coordinated specialisers 

The fitness of founders taking fully coordinated specialisation is relatively straight-

forward, because the exact proportions of helpers can be reached through coordination: 

 

𝑤𝐹𝐶(𝑞, 𝑄) = (1 − 𝜃)(1 − 𝑞)(1 − 𝜖 + 𝜖𝑞 𝑙⁄ + 𝜖(𝑙 − 1)𝑄 𝑙⁄ ),  (S6) 

 

where the first part is the cost of coordination, the second part is the loss from producing 

helpers, and the third part is the baseline fitness and the total amount of help received 

from the social group. Note that the fitness of coordinated founder in a population 

where all other founders take random specialisation is the same, since ∑ 𝑓(𝑗)𝑗/𝑚(𝑙−1)
0

𝑙𝑚 is equal to the last term of Equation (S6), 𝜖(𝑙 − 1)𝑄 𝑙⁄ .  

 

1.5 Derivation and analysis of the ESS for the target proportion of helpers of fully 

coordinated specialisers 

Similar to the optimal target proportion of helpers of fully random specialisers, the 

ESS of fully coordinated specialisers can be found by solving 
𝑑𝑤𝐹𝐶(𝑞,𝑄)

𝑑𝑞
|𝑞=𝑄=𝑞∗ = 0 
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from Equation (S6), 

 

𝑞𝐹𝐶
∗ =

𝜖𝑙+𝜖−𝑙

𝜖(𝑙+1)
,          (S7) 

 

By taking partial derivatives of Equation (S7), we find the same results as 𝑞𝐹𝑅
∗  that: 

increasing essentiality (higher 𝜖),⁡ and increasing relatedness (smaller 𝑙)⁡ produce a 

higher target proportion of helpers (larger 𝑞𝐹𝐶
∗  ). Yet, the target proportion of fully 

coordinated specialisers is independent with lineage size (𝑚).  

 

1.6 Analysing the difference in ESS target proportions of helpers 

From Equation (2) and (4), we can write the difference in target proportions as 𝑞𝐹𝐶
∗ −

𝑞𝐹𝑅
∗ = (𝜖𝑙 + 𝜖 − 𝑙) (𝜖(𝑙 + 1))⁄ − (𝑙𝑚(𝜖 − 1) + 𝜖(𝑚 − 1)) (𝜖(𝑙𝑚 +𝑚 − 2))⁄  . By 

assuming 𝑙𝑚 +𝑚 − 2 > 0 , the condition for division of labour to exist, we can 

simplify the expression as  

 

𝑞𝐹𝐶
∗ − 𝑞𝐹𝑅

∗ =
2𝑙−𝜖(𝑙+1)

(𝜖(𝑙+1))(𝜖(𝑙𝑚+𝑚−2))
,       (S8) 

 

where the denominator is positive, and the numerator is never negative because 𝜖 < 1 

and 𝑙 is at least 1. As a result, the ESS proportion of fully coordinated specialisers is 

greater or equal to which of fully random specialisers (𝑞𝐹𝐶
∗ ≥ 𝑞𝐹𝑅

∗  ). Note that our 

assumption, 𝑙𝑚 + 𝑚 − 2 > 0, is required for division of labour to take place, because 

it is only violated when 𝑙 = 1 and 𝑚 = 1, where there is only one individual in each 

social group. 

 

The result that 𝑞𝐹𝐶
∗ ≥ 𝑞𝐹𝑅

∗  helps to explain the existence of places where neither 

mechanism can invade the other in Fig. 2 of the main text (black regions). The 

boundaries of successful invasion (blue and orange regions) are described in 

Expressions (5) and (6) in main text. Considering the case where coordinated 

mechanism could be selected (𝜃𝑙𝑚 < 1 ), the right-hand side of Expression (5) is 

smaller than or equal to which of Expression (6) by applying 𝑞𝐹𝐶
∗ ≥ 𝑞𝐹𝑅

∗ . Hence, the 

blue and orange regions in Fig. 2 never overlap. 

 

1.6 Comparing the costs of fully random mechanism and fully coordinated mechanism 

From the previous derivation, we can rearrange the fitness function of random 

specialisation as  
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𝑤𝐹𝑅(𝑞, 𝑄) = ⁡ (1 − 𝑞)(1 − 𝜖 + 𝜖𝑞 𝑙⁄ + 𝜖(𝑙 − 1)𝑄 𝑙⁄ ) − (𝜖 𝑙⁄ )𝑞(1 − 𝑞) 𝑚⁄ . (S9) 

 

Then, letting 𝐺(𝑞, 𝑄) = (1 − 𝑞)(1 − 𝜖 + 𝜖𝑞 𝑙⁄ + 𝜖(𝑙 − 1)𝑄 𝑙⁄ ) and 𝑉𝑎𝑟(𝑞) =

𝑞(1 − 𝑞) 𝑚⁄ , we can simplify the fitness functions,  

 

𝑤𝐹𝑅(𝑞, 𝑄) = 𝐺(𝑞, 𝑄) − 𝜖 𝑙⁄ ⁡𝑉𝑎𝑟(𝑞).      (S10) 

 

Since 
𝜕2𝐺(𝑞,𝑄)

𝜕𝑞2
=⁡−

2𝜖

𝑙
, we further simplify the fitness function of random 

specialisation as, 

 

𝑤𝐹𝑅(𝑞, 𝑄) = 𝐺(𝑞, 𝑄) +

𝜕2𝐺(𝑞,𝑄)

𝜕𝑞2
𝑉𝑎𝑟(𝑞)

2
 ,       

= (1 +

𝜕2𝐺(𝑞,𝑄)

𝜕𝑞2
𝑉𝑎𝑟(𝑞)

2𝐺(𝑞,𝑄)
)𝐺(𝑞, 𝑄),         

= (1 − 𝜑)𝐺(𝑞, 𝑄)⁡,         (S11) 

 

where 𝜑 = −

𝜕2𝐺(𝑞,𝑄)

𝜕𝑞2
𝑉𝑎𝑟(𝑞)

2𝐺(𝑞,𝑄)
⁡is the cost of random specialisation. By using⁡𝐺(𝑞, 𝑄), we 

can also rewrite the fitness of fully coordinated specialisers as, 

 

𝑤𝐹𝐶(𝑞, 𝑄) = (1 − 𝜃)𝐺(𝑞, 𝑄),      (S12) 

 

where the cost of coordination is 𝜃 . Note that the two fitness functions may have 

different optimal 𝑞 . Using (S7) and (S8), we can solve for when a coordinated 

specialiser can invade a population of random specialisers by evaluating: 

𝑤𝐹𝐶(𝑞𝐹𝑅
∗ , 𝑞𝐹𝑅

∗ ) > 𝑤𝐹𝑅(𝑞𝐹𝑅
∗ , 𝑞𝐹𝑅

∗ ), giving the condition: 

 

𝜑 > 𝜃,        (S13) 

 

which states that the relative cost of random specialisation (𝜑) must be larger than the 

relative cost of coordination (𝜃).  

 

1.7 Effects of the cost of coordination on invading conditions 

The effect of the cost of coordination (𝜃) on the invasion of coordinated specialisers is 

shown in Fig. S1. When the cost of coordination is larger (higher 𝜃), the parameter 

spaces where fully coordinated specialisation invades becomes smaller and more 
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sensitive to group size (slope decreased); when the cost of coordination becomes 

smaller (lower 𝜃), coordinated specialisers can invade in a broader parameter space 

and the boundary is more sensitive to essentiality of cooperation. Yet, qualitatively 

coordinated specialisation is still favoured when essentiality is high and when groups 

are small (lower right corners of Fig. S1).  

 

 

Figure S1. The effects of cost coefficient of coordination (𝜃) on the invasion conditions in the 

analytical model, where the blue region is the spaces where random specialisation can invade 

coordinated specialisation, the orange region is coordinated specialisation invading random, the black 

region is spaces that neither can invade, and the white region is no division of labour (same as Fig. 2). 

Each panel shows the conditions of a coefficient value. In the main figures, the cost of coordination is 

set to 𝜃 = 0.025 (panel d). Though we only show the analyses of non-clonal groups here, 𝑅 = 0.5, 

the qualitative effect of the cost of coordination is not affected by the relatedness of the population.  

 

2. A more complicated analytical model: Mutant founders invade with their own 

optimal target proportions of helpers 

Here, we derive another analytical model where the invading founder does not take the 

same strategy (i.e., proportion of helpers) as the resident founders. Since the fitness 

functions remain the same, we only show the derivation of invading conditions. The 

main result of this model is presented in Fig. 3 of main text. 

 

2.1 Invasion condition for fully coordinated specialisers invading fully random 

specialisers 

Assuming the mutant and fully coordinated founder is not taking 𝑞𝐹𝑅
∗ , we can find the 

optimal target proportion of helpers of the mutant founder by solving 
𝑑𝑤𝐹𝐶(𝑞,𝑄=𝑞𝐹𝑅

∗ )

𝑑𝑞
=

0,  

 

𝑞̂𝐹𝐶𝐼𝑛𝑣 = (𝑙(2𝑚(𝜖 − 1) − 𝜖 + 2) + 𝜖(2𝑚 − 3)) (2𝜖(𝑙𝑚 +𝑚 − 2))⁄ .  (S14) 

 

After substitution, we have  

 

𝑤𝐹𝐶(𝑞̂𝐹𝐶𝐼𝑛𝑣, 𝑞𝐹𝑅
∗ ) = −(𝜖 − 𝑙(𝜖 + 2𝑚 − 2))

2
(𝜃 − 1) 4𝜖𝑙(𝑙𝑚 +𝑚 − 2)2⁄ , (S15) 
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and  

 

𝑤𝐹𝑅(𝑞𝐹𝑅
∗ , 𝑞𝐹𝑅

∗ ) = (𝑚 − 1)(−𝑙𝑚 + 𝜖)2 𝜖𝑙𝑚(𝑙𝑚 +𝑚 − 2)2⁄ .     (S16) 

 

 By assuming division of labour occurs, 𝑙𝑚 +𝑚 > 2  (see section 1.4 for more 

details), we can simplify the inequality 𝑤𝐹𝐶(𝑞̂𝐹𝐶𝐼𝑛𝑣, 𝑞𝐹𝑅
∗ ) > 𝑤𝐹𝑅(𝑞𝐹𝑅

∗ , 𝑞𝐹𝑅
∗ )  as 

−𝑚(𝜃−1)(𝜖−𝑙(𝜖+2𝑚−2))
2

4(𝑚−1)(𝜖−𝑙𝑚)2
> 1. We solve the roots of 𝜖, 

 

𝜖 <
2(√−𝑙2𝑚(𝑚−1)(𝑙𝑚+𝑚−2)2(𝜃−1)+𝑙𝑚(𝑚−1)(𝜃+1)+𝑙2𝑚(𝑚+𝜃−𝜃𝑚−1))

𝑚(𝜃+𝑙(𝑙−2)(𝜃−1)+3)−4
,   (S17.1) 

𝜖 >
2(√−𝑙2𝑚(𝑚−1)(𝑙𝑚+𝑚−2)2(𝜃−1)−𝑙𝑚(𝑚−1)(𝜃+1)+𝑙2𝑚(𝑚+𝜃−𝜃𝑚−1))

𝑚(𝜃+𝑙(𝑙−2)(𝜃−1)+3)−4
,   (S17.2) 

 

where Equation (S17.2) is in biologically meaningful parameter space and plotted in 

Fig. 3.  

 

2.2 Invasion condition for fully random specialisers invading fully coordinated 

specialisers 

Similar with the previous section, we find the optimal strategy of the mutant founder 

from solving 
𝑑𝑤𝐹𝑅(𝑞,𝑄=𝑞𝐹𝐶

∗ )

𝑑𝑞
= 0, 

 

𝑞̂𝐹𝑅𝐼𝑛𝑣 = (2𝜖𝑚 − 𝜖 − 𝑙(𝜖 − 2𝑚(𝜖 − 1))) (2𝜖(𝑙 + 1)(𝑚 − 1))⁄ .   (S18) 

 

After substituting 𝑤𝐹𝑅(𝑞̂𝐹𝑅𝐼𝑛𝑣, 𝑞𝐹𝐶
∗ ) > 𝑤𝐹𝐶(𝑞𝐹𝐶

∗ , 𝑞𝐹𝐶
∗ ), we have 

(𝜖+𝑙(𝜖−2𝑚))
2

4𝑙2𝑚(𝑚−1)(𝜃−1)
< 1. 

Then we find the roots for 𝜖, 

 

𝜖 < ⁡
2(𝑙2𝑚+𝑙𝑚+√−𝑚(𝑚−1)(𝑙2+𝑙)2(𝜃−1))

(𝑙+1)2
,    (S19.1) 

𝜖 > ⁡
2(𝑙2𝑚+𝑙𝑚−√−𝑚(𝑚−1)(𝑙2+𝑙)2(𝜃−1))

(𝑙+1)2
.      (S19.2) 

 

where Equation (S19.1) is in biologically meaningful parameter space and plotted in 

Fig. 3. 
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3. Additional simulations 

We run a series of supplementary simulations to help understand the behaviour of 

simulations. In section 3.1, we examine the proportion of helpers without the presence 

of coordination and show it is very close to analytical results. Section 3.2 shows the 

difference in analytical and simulative results is resulted from interactions between 

coevolving traits. Section 3.3 tests the robustness of simulations by initiating with 

different proportions of helpers. Section 3.4 uses the same assumption as the analytical 

model that coordination only operates within the same lineage. We explain why 

coordination is less favoured in these simulations. In section 3.5, we test an alternative 

coordination cost design: linear cost and find the results remain qualitatively the same. 

Section 3.6 explains some unexpected patterns of section 3.5. The biological details of 

simulation are described in main text, we also provide pseudocode for the simulations 

run in the main text in section 3.7. 

 

3.1 Evolved proportion of helpers under fully random specialisation 

As additional verification between the analytical model and the simulations, we ran 

simulations where no coordination takes place. In this single-trait evolving scenario, 

we found the evolved proportion of helpers (𝑃̅𝑅𝑎𝑛𝑑) is almost identical with the ESS 

target proportion of helpers (𝑞𝐹𝑅
∗ ) in the analytical model (Fig. S2e-h and Fig. 2i-l).  

 

 

Figure S2. The optimal proportion of helper, or level of cooperation, of fully random specialisers in 

simulations and the analytical model. (a-d) We run single-trait evolving simulation where only target 

proportions of helpers are evolving, while coordination level is fixed at 0. Darker shades mean there are 

more helpers in the steady-state populations. All data are extracted in the last 10% of 105 generation 

simulations with 10 repetitions for each parameter combination and group size is equal to number of 
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lineages times lineage sizes (𝑛 = 𝑙𝑚). (e-h) The corresponding proportion of helpers in analytical model. 

We plot the same 𝑞
𝐹𝑅
∗  as in Fig. 2i-l but in identical way as simulations for better comparison.  

 

3.2 Interactions between coevolving traits explain some discrepancies between 

simulations and analytical results in non-clonal groups 

In main text we found the analytical model and simulations have the same qualitative 

results on optimal mechanisms when groups are clonal (Fig. 2a, Fig. 5a), but there are 

some disagreements when relatedness is 0.5 (Fig. 2b; Fig. 5b). These differences can 

arise from potential interactions between the coevolving helper proportion and the level 

of coordination, because one trait controls the average number of helper whereas the 

other trait controls the variation in number across groups. Thus, we run a set of 

simulations with the proportion of helpers fixed at the ESS of fully random specialisers 

(𝑞𝐹𝑅
∗ ), and only evolving levels of coordination.  

 

The single-trait simulations have very similar pattern to which in analytical models 

(Fig. S3b; Fig. 2b; Fig, 3b). In particular, high levels of coordination (𝑆̅ ) are only 

evolved in small groups (𝑛) (Fig. S3b), whereas the coevolved simulations show high 

coordination when essentiality (𝜖 ) is high, regardless of group size (Fig. S3a). In 

addition, we also found the proportion of helpers (𝑃̅ ) in single-trait simulations are 

higher than which in coevolving simulations (Fig. S3c-d). Altogether, these results 

suggest interactions between coevolving traits are likely to be the cause of different 

patterns.  
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Figure S3. Comparison of coevolving and single-trait-evolving simulations in non-clonal population (R= 

0.5). The first row is the coevolved or evolved level of coordination (a-b) and the second row is the 

coevolved or phenotypically expressed proportion of helpers (c-d). Importantly, the right column shows 

the result where target proportion of helper (𝑞) is set at the ESS of random specialisers (𝑞 = ⁡𝑞𝐹𝑅
∗ ) and 

helper proportion is not evolving. On the other hand, panel a and c are identical with panel b and f of Fig. 

5, where both coordination and proportion are evolving. Similar to Fig. 5, coordination levels with 

proportion of helper less than 0.025 are shown in white as we regard it as no division of labour being 

favoured and group size, 𝑛, is equal to number of lineages (𝑙) times lineage size (𝑚). 

 

3.3 Sensitivity analysis of initial target proportion of helpers 

Simulations of various initial target proportions of helpers (𝑞) all show very similar 

patterns in both coevolved proportions of helpers as well as coevolved coordination 

levels (Fig. S4). These results suggest the initial proportions do not change the outcome 

of coevolving traits.  
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Figure S4. The coevolved coordination level and proportion of helpers under various initial states in 

clonal population (R=1). Simulations are initiated with target proportion of 0.5 (a), 0 (b), and ESS 

proportions of fully random specialisers (c). All coevolving simulations in the main text and 

supplementary information have the initial proportion of helpers is 0.5 if not stated otherwise.  

 

3.4 Simulations where individuals only coordinate with clonemates 

Let us consider a simulation closer to our analytical model: group members can only 

be coordinated with individuals of the same lineage (from the same founder). The 

simulations show both coordination level (𝑆𝑐̅𝑜𝑒𝑣) and proportion of helpers (𝑃̅𝑐𝑜𝑒𝑣) are 

lower (Fig. S5) comparing to the cases where individuals can be coordinated with the 

entire group (Fig. 5).  

 

This difference happens because the analytical model assumes group size is large 

and coordinated specialisation can reach exact optimal proportion of helpers. However, 

the simulations the available proportion of helpers becomes more discrete as group size 

becomes smaller. That is, for a given group size 𝑛, there are only (𝑛 + 1) achievable 

proportions of helpers (𝑥 𝑛⁄ ; {𝑥 ∈ ℕ|⁡0 ≤ 𝑥 ≤ 𝑛)). If the group size is held constant, 

the minimal non-zero coordinated proportion of helpers increases (𝑙 𝑛⁄ ) with decreasing 

relatedness. Thus, given that the ESS proportion of helpers is known to decrease with 

decreasing relatedness (section 1.6) whereas the minimal possible level of coordination 

is increasing, coordinated specialisation is less favoured because desired proportion 

cannot be reached through coordination.  
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Figure S5. The coevolved coordination level and proportion of helpers in the simulations when 

coordination only takes place within lineage, which contains the individuals originated from the same 

founder in the social group. (a-d) The evolved coordination level plotted against the essentiality of 

cooperation (x-axis) and group size (y-axis). Each panel represents the results of different relatedness 

setting. The blueish colours represent the evolved mechanism of division of labour is closer to random 

specialisation, whereas the orangish colours represent the evolved mechanism is closer to coordinated 

specialisation. Each grid is an average of 10 repeated simulations where the average is taken from the 

last 10% of 105 generations. (e-h) The evolved proportion of helpers. Darker shades mean there are more 

helpers in the population. Coordination levels when proportion of helpers is below 0.025 is not plotted 

as we regard it as no division of labour. 

 

3.5 Linear coordination cost 

Here, we apply a simpler cost design where the cost of coordination increases 

proportionally with coordination level, 𝑐𝑜𝑠𝑡(𝑠) = 𝜃𝑠 . In terms of the effects of 

relatedness, the results (Fig. S6) are generally similar with which of decelerating 

coordination costs (Fig. 5). Yet, the linear cost simulations have more gradual 

transitions of coordination levels (Fig. 5a and S6a). In addition, proportion of helpers 

is lower in the linear cost simulations (Fig. 5e-h and S6e-h).  
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Figure S6. The coevolved level of coordination and proportion of helpers in the simulations when 

coordination cost is linear. The top panel shows the comparison of cost functions for coordination, where 

the linear cost is used in SI section 3.5-3.6; the accelerating cost is used in SI section 3.7; and the 

decelerating cost is used in all other simulations.  

 

3.6 Single trait evolution versus two traits coevolution under linear cost 

Despite the similarity, there are some qualitative discrepancies between the two 

simulations of linear and decelerating coordination cost. That is, we found high levels 

of coordination (𝑆̅ ) when essentiality (𝜖 ) is around 0.6 in clonal groups (Fig. S7a; 

identical to Fig. S6a), which is not found in simulations with decelerating cost of 

coordination (Fig. 5a).  

 

Similar to section 3.2, we suspected this unexpected pattern arises because of the 

potential interactions between the coevolving traits and ran another set of simulation 

where proportion of helpers is not evolving. Since we are interested in the cases where 

coordinated specialisation evolving from random specialisation, we fix the target 

proportion of helpers at the ESS proportion of random specialisers (Fig. S2) and let 

coordination level be the only evolving trait. The single-trait simulations show similar 

pattern to coevolving simulations with decelerating cost of coordination (Fig. S7b; Fig. 

5a). On the other hand, there is no big difference in proportion of helpers between 
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single-trait and coevolving simulations (Fig. S7c-d). This is because proportion of 

helpers has a larger impact on the individual fitness and thus is less likely to deviate 

from analytical results (Equation (10) and Fig. 4). All in all, our results of evolving 

coordination simulations suggest interactions between traits are likely to be the cause 

of the unexpected pattern.  

 

 
Figure S7. Comparison of dynamics between coevolving traits and single-evolving trait when the cost of 

coordination is linear. Similar to Fig. S3, the first row is the level of coordination (a-b) and the second 

row is the proportion of helpers (c-d). Importantly, the right column shows the result where target 

proportion of helper (𝑞) is set at the optimum of random specialisers (𝑞 = ⁡ 𝑞̅𝑟𝑎𝑛𝑑; Fig. S2a): evolved 

level of coordination is shown in panel b and the phenotypic proportion of helper from fixed target 

proportion is shown in panel d. On the other hand, panel a and c are identical with panel a and e in Fig. 

S6, where both coordination and proportion are evolving.  

 

3.7 Single trait evolution versus two traits coevolution under accelerating cost 

When the cost for coordination is accelerating, it implies low levels of coordination 

would have a very similar cost to no coordination and reaching perfect coordination is 

very costly. As a result, we see coordination level is higher than which in linear or 

decelerating cost in general, but regions with full coordination is fewer (Fig. S8; in 

comparison with Fig. S3 and S7). Nevertheless, the parameter spaces with small group 

size and high essentiality still have greatest level of coordination (group size of 4 and 

essentiality of 1). In addition, we found interactions between coordination and target 

proportion of helpers affect the evolved level of coordination, and the unexpected 

pattern disappears when only coordination is evolving (Fig. S8a-b).  
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Figure S8. Comparison of dynamics between coevolving traits and single-evolving trait when the cost 

of coordination is accelerating. See Fig. S3 for plotting details. 

 

3.8 Pseudocodes of the simulations 

Pseudocode is provided below, please check data availability section of main text for 

the link to source codes. 

 

// Initialisation 

Define the essentiality of cooperation (𝜖), number of lineages (𝑙), group size (𝑙𝑚), cost 

coefficient of coordination (𝜃), mutation rate (𝑝
𝑚𝑢𝑡

), and the distribution of the deviations of 

mutated traits; 

Population size= 𝑙𝑚⌈104 𝑙𝑚⁄ ⌉; Number of groups= ⌈104 𝑙𝑚⁄ ⌉; 

Create the population matrix [number of groups, group size, list of individual properties]; 

Create the coordination matrix [group size, group size]; 

Create the list for storing fitness [population size]; 

Initialise each individual with desired values in the list of individual properties: target proportion 

of helper (𝑞), coordination level (𝑠), and division type (ℎ). Initial population has uniform trait 

values; 

 

// Main iteration 

For each generation (1 till 105) { 

For each group (1 till number of groups) { 

// Coordination 
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For each individual (1 till group size) { 

Determine whether other individuals are coordinated with focal individual, 

probability is the coordination level of focal individual; 

} 

// Dividing labour 

For number of sampling (1 till 5* group size) { 

Sample one individual from the group; 

Observe the developmental plans of coordinated group members of the focal 

individual and get its observed proportion of ‘intended helper’; 

If (observed proportion is lower than target) change developmental plan to helper; 

If (observed proportion is higher than target) change developmental plan to 

reproductive; 

} 

// Fitness calculation 

Get the number of helpers of the group; 

Calculate the fitness of each individual in the focal group; 

} 

// Reproduction and mutation 

For each group (1 till number of groups) { 

 For number of founders { 

Sample one individual from current population, probability is weighted by relative 

fitness; 

If (mutation of a trait, target proportion of helpers or level of coordination, occurs){ 

 Sample the size of mutation from the distribution; 

 Change the trait value; 

 Boundary check and fix values at 0 or 1 if exceeded; 

} 

Paste trait value to the future founder; 

 } 

 // Initialising the next population 

Create the future group of individuals from the founders: if there is no remainder for group 

size divided by the number of founders, each proportion of individuals inherit the traits 

from one founder. If there is a remainder, the remainders’ traits are obtained from randomly 

sampled founders; 

} 

// Recording 

Calculate the average trait values and phenotype values of the population; 

// Replacing the population 
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Overwrite the population matrix with the created population from reproduction section; 

} 

Clear memory; 

End of simulation; 
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Electronic supplementary materials 

1. Supplementary Figures 

 

 

Fig. S1. Additional analysis of temperature time series in Fig. 1, where panels a, e, 

h are identical to panel a, d, g in Fig. 1. b, Another way of analyzing time series is 

that the temperature time series can be decomposed into waves of different frequencies 

through fast Fourier transformation. c, For each wave, the amplitude and frequency are 

plotted as points on a continuous spectrum that characterizes the temperature time series. 

d, We also provide partial autocorrelation functions, a different way of calculating 

autocorrelations. e-j, The same analyses for the other two time series. In the fast Fourier 

transformations, the spectrum of the first time series (c) is shown in grey for comparison. 

In the last partial autocorrelation function (j), we show time lags up to 71 time-units 

need to be included in the analysis; because 71 is the biggest lag that could have 

substantial autocorrelation, and it also correspond to the duration of updating long-term 

variation (𝛿 = 70,⁡see Method for more information).  
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Fig. S2. The effects of simulation durations on species coexistence. We increase the 

durations in log scales, where the simulation lasts from the same as the main figures 

(20,000 time units), to 10 times longer, and to 100 times longer from left to right. 

Brighter color indicates more proportion of the simulations show species coexistence. 

Note that the y-axis does not represent different size of variability, but different ratios 

of long- and short-time variations. Hence, the variability is held the same, 

(𝜎𝑙𝑜𝑛𝑔 − 0.5)2 + (𝜎𝑠ℎ𝑜𝑟𝑡 − 0.5)2 = 400 (same as Fig. 3). 

 

 

Fig. S3. The persistence probability of single species when there is only one species 

present in simulations. Brighter colors indicate higher ratio of persisting to the end of 

simulation (20,000 time units). Parameter settings are the same as Fig S2a. 
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Fig. S4. The invasion analysis. We initialized simulations with different combinations 

of population sizes: a, Both species have the same initial population size, as in main 

figures. b, Species 1 comprises of 10% of the initial population. c, Species 2 comprises 

of 10% of the initial population. Note that the y-axis is different combinations of long- 

and short-term variations where the sum of standard deviation is held constant. These 

changes in initial population does not change patterns of coexistence. 

 

 

Fig. S5. The potential effects of generation time on population dynamics. We use 

two methods to evaluate the possible outcome: (a-c) the scale of intrinsic growth rate, 

and (d-f) the frequency of updating population size.  
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