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Abstract9

When it comes to understanding the role that population structure plays in shaping rates of evolution, it10

is commonly accepted that interference between evolutionary innovations is more prevalent in structured11

populations compared to well-mixed, and that population structure reduces the rate of evolution, while12

simultaneously promoting maintenance of genetic variation. Prior models usually represent population13

structure using two or more connected demes or lattices with periodic boundary conditions. Fundamen-14

tally, the observed spatial evolutionary slow-down is rooted in the fact that these types of structures15

increase the time it takes for a selective sweep and therefore, increase the probability that multiple16

beneficial mutations will coexist and interfere. Here we show that systematically introducing more het-17

erogeneity in population structure can reshape these prior conclusions and lead to a much wider range of18

observed evolutionary outcome, including increased rates of evolution. At a big picture level, our results19

showcase that the evolutionary effects of population structure crucially depend on the properties of the20

topology considered. Understanding these spatial properties is therefore requisite for making meaningful21

evolutionary comparisons across different topologies, for forming sensible null expectations about ex-22

perimental or observational data or for developing an intuition for when well-mixed approximations, or23

approximations done using spatial models with a high degree of symmetry, might not apply.24
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Introduction27

The ability to efficiently accumulate beneficial mutations and innovations shapes a population’s adaptation28

and rate of evolution (Blokzijl et al., 2016; Bonnet et al., 2022; Markov et al., 2023). As beneficial mutants29

appear and rise in frequency in the population, competition between them can cause some of these evolution-30

ary innovations to go extinct, impeding the evolutionary process. This is why interference between clones31

and its effects on rates of evolutionary dynamics has been the subject of substantial interest since the 1930s,32

when both Fisher (1930) and Muller (1932) first noted its potential importance (Fisher, 1930; Muller, 1932).33

In the well-mixed population limit, for a single asexual population assumed to climb a hill in fitness space,34

the amount of variation in fitness accumulating and competing within the population has been shown to be35

determined by a balance between selection, which destroys variation, and beneficial mutations, which create36

more. This balance depends on the population parameters: the population size, the beneficial mutation rate,37

and the distribution of the fitness increments of the mutants, with predicted adaptation speeds scaling with38

the logarithm of population size and mutation rate (Desai and Fisher, 2007; Rouzine et al., 2003; Brunet39

et al., 2008; Rouzine et al., 2008).40

When it comes to understanding the role that population structure plays in shaping clonal interference41

and rates of evolution, it is commonly accepted that interference is more prevalent in structured popula-42

tions compared to well-mixed, and that spatial or population structure reduces the rate of evolution, while43

simultaneously promoting maintenance of genetic variation (Martens and Hallatschek, 2011; Martens et al.,44

2011; Kryazhimskiy et al., 2012; Gordo and Campos, 2006). Prior models usually represent population struc-45

ture using two or more connected demes or linear and hexagonal lattices with periodic boundary conditions46

(Martens and Hallatschek, 2011; Martens et al., 2011; Otwinowski and Krug, 2014). Fundamentally, the47

observed spatial evolutionary slow-down is rooted in the fact that these types of regular, symmetric spatial48

structures increase the time it takes for a beneficial mutant to sweep to fixation and therefore, increase the49

probability that multiple beneficial mutations will coexist, compete and interfere. This also allows the pop-50

ulation to maintain genetic diversity for longer in the face of selection (Wakeley, 1998; Cherry and Wakeley,51

2003; Schneider et al., 2016).52

Here we ask if introducing more heterogeneity in the population structure considered can reshape these53

2

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 23, 2025. ; https://doi.org/10.1101/2025.02.22.639636doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.22.639636
http://creativecommons.org/licenses/by-nc/4.0/


prior conclusions and lead to evolutionary outcomes not yet observed. As we move away from the limit of54

lattices and other isothermal structures (Lieberman et al., 2005; Kuo et al., 2024; Kuo and Carja, 2024a),55

with high levels of symmetry and regularity, do we still observe the spatial evolutionary slow-down, or are56

there structures that can, in fact, decrease interference and speed up rates of adaptation? Knowing how57

the effects of population structure depend on the properties of the topology considered is crucial for making58

meaningful comparisons across different structures (Poon et al., 2021) and for developing an intuition for59

when and why well-mixed approximations, or approximations and inferences done using models with a high60

degree of spatial symmetry, might not apply.61

To represent more heterogeneous population topologies, we use networks as mathematical proxies for the62

structure of reproduction and replacement of a population and we systematically study how the accumulation63

of beneficial mutations depends on the graph’s properties. The nodes of the graph can be assumed to64

either constitute individuals in the population, with edges representing the local pattern of replacement and65

substitution, or subpopulations connected by edges as migration corridors. Networks make for a natural and66

versatile mathematical representation of heterogenous population structure because they allow for continuous67

tuning of the complexity of the population topology: the limit of a well-mixed population can be represented68

using the complete graph, other regular structures, such as lattices, can be represented using k-regular graphs69

and, through repeated and systematic deletion or addition of links between nodes, we have a lot of control70

over the topological properties we want to design and study.71

Another benefit of using the mathematical proxy of networks is the existence of a previous body of72

theoretical work focused on the study of how graph structure shapes evolutionary dynamics (Lieberman73

et al., 2005; Antal et al., 2006; Frean et al., 2013; Monk et al., 2014; Pavlogiannis et al., 2017; Sharma74

and Traulsen, 2022; Svoboda et al., 2024; Kuo et al., 2024; Kuo and Carja, 2024b,a). Prior models have75

shown that the addition of heterogeneity to population structure can greatly extend the range of possible76

evolutionary outcome for a single new mutant entering the population. For example, under the assumptions77

of the standard Moran model, there exist graphs that can change the reproductive success and probabilities78

of fixation of a new mutant, in contrast to what had been observed using symmetric deme-based and lattice-79

based structures (Wright, 1943; Kimura and Weiss, 1964; Carja et al., 2014; Maruyama, 1970; Slatkin, 1981;80

Whitlock and Barton, 1997; Whitlock, 2003; Cherry and Wakeley, 2003) and graphs can be classified into81

three different categories: amplifiers, isothermal (a class which includes lattices and other regular structures)82

and suppressors topologies (Adlam et al., 2015; Hindersin and Traulsen, 2015; Allen et al., 2021; Tkadlec83

et al., 2020; Kuo et al., 2024; Kuo and Carja, 2024b,a). At a big picture level, this is because, heterogeneity84
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in a node’s number of neighbors creates heterogeneity in node reproductive advantage, with some node85

individuals more likely to reproduce than others and some more likely to die (Kuo and Carja, 2024a; Kuo86

et al., 2024; Kuo and Carja, 2024b).87

While network representations can be very versatile, they can also present significant challenges. One88

of the main obstacles to theoretical progress in evolutionary graph theory has been the analytical difficulty89

of multidimensional stochastic models, and most previous results have been restricted to studying times90

and probabilities of fixation for a single new mutation appearing on the graph (Hindersin and Traulsen,91

2015; Allen et al., 2021; Tkadlec et al., 2020). These previous single-mutation frameworks can only be used92

to predict sequential fixation dynamics, in the limit of small mutation rates, when there are at most two93

variants present in the population. Due to the difficulty of obtaining closed form solutions, prior models94

usually also studied one network family at a time, making their conclusions seem unrealistic for most datasets95

and difficult to apply to inferred, previously unseen structures that might not conform to a pre-defined class96

(but see Kuo and Carja (2024a); Kuo et al. (2024); Kuo and Carja (2024b)).97

Another challenge stems from the fact that the flexibility of networks can also make them mathematically98

’messy’, they can have tens of properties that can be quantified (from diameter, to clustering coefficient,99

to transitivity, degree distribution, amount of bottlenecks) and most of these properties are hard to study100

independently from one another. However, in previous work we have designed algorithms to control one101

network property at a time and have shown that graphs are not as difficult to study as they may seem.102

We have shown that we can make significant analytical progress by computing and understanding two main103

evolutionary properties of the networks: the amplification factor and the acceleration factor (Kuo and Carja,104

2024a). The amplification factor essentially quantifies by how much the network topology can increase105

fixation probabilities of new beneficial mutants, compared to a well-mixed population, while the acceleration106

factor quantifies by how much the topology speeds up or slows down their spread through the population.107

By designing a model which combines evolutionary graph theory and mutational interference theory, our108

results here provide new insights in each respective field. In agreement with previous lattice and deme-based109

models, our results show that degree-homogeneous network structures (k-regular graphs) reduce the rate of110

beneficial mutation accumulation, by slowing mutant fixation and allowing for other mutants to arise and111

interfere with the existing ones. However, in contrast with previous models, we show that, as we move away112

from the limit of k-regular graphs, more heterogenous topologies can reduce rates of interference and increase113

the rate of accumulation of beneficial mutations.114

For example, accelerator graphs, by speeding up mutant fixation, can decrease rates of clonal interference115
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(Figure 1A). Similarly, suppressor topologies, where beneficial mutants are less likely to survive stochastic116

drift and probabilities of fixation of beneficial mutations are reduced, can also reduce the probability that117

multiple established mutant lineages interfere with one another. We refer to this effect as the benefit of118

suppression. Conversely, one can think of this as the cost of amplification, since amplifier topologies, by119

increasing the spread of new beneficial mutants, can lead to higher rates of interference and slow down the120

evolutionary process (Figure 1B). When does this cost of amplification exceed their benefit of increased121

probabilities of beneficial mutant fixation? The answer is not straightforward, since most networks affect122

both probabilities and times to fixation and it is ultimately the interplay of both that shapes rates of evolution123

(Hindersin and Traulsen, 2014; Tkadlec et al., 2019; Kuo and Carja, 2024b,a).124

To quantitatively answer these questions and rigorously understand the role of network structure in125

shaping mutation accumulation, we derive analytic expressions for the rate of evolution in terms of the two126

evolutionary network properties, amplification and acceleration, and show that these approximations are127

sufficient for obtaining a unified understanding of the role of heterogeneous population topology in shaping128

evolutionary dynamics. We also derive the fundamental theorem of natural selection that links the speed of129

evolution to genetic variation (Fisher, 1999) for population topologies of arbitrary heterogeneity.130

Lastly, we discuss how to apply these network-based approaches to large-scale datasets of biological and131

social organization. We study the rate of evolution in two natural systems with drastically different spatial132

architectures and organization, a cellular and a social system. Our results show that both cellular and133

social architectures reduce the rate of innovation accumulation under biologically relevant mutation rates,134

compared to well-mixed populations. However, the two spatial structures show very different behavior when135

it comes to the mutational variation in the population. Cellular networks tend to have the same or lower136

mutation variation as the well-mixed population. In contrast, social networks promote maintenance of higher137

levels of cultural diversity. If we hypothesize that these networks are themselves shaped by natural selection,138

our results hint at a potential tug-of-war between optimizing for speed or variation in these systems. Overall,139

our results provide the foundation for further exploration of the role of heterogeneous spatial topology in140

shaping the dynamics of adaptation.141

Model142

To study how heterogenous population structure shapes patterns of genetic variation and long-term rates of143

adaptation in the concurrent mutations regime, we study an asexual population of N haploid individuals.144
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We use the infinite sites mutation model (Kimura, 1969), and assume that 1) there are b beneficial sites145

where mutations can occur, 2) b is assumed to be very large such that no two mutations occur at the same146

site, and 3) there is no recombination. New beneficial mutations appear at a rate µ per site and we study a147

model in which each beneficial mutation has the same effect, s, on fitness (i.e., each fitness step uphill is of148

the same size). The total beneficial mutation rate per replication is therefore U = µb. There are no epistatic149

interactions between mutations, such that fitness is multiplicative and an individual with l mutations has150

reproductive fitness of (1 + s)l ≈ 1 + ls, for s ≪ 1. Two mutants can have the same number of mutations, l,151

at different sites. For the purpose of this paper, we refer to them collectively as l-mutants, or in the l-mutant152

class. The interference process in our model is more closely related to the one in Desai and Fisher (2007) than153

to the one in Gerrish and Lenski (1998), since s is a constant and not drawn from a probability distribution.154

We focus on the effects of positive selection and neglect neutral or deleterious mutations, since even this155

simplest possible model with many equal-strength beneficial mutations is not understood and provides an156

initial first step towards developing a multi-mutation theory.157

To represent heterogeneous population spatial structure, we use unweighted and undirected graphs, where158

each node in the graph represents one individual in the population and edges are proxies for the local pattern159

of reproduction and replacement. We can also interpret a node as a homogeneous subgroup of individuals160

and the edges as migration corridors between them, with the assumption that the timescale of a mutation161

traveling between nodes is much larger than the timescale of fixation within a node. We use a Moran Birth-162

death (Bd) process to track mutant frequency changes on the network (Figure 1C). The Birth-death process163

assumes that, at each time step, an individual from the population is selected to reproduce proportional to164

fitness and a random neighbor node is selected to die, leaving an unoccupied node for the offspring of the165

reproducing node. This is the essential difference that allows us to study the role of local population structure,166

in comparison to a well-mixed population: in a well-mixed population, a node from the entire network would167

be randomly selected for death. Each time an individual is selected to reproduce, with probability U , it can168

acquire an additional beneficial mutation and we make the arbitrary choice to assign the mutation to the169

initial reproducing node.170

We study the role of population structure in shaping rates of evolution by analyzing how graph properties171

determine the speed at which the population accumulates beneficial mutations. We use graph generation172

algorithms implemented in NetworkX (Hagberg et al., 2008) and analyze a wide variety of graph families173

including preferential attachment graphs (Barabási and Albert, 1999), Erdős-Rényi graphs (Erdős and Rényi,174

1960), bipartite graphs (Asratian et al., 1998), small world networks, used to model properties of social175
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Figure 1: For beneficial mutations to accumulate, they must both arise and fix in a population. Heterogeneity
in the structure of reproduction and replacement can affect both the probability and time of spread of new
mutations in the population and can thus reshape clonal interference and rates of evolution. Panel A.
Intuition on how topologies that decelerate mutant spread can increase rates of clonal interference. Two
different scenarios are shown. Top: Assume an accelerator network. As beneficial mutations enter the
population, their time to fixation is on average smaller than the waiting time for a new mutation to appear
and mutations sweep sequentially, with little clonal interference. Bottom: For the same mutation rate, a
population structure that increases the time to fixation of new beneficial mutants (decelerator structures),
such that it becomes longer than the expected time of new mutants entering the population, can lead to more
clonal interference. As a consequence, established beneficial mutations can be wasted (B mutants) unless
they happen to occur on the background of the winning clone (C mutants). Panel B. Intuition on how
topologies that amplify mutant spread can increase rates of clonal interference. Heterogeneous population
topologies can change the establishment probability of beneficial mutants entering the population, leading to
two drastically different adaptation scenarios. (Top) Lower establishment probability leads to a sequential
fixation regime. (Bottom) For the same mutation rate, amplifier structures, which increase probabilities
of mutant establishment and fixation, can lead to higher rates of clonal interference. Panel C. The Bd
(Birth-death) update rules with constant supply of mutation. At each time step, in the Moran process, a
node is selected for birth proportional to fitness (birth step, green node). The offspring replaces a randomly
selected neighbor node (the death step). A mutation occurs with probability U and is assigned to the initial
birth node (yellow node). The offspring of the initial node replaces the node selected for death.
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networks (Watts and Strogatz, 1998), and random geometric networks, mathematical representations of176

populations embedded in Euclidean space (Waxman, 1988; Penrose et al., 2003).177

In order to design network topologies with pre-determined properties, that might not belong to these178

graph families, we use algorithms we have previously described that allow us to systematically tune network179

parameters independently of one another (Kuo et al., 2024; Kuo and Carja, 2024b). In previous work we180

have shown that, for single mutations, the evolutionary role of complex spatial structure can be quantified181

by analyzing two essential network properties: the network amplification factor, which shapes probabilities182

of fixation compared to well-mixed populations (Kuo et al., 2024; Kuo and Carja, 2024a) and the network183

acceleration factor, which shapes the time to fixation for new mutations in the population (Kuo and Carja,184

2024a,b). The network amplification factor α quantifies how to rescale the selection coefficient s for the185

well-mixed model to obtain the same probability of fixation as an allele with selection coefficient s on a186

network population. In other words, a mutation with a selective benefit s in a graph population, would have187

a probability of fixation corresponding to an equivalent selection coefficient αs in a well-mixed population.188

If α > 1, the graph amplifies selection, if α < 1 the graph suppresses selection and if α = 1 the graph does189

not change probabilities of fixation compared to the well-mixed. Similarly, we previously introduced the190

network acceleration factor, λ (Kuo and Carja, 2024b), and showed that this network property shapes times191

to fixation, making the evolutionary dynamics λ times faster than in a well-mixed population, for λ > 1.192

The networks we use here allow us to continuously vary these two parameters and investigate their distinct193

roles in shaping evolutionary dynamics. We present a detailed list of the graphs used in this study, as well194

as details on the computation of graph properties studied in the Materials and methods section.195

In addition to the two main evolutionary parameters of spatial structure, the three other important196

parameters in this model are the fitness increase provided by each mutation, s, the population size, N and197

the beneficial mutation rate per individual per generation, U . In what follows, we write analytic predictions198

for the speed and rate of evolution and the mutational variation as functions of these five parameters (as well199

as other statistical properties of the spatial structure) and compare these analytic predictions with results200

from Monte Carlo simulations. These analytic results allow us to generalize our insights beyond the graph201

families and simulations discussed here.202

For the simulations, we initialize all nodes to be wild-type, with zero mutations. We run the simulation203

until steady state, where the loss of less fit clones due to drift and selection balances out the supply of new204

beneficial mutations that survive drift. We find that N(N−1) Birth-death steps after the first mutant appears205

is enough to achieve this, since N(N − 1) is the mean conditional extinction time of the wild-type under206
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neutral selection (Ewens, 2004). After the simulation reaches the steady state, we set t = 0 and the lowest207

non-extinct fitness class as the new "0"-mutant, and we begin tracking the average number of mutations208

gained in the population. We also track the variance in the number of mutations in the population. We209

simulate 1000/µ steps after steady state is reached, which is the expected time for 1000 additional mutations210

to appear in the population. We run at least 1000 simulations for any given network structure and average211

the trajectories to obtain the mean and the variance of the number of mutations in the population. This212

ensures our results are averaged over at least ∼ 105 mutations.213

Figure 2A shows example average trajectories for the mean mutation count, accumulating linearly, after214

steady state has been reached. We use the slope of the trajectory as a measure of how fast the population215

is accumulating mutations and define this as the speed of evolution, V . We define the normalized rate of216

evolution, v, as (NU)−1V . While the speed of evolution V informs on how fast a population accumulates217

mutations, it does not directly inform whether interference between mutations is occurring. The rate of218

evolution v, on the other hand, quantifies, on average, by how much every mutation entering the population219

increases the number of accumulated mutations in the population. Since time is measured in units of220

generations divided by NU , in Figure 2A the slope of the average mutational trajectory is equivalent to221

v. In the limit of weak mutation, v represents the probability of fixation. As the mutation rate increases, v222

becomes smaller than the probability of fixation, since multiple lineages that are supposed to fix collide with223

one another, resulting in the loss of mutations, as seen in the decrease in slope with increasing mutation224

rate (Figure 2A). The mutational variance σ2 is determined by taking the variance in mutation number at225

every time step and averaging across all time steps and simulations.226

Results227

We first outline the key analytical steps of our approach and show that the effect of network structure228

on the dynamics of mutation accumulation can be rigorously described using just the two main network229

evolutionary properties: the network amplification factor, α, and network acceleration factor, λ. The full230

analytical derivation is described in the Supplementary Material. In the following sections, we make231

comparisons between our analytic results and simulations and discuss the roles of each of these two network232

parameters independently, as well as evolutionary dynamics uniquely resulting from their interplay.233
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Intuitive heuristics and outline of analytical derivations234

Our analytical approximations rely on the diffusion approximation (Crow et al., 1970; Gardiner, 2009).235

Due to the added complexity of the network pattern of replication and replacement, direct application of236

diffusion can be mathematically very difficult. Prior analytic approaches developed for evolutionary dynamics237

of single mutants have used the adjacency matrix of the network (which uniquely identifies the graph) to238

track transition probabilities in mutant frequency (Hindersin et al., 2016). These approaches however become239

intractable for even small network sizes, since they would involve analysis of a stochastic process with bN240

states, where b is the number of sites with beneficial mutations.241

The approach we take here, and the core idea behind our approximation, is that we can greatly reduce242

the complexity of the problem by representing the network using its node degree distribution. We track243

mutant frequencies across groups of nodes of the same degree and essentially transform the problem into a244

finite island population type model. While the degree distribution might not uniquely represent the network245

and some of the graph information is lost, this approach nonetheless shows great fit to the simulation results246

and, importantly, greatly reduces the number of possible states in the Moran model, making it applicable247

for networks of thousands of nodes and high degree of heterogeneity.248

Our analysis is split into two parts. In the first part (Supplementary Material Sections 1.1 and249

1.2), we first show that if we assume nodes of the same degree in the network to be "evolutionarily" identical250

and group them together, we can derive the expected change in mutant frequencies, for each group of nodes.251

To this end, we first observe that, since wild-type to mutant replacements depend on the number of edges252

between mutants and wild-type individuals, we can write this expected change in mutant frequencies as a253

function of the frequencies of the different edge types possible in the graph. After deriving the expected254

change in edge-type frequencies, we show that, if we assume weak selection and weak mutation, the l-mutant255

frequencies for each group of nodes with distinct degree evolve to the same quasi-equilibrium frequency.256

We define this quasi-equilibrium frequency as xl, which depends on the initial l-mutant placements on the257

network. The quasi-equilibrium edge frequencies also depend on xl. Selection and mutation, however, will258

slowly alter this quasi-equilibrium.259

In the second part of the analysis (Supplementary Material Sections 1.2 to 1.6), we write the260

stochastic differential equation describing the evolution of the mutant frequencies. To do so, we replace261

the quasi-equilibrium l-mutant frequencies xl with their stochastic counterparts, random variables Xl,t. The262
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collection of random variables Xt = X0, · · · , Xl, · · · , Xb evolves according to263

dXl,t

dt
= αλs(l − l̄)Xl,t − U(Xl+1,t −Xl,t) +

√
λVl(Xt) · ξ, (1)

where l̄ is the mean number of mutations in the population, Vl = Vl0, · · · , Vlm is the correlation in frequency264

change with other mutants, and ξ is a multivariate Gaussian noise variable.265

In the limit of weak mutation, when there are at most two fitness classes present in the population,266

equation (1) recaptures results in evolutionary graph theory with one spreading mutant, showcasing the267

independent effects of the two network parameters α and λ. To show this, let us assume the fitter mutant268

class has frequency Xt and the less fit class (1−Xt). Equation (1) reduces to269

dXt

dt
= αλsXt(1−Xt) +

√
2λ

N
Xt(1−Xt)ξ, (2)

where ξ is Gaussian noise. Solving the Kolmogorov backward equation (Crow et al., 1970) yields the proba-270

bility of beneficial mutant fixation271

Pfix, Graph(s) =
1− (1 + s)−α

1− (1 + s)−αN
(3)

and, for weak selection, the conditional mean time to fixation can be written as272

Tfix, Graph(s = 0) = λ−1N(N − 1). (4)

Equation (3) recaptures α as the amplification parameter, with the mutant on a graph G having the same273

fixation probability as a mutant with selection coefficient αs in a well-mixed population. Similarly, the274

graph accelerates the conditional mean time of mutant fixation by a factor of λ, compared to a well-mixed275

population. While we have previously shown that the amplification and acceleration factors have closed-form276

approximations using network descriptors, such as the mean and variance in degree (Kuo et al., 2024; Kuo277

and Carja, 2024b), they can also be computed using simulations: 1) estimate the probability of fixation and278

solve for α in equation (3) and 2) estimate the time to fixation and solve for λ in equation (4).279

It is important to notice that equation (1) is similar to the one governing the equivalent Moran process280

for a well-mixed population, with appropriate parameter mapping changes that account for the roles of the281

two network evolutionary parameters, α and λ. In other words, if we set α = 1 and λ = 1, equation (1)282
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has been widely studied to understand evolution in the well-mixed population limit (Tsimring et al., 1996;283

Cohen et al., 2005; Desai and Fisher, 2007; Rouzine et al., 2003).284

This tells us that, in order to understand the evolutionary role of the network structure, we can use prior285

well-mixed approximations, with the right parameter ‘stretches’ that account for the evolutionary properties286

of the network. Even in this limit, a closed-form analytic solution has been notoriously hard to derive: the287

number of variables b is large, dropping the stochastic term leads to an infinitely large speed of evolution288

(Desai and Fisher, 2007), and, in general, moment equations do not close (Hallatschek, 2011).289

The standard approach to find an approximation for the well-mixed model is to split the behavior of the290

mutant classes into two: 1) the "bulk", where the mutant frequency is high and the drift term of equation291

(1) can be ignored and 2) the "front", where the fitness class consists of the fittest mutants just entering292

the population, subject to the force of stochastic drift. The cutoff between the two classes, q, depends on293

a cutoff frequency xq, below which drift becomes important. Effectively, the difference between different294

prior analytical approaches is in defining where this transition occurs. Here, extra care needs to be taken to295

account for the population size of interest. For example, many of the assumptions in Desai and Fisher (2007)296

hinge on the population size being very large. We use graphs of sizes 1000-15000, which are large compared297

to previous evolutionary graph theory work, but small compared to the microbial populations Desai and298

Fisher (2007) are interested in.299

For small mutation rate U (and small NU in our case), we use the criterion from Desai and Fisher (2007)300

and define the cutoff frequency xq = 1/qs. Following a similar derivation as theirs, we find the cutoff q to be301

q =
1

1− e−λ/NU
+

NU

λ ln(αNs/2)
. (5)

Using this q, we find the resulting speed of evolution to be302

V =
q

λ−1 log(αNqs) + 1/NU

αs

1 + αs
, if NU ≪ λ. (6)

To obtain an approximation for large mutation rates (large NU), we use the criterion in Tsimring et al.303

(1996) and Cohen et al. (2005). Since, in this scenario, the mutation rate is assumed to be much higher than304

s, the mutant frequency at the stochastic edge, Xq+1, depends solely on the q-mutant supplying mutations,305

rather than selection. Therefore, the cutoff frequency is independent of s and the choice of xq is often306

arbitrary and is selected to fit simulations. For example, Cohen et al. (2005) used xq = 4/N. Here, we find307
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the speed of evolution308

V ≈ αλs(λ−1NU)2/3

log(αNs)
+ U, if NU ≫ λ, (7)

following the U2/3 scaling first observed by Cohen et al. (2005) and Tsimring et al. (1996).309

Once we write out the speed of evolution, we can easily approximate the amount of genetic variation in310

the population. We simply multiply equation (1) by l, sum over all l, and drop the stochastic drift term.311

This leads to the following relationship between V and σ2
312

V = αλsσ2 + U. (8)

The stochastic terms can be dropped since drift is only prevalent when the mutant frequency is low, thus313

contributing very little to the variance, even when it drives the mutation class to extinction. More precisely,314

xl follows a Gaussian profile (Rouzine et al., 2003), so the force of drift matters at the tail, but l2xl falls off315

exponentially.316

Equation (8) mirrors the fundamental theorem of natural selection for a well-mixed population, which317

states that the rate of fitness increase is equal to the variance in fitness: sV = s2σ2 (Fisher, 1999). The318

effect of the network structure is therefore represented by the coefficient αλ in front of sσ2. The extra factor,319

U is the result of recurrent mutation in our model. Equation (8) thus extends the fundamental theorem of320

natural selection for structured populations.321

Using equations (6) and (7), we can now approximate v as322

v ≈


q

1+NUλ−1 log(αNqs)
αs

1+αs if NU ≪ λ,

αs
log(αNs)(λ−1NU)1/3

+ 1
N if NU ≫ λ.

(9)

We show comparisons between these analytic approximations and simulations in Figure 2B and throughout323

the following figures. It is important to note here that the transition between the two forms of the approxi-324

mation, driven by two different regimes for NU , and depending on network acceleration factor λ, can usually325

be easily observed in our figures and is denoted by an angled line (see, for example, the dark blue oblique326

line crossing the analytic approximation for λ = 0.025 around mutation rate U = 10−4 in Figure 2B).327
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Figure 2: Rates of evolution for homogeneous population structures. Here dots represent rate of evo-
lution calculated from ensemble averages across at least 103 replicate Monte Carlo simulations per parameter,
per network. The solid colored lines represent the theoretical rate of evolution for the network-structured
population, calculated using equation (9). Short lines at 90◦ angle highlight the transition between the two
approximation regimes. Panel A. Average trajectories of the mean number of mutations accumulating in
the population under different mutation rates. Time is normalized by dividing by NU . The population
structure used is a 3-regular graph (with amplification factor equal to 1). Here N = 1000, s = 0.01 and
λ = 0.1. Panel B. Rate of evolution, v, as a function of the mutation rate. Here N = 1000, s = 0.01 and
the networks used are 3-regular graphs with amplification α = 1 and acceleration λ and number of cliques
ϕ as depicted. As mutation rate increases, graphs with higher acceleration factor, by speeding up mutant
establishment and spread, enter the clonal interference regime later and have higher rates of evolution.

Degree-homogeneous structures and the role of the network acceleration factor328

By decreasing clonal interference, graphs with increased acceleration factor increase rates of329

evolution. In this section, we use degree-homogenous isothermal graphs (amplification α = 1) to discuss330

the independent role the acceleration factor of a structure in shaping rates of evolution and connect our331

analytic results to other better-known network properties, such as average degree and higher-order network332

motifs. To do so, we use random k-regular graphs, where every node has exactly k connecting edges (lattice333

structures are a subset of this graph family). These types of graphs are known decelerators (Kuo and Carja,334

2024b), with acceleration factor approximately equal to335

λ = 1− 1

(k − 1)(1− ϕ)
, (10)
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where k is the mean degree and ϕ is the fraction of cliques (cycles of length 3) in the network. In order to336

study the role of the acceleration parameter λ, we use degree-preserving edge swaps to tune this parameter,337

while keeping mean degree k constant (Kuo and Carja, 2024b).338
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Figure 3: The role of mean degree and number of cycles (triangles) in shaping rates of evolution,
for degree-homogeneous graphs. Here dots represent rate of evolution calculated from ensemble averages
of at least 103 replicate Monte Carlo simulations, per parameter, per network. The solid colored lines
represent the theoretical rate of evolution for the network-structured population, calculated using equations
(9) and (10). Panel A. Here, for a given mean degree, we vary the fraction of triangles in the graphs using
previously described edge-swap algorithms. All graphs of the same color have the same mean degree, as in
the legend, but different number of triangles, as on the x-axis. Graphs with high number of triangles decrease
the network acceleration factor and thus decrease rates of evolution. Here, N = 1000, s = 0.01, U = 10−4.
Panel B. We use the same graphs and parameters as in Panel A. We show that rates of evolution increase
with network acceleration factor.

We show the rate of evolution v as a function of the mutation rate U and the network acceleration factor λ339

in Figure 2B. Notice how mutation rate U and acceleration λ always appear together in equation (9). This340

means that the effect of the population structure can be thought of as creating an effective mutation rate341

λ−1U. In other words, a graph population would have the same rate of evolution v as a well-mixed population342

with mutation rate λ−1U. These homogeneous decelerator population structures effectively "shift" the rate of343

evolution curve to the left by ln(λ−1) and utilize beneficial mutations identically to a well-mixed population344

with a higher effective mutation rate. This explains the evolutionary slowdown previously observed for these345

types of topologies (Martens and Hallatschek, 2011; Martens et al., 2011; Kryazhimskiy et al., 2012; Gordo346

and Campos, 2006). Both decreasing the mean degree or increasing the fraction of cycles, i.e. decreasing the347

network acceleration factor, causes the time to mutant fixation/extinction to increase and this leads to an348
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decrease in the rate of evolution (Figure 3). Even though k-regular graphs cannot have acceleration above349

the well-mixed structure (λ < 1), this result also points to the fact that it is possible for the rare of evolution350

to be increased by graphs with λ > 1.351
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Figure 4: Intuitive visualization of the role cycles and closed loops play in decreasing acceleration
factors and rates of evolution for degree-homogeneous graphs. Here the degree distribution is
held constant (k = 8), as we vary the fraction of triangles in the graphs, using edge swapping operations.
Population size N = 1000, s = 0.01, and U = 10−4. Fraction of triangles is 0 (top panel A), 0.428 (to
showcase a lattice, in the middle panel B), and 0.85 (bottom panel C). Graphs with low triangles have higher
acceleration factor leading to less interference. Left panels show distribution of mutants on different graphs
after evolving for 10000 generations. Right panels show temporal evolution of clones in each populations.
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Since cycles in k-regular graphs shape times to fixation and thus the competition of mutant lineages,352

we visualize the role of these closed loops in Figure 4. Here all three graphs are 8-regular graphs, where353

every node has exactly 8 neighbors. The difference between the three networks lies in the fraction of closed354

triangle loops and, for a given mutation rate and selection coefficient, this difference can result in different355

evolutionary dynamics. The visualization can help provide an intuition into why these higher-order motifs356

change evolutionary patterns and lead to different mutation accumulation dynamics: since the spread of a357

mutant lineage critically depends on the number of edges that connect the mutant to other lineages (Kuo358

and Carja, 2024b), when the fraction of triangles is high, two nodes connected by an edge are likely to have359

shared neighbors. This leads to tightly connected clusters of nodes, where different clusters are connected360

by very few edges (Figure 4C). When a mutant lineage is spreading through the network, the lineage361

quickly takes over a highly interconnected cluster. The spread soon comes to a halt because the number of362

heterogeneous edges is consumed, as they only occur at the boundary connecting different mutant clusters.363

As the number of available heterogeneous edges decreases with the fraction of triangles, this decrease leads364

to higher times to fixation for new variants in the population.365

Population structures with increased heterogeneity can reduce clonal interfer-366

ence and increase rates of evolution367

Let us now focus on understanding the role of the amplification factor in shaping clonal interference and368

rates of evolution. To this end, we use graphs where we keep the acceleration factor constant (λ = 1, we369

show two example structures used in Figure 5A and B) and ask how introducing reproductive bias in the370

population structure affects the interference of advantageous mutations. Since the probability of fixation is371

tied to two aspects of mutation accumulation, i.e. how fast mutants fix and how likely two mutants are to372

compete, we cannot quantify how much interference occurs in these graphs by looking at the rate of evolution373

alone.374

To specifically study clonal interference, let us define the rate of mutation utilization as v/v0, where v0375

is v in the limit of weak mutation, equivalent to the probability of mutant fixation. For weak mutation376

rates, every mutation that’s destined to fix increases the mean number of mutations in the population by377

one. Therefore, in a sense, the mutation is being used with 100% efficiency. As the mutation rate increases,378

multiple lineages co-occur in the population, and multiple mutations that would otherwise be destined to379

fix are therefore needed to eventually increase the mean number of mutations in the population by one.380

Mutations are thus being used with lower efficiency, and many are wasted.381
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Figure 5: Spatial structures can reduce clonal interference compared to well-mixed or lattice-
like populations. Panel A. Spatial network with α = 0.9 and λ = 1.0. Panel B. Spatial network with
α = 0.58 and λ = 1.0. Panel C. Mutation utilization is calculated by taking the rate of evolution, divided
by the rate of evolution in the limit of vanishingly weak mutation rate. The dots are results from 1000
simulations per parameter, per network, divided by values from simulations of single mutation fixation for
the same graph, while the lines are our analytical approximations. Short oblique lines highlight the transition
between the two approximation regimes. Results for the 3-regular graph with ϕ = 0.49 from Figure 2 are
included as comparison. The insert depicts mutation accumulation for the same structures. All networks
have acceleration factor λ = 1 and amplification factor α as in the legend in Panel D. Population size
N = 1000 and s = 0.01. Panel D. The lines represent analytical approximations using equation (9), while
the dots are results from 1000 simulations per parameter, per network. Here, N = 1000 and s = 0.01. All
networks have acceleration factor λ = 1 and amplification factor α as in the legend.

The decrease in mutation utilization as a function of mutation rate U is illustrated in Figure 5C. We382

show that graphs with a lower amplification factor utilize mutations more efficiently and thus reduce clonal383

interference. For comparison, we also include a degree-homogeneous structure (like the ones used in Figure384
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2) which shows the lower mutation utilization and the increased interference. Therefore, as the heterogeneity385

in the structure considered is increased, we can observe how space can reduce clonal interference, an outcome386

not expected for symmetric homogeneous structures and predicted by previous modeling approaches.387

However, for these graphs with constant acceleration λ = 1, this cost of increased amplification (smaller388

rates of mutation utilization and higher rates of interference) does not outweigh the benefit of having a higher389

establishment probability, and the rate of evolution increases with amplification factor, with this difference390

diminishing as the mutation rate increases (Figure 5D).391

Trade-offs between amplification and deceleration392

While the previous analyses help us understand the independent roles of the two evolutionary parameters393

of spatial structure in shaping clonal interference and rates of evolution, most structures affect both the394

probability and the time to fixation for new mutants entering the population (i.e. α and λ are not 1).395

To conveniently study the interplay of acceleration and amplification, we use bipartite structures, which396

allow for an easy and intuitive analytical relationship between degree heterogeneity and the two network397

parameters, α and λ. This relationship is given by398


α = 2p2i + 2(1− pi)

2

λ = 2
α2 − 1

α ,

(11)

where pi and 1−pi are the fractions of nodes in each of the two sets of the bipartite structure (see description399

in Materials and methods).400

To obtain intuition in this regime, it helps to understand how the mutation rate can reshape the dynamics401

of mutation accumulation on the graph structure. In the limit of weak mutation (U = 10−8), sequential402

fixation dominates, and the rate of evolution is equal to the fixation probability of a single mutation. Since403

in this regime the time to fixation is less of a contributor, strong amplifiers of selection (usually structures404

with high degree heterogeneity) can accumulate mutations faster than other structures (Figure 6A).405

As NU increases (U = 10−4), the rate of evolution depends not only on the probability of establishment,406

but also on the expected time for the mutants to fix and tradeoffs between amplification and deceleration407

can lead to strong amplifiers (like the star graph, with amplification factor of 2, acceleration factor of 0.001)408

having the lowest rates of evolution (Figure 6B). It is easy to understand the reason for this reversal. We409

saw in the previous section that, without taking deceleration into account (fixing λ = 1), the cost of increased410
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Figure 6: The mutation rate determines tradeoff effects between structure amplification and
acceleration. The dots represent ensemble averages across at least 103 replicate Monte Carlo simulations
per parameter set and network. Here we use bipartite graphs with α and λ obtained from equation (11).
Solid lines represent equation (9). Short oblique lines highlight the transition between the two approximation
regimes. Panel A. Population size N = 1000, s = 0.01 and U = 10−8. Panel B. Population size N = 1000,
s = 0.01 and U = 10−4. Panel C. Rate of evolution as a function of mutation rate. Same parameters as
Panel B. Panel D. Rate of evolution as a function of the network amplification parameter.

amplification does not outweigh the benefit of having a higher establishment probability, and structures with411

higher amplification, α, have increased rates of evolution. However, for graphs where a higher probability412

20

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted February 23, 2025. ; https://doi.org/10.1101/2025.02.22.639636doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.22.639636
http://creativecommons.org/licenses/by-nc/4.0/


of fixation also results in an increased time to fixation, the combined interference resulting from the cost413

of amplification and the increased time to fixation, can now outweigh the benefit of amplification. The414

amplifier structures where the total interference cost is larger than the benefit of amplification decrease rates415

of evolution. This result means that, contrary to single mutation evolutionary theory, weak amplifiers can416

exhibit the highest rates of evolution (Figure 6B).417

We highlight this tradeoff between deceleration and amplification in Figure 6C. As the mutation rate in-418

creases, interference starts to become a dominant contributor to the rate of evolution, and amplifier networks419

can begin to act effectively as suppressors, decreasing the probability of mutant accumulation, compared to420

the well-mixed model (Figure 6C). For a mutation rate as low as 10−8, for example, the star graph begins421

to experience clonal interference and the rate of evolution begins to decrease. For larger population sizes,422

the star graph can experience clonal interference at even lower mutation rates, since λ ∼ 1/N decreases as423

population size increases. Figure 6D shows that even for an extremely weak mutation rate of U = 10−8,424

weaker amplifiers evolve faster than a star graph. This demonstrates that certain assumptions in single425

mutation evolutionary theory only hold at a knife’s edge — the probability of fixation is predictive of muta-426

tion accumulation only at the limit of really small mutation rates. Figure 6D also highlights that spatial427

structure can overall increase rates of evolution compared to well-mixed or lattice-like populations, for a wide428

range of mutation rates. We also explore more network families and show this result holds more generally429

in Supplementary Figure S1.430

The fundamental theorem of natural selection on graphs: the relationship be-431

tween rate of evolution and genetic variation432

Our results provide a unifying way of predicting mutation accumulation by distilling properties of complex433

network organization through two single parameters: the acceleration and amplification factors. We compare434

the main families of networks in Figure 7A, under a mutation rate where the well-mixed graph begins to435

experience interference (U = 10−4). For this mutation rate, bipartite graphs have the highest rates of436

evolution out of all the graphs we explored, overtaking strong amplifiers like the star graph. They can437

also span a wide range of rates of evolution, showcasing that a network that is Pareto optimal for a single438

mutation in terms of fixation time and probability does not guarantee the best performance under an elevated439

mutation rate. The best-performing graph is inherently dependent on the mutational regime.440

We next investigate how the population structure reshapes the maintenance of genetic variation. Accord-441

ing to Fisher’s fundamental theorem of natural selection, if the mutation rate is negligible, the relationship442
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Figure 7: The rate of evolution and genetic variation across classes of population structures.
Panel A. The rate of evolution, as a function of the amplification and acceleration factor for graphs of
size 1000. The mutation rate is set to 10−4 and Ns = 10. The black lines are contour lines of the rate of
evolution using equation (9), and the dots represent individual networks of the families depicted. Network
amplification factors empirically determined using equation (12). Network acceleration factors empirically
determined using equation (13). Panel B. The relationship between rate of evolution and scaled mutational
variation. The dots represent ensemble averages across at least 100 replicate Monte Carlo simulations per
parameter set and network. The black line represents equation (8). Same parameters as Panel A. Panel
C. The relationship between rate of evolution and mutational variation. Same parameters as Panel A.

between speed of evolution and the variance in mutation number is given by sV = s2σ2 (Fisher, 1999). For443

network-structured populations, equation (8) gives us the new relationship between V and σ, which now444

also depends on the product αλ (Figure 7B). Controlling for this extra factor, in Figure 7C we observe445

that, for some structures, such as preferential attachment graphs and bipartite graphs, there is an inverse446

relationship between the rate of evolution and the amount of mutational variance. The majority of graphs447

in these families follow what is commonly accepted on the role of spatial structure: structure reduces the448

rate of evolution and increases genetic variation. This is because, for these graphs, the contribution from449

the acceleration factor outweighs the contribution from the amplification factor. Other structures, like the450
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random geometric graphs, on the other hand, appear to only influence the rate of evolution and not sig-451

nificantly affect mutational variance (Figure 7C, the random geometric graphs in color green). However,452

upon closer look, for some of these geometric graphs, σ2 can be as low as 0.057, compared to σ2 = 0.0746453

for well-mixed populations. This corresponds to a significant reduction in mutational variance (24%).454

Rates of evolution and mutational variation across systems of organization455

We next apply our model to study the rate of evolution in two natural systems with drastically different456

spatial architectures and organization, a cellular and a social system.457

We first study the stem cell architectures of the bone marrow to understand spatial factors shaping the458

accumulation of somatic mutations and rates of neoplasm initiation. We use previously published datasets459

and inferred cellular networks, in total 16 cellular populations (Gomariz et al., 2018; Kuo et al., 2024; Kuo460

and Carja, 2024a). Every Hematopoietic Stem Cell (HSC) niche constitutes a node in the graph and an461

edge is added between two nodes if the distance between them is less than a cut-off radius, similar to the462

generation of a random geometric graph (Figure 8A). In Kuo et al. (2024) we have previously showed that,463

across a wide variety of parameters and regardless of the birth death process used, these networks are strong464

suppressors of selection, in the single mutation regime. Estimates of the mutation rate in this system, for465

mutations with selective advantage of 0.04 or higher, are around 4× 10−6 per year, and HSCs are estimated466

to divide symmetrically every 4 years (upper-bound division time) (Watson et al., 2020).467

Using these parameters, we find that the bone marrow suppresses the rate of mutation accumulation,468

with the existence of prevalent clonal interference, indicated by the reduced rate of evolution compared to the469

estimate for an equivalent sequential fixation model (Figure 8B). While a lattice-based model also showed470

reduced rates of mutation accumulation, the inferred cellular network architectures decreased the rate of471

evolution by an even larger amount. In addition, they show very different behavior when it comes to the472

mutational variation in the population (Figure 8C). The bone marrow networks tend to have the same or473

lower mutation variation as the well-mixed population, in contrast to lattice-based populations, where the474

population topology promotes higher mutation variation. These results showcase that spatial heterogeneity475

in tissue architectures can reshape the rates of mutation accumulation and mutation variation in ways that476

can be overlooked by previous spatial models.477

The second type of structures we consider are social networks and use previously published data on Face-478

book friendship networks, across 16 universities (Rossi and Ahmed, 2015). Since most of the social networks479

in the dataset are disconnected, we extract and use the largest connected component from each network480
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Interference

Lattice

Bone network

Figure 8: Model applications. Trade-offs between rate of evolution and genetic variation in
cellular and social systems. Panel A. Illustration of the hematopoietic stem cell niche architecture
(for a full description see (Kuo et al., 2024)). Panel B. Rate of evolution in cellular networks of various
sizes, N , between 1000 and 5000 cells. Here, s = 0.01, U = 10−6. Dots are simulation results using at least
1000 replicate Monte Carlo simulations per parameter set and network and lines are analytic approximations
using equation (9). Panel C. Genetic variation in cellular networks. Same parameters as Panel B. Panel
D. Illustration of a social network (here a Facebook network from Caltech, using published datasets from
Rossi and Ahmed (2015)). Panel E. Rate of evolution in social networks of various sizes N . Here, s = 0.01,
U = 10−3. Dots are simulation results using at least 1000 replicate Monte Carlo simulations per parameter set
and network and lines are analytic approximations using equation (9). Purple line represents the population
structure, while the pink line represents the well-mixed model as comparison. Panel F. Genetic variation
in social networks. Same parameters as E. Social networks can significantly slow down the rate of cultural
evolution, but also increase the amount of mutational variation, compared to well-mixed populations.

(Figure 8D). We consider a simplified version of the model proposed by Kolodny et al. (2015), where the481

genome of an individual represents a repertoire of innovations or tools and study rates of cultural innovation482

accumulating in the population. We assume that new innovations enter the population independently of483
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the current state of cultural diversity (like genetic mutations), with probability U . Kolodny et al. (2015)484

used U between 0.001 and 0.002. Here, we picked U = 0.001 and the Birth-death process on networks to485

represent the spread of the repertoire of tools. One would expect the topological structure of human inter-486

action to maximize the rate of cultural evolution. However, Figure 8E shows the opposite—social networks487

slow down the rate of cultural evolution, but, interestingly, significantly increase the amount of mutational488

variation, compared to a well-mixed model (Figure 8F).489

Discussion490

Here we use the mathematical representation of networks to study clonal interference and rates of evolution491

in populations with complex population structure. At a big picture level, prior modeling work done under492

assumptions of more regular and symmetric population architectures suggests that: 1) spatial structure493

increases the probability that established clones interfere with one another, 2) interference between estab-494

lished clones causes spatial populations to evolve slower than well-mixed populations, and 3) the relationship495

between the rate of evolution and genetic variance follows Fisher’s fundamental theorem of natural selection.496

We show that increasingly introducing more heterogeneity in the population structure considered can497

reshape these prior conclusions and lead to a much wider range of observed evolutionary outcome. Using498

simulations and analytic approximations we discuss how there exist two main evolutionary properties of499

spatial structure that drive the observed outcomes. We study their independent roles, as well as their500

interplay, in shaping evolutionary dynamics. Importantly, we find that, depending on their evolutionary501

properties, population structures can also lead to decreased rates of clonal interference, higher rates of502

mutation utilization and increased rates of evolution. For example, spatially heterogeneous graphs, such as503

those generated by sampling node positions from inhomogeneous distributions, are suppressors (networks504

with low amplification factor) and can reduce the probability that established clones interfere with one505

another.506

The amount of clonal interference in the population can be quantified by mutation utilization, which507

measures how many established clones it takes to increase the average mutational count of the population by508

one and we show that suppressor topologies have a higher mutation utilization than well-mixed populations.509

Additionally, while previous theory suggests that more interference slows down evolution (Kryazhimskiy510

et al., 2012), here we discuss how there exist population structures with the right amount of heterogeneity511

that can strike a balance between the benefit of amplification and the costs of increased interference, achieving512
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a higher rate of evolution than well-mixed populations in the interference regime. These amplifier topologies513

have a higher rate of evolution, even when there is more interference and we show that this happens when514

the benefit of having more mutants establish in the population outweighs the cost of interference.515

In addition to looking at the mean number of mutations in the population, we also explore the distri-516

bution of the mutation count in the population using analytics and simulations. We use the variance of517

the distribution as measure of the width of the mutation count distribution. In well-mixed populations, the518

relationship between the rate of evolution and the variance in fitness obeys Fisher’s fundamental theorem519

of natural selection, V = sσ2 (Fisher, 1999). Otwinowski and Krug (2014) previously showed that Fisher’s520

fundamental theorem is no longer true on 1-dimensional lattices. Here, we derive the modified Fisher’s521

fundamental theorem, V = αλsσ2 for any population structure.522

While our results in the limit of homogeneous spatial structure qualitatively agree with previous theory,523

it is worth discussing the slight quantitative differences. Tsimring et al. (1996) and Cohen et al. (2005)524

showed that the speed of evolution scales with U2/3 in well-mixed populations, when mutation rate is high.525

Additionally, Martens et al. (2011) showed that the speed of evolution scales with U1/2 for 1-dimensional lat-526

tices and U1/3 for 2-dimensional lattices. This suggests that spatial structure affects the scaling relationship527

between speed of evolution and mutation rate. Our analytic results show that the scaling relationship for528

graph structured populations is the same as the well-mixed structure, with V ∼ U2/3: the network structure529

only changes the scaling pre-factors. This difference in scaling comes from the diameter of the graph, i.e. the530

maximum shortest-path distance between two nodes of the graph. The U1/2 and U1/3 scaling in Martens531

et al. (2011) appears when the length of the lattice is large, larger than a characteristic length. We did not532

observe the same difference in scaling since many of the networks both in our simulations and in real-world533

systems have the small-world property, where the distance between any pair of nodes is smaller (Watts and534

Strogatz, 1998).535

Our approach of distilling the role of population structure into the two evolutionary parameters of ’space’,536

α and λ, retains sufficient information about the studied topology, is intuitively simple to understand,537

and produces very accurate predictions of the dynamics of mutation accumulation in real populations. To538

demonstrate this, we study the rate of evolution in two natural systems, a cellular and a social system. We539

first use previously studied datasets of cellular networks (Gomariz et al., 2018; Kuo et al., 2024) and study540

rates of mutation accumulation and leukemia initiation for the structured populations of stem cells in the541

bone marrow. Our results show that these cellular spatial architectures reduce the rate of neoplasm initiation542

under biologically relevant mutation rates, compared to well-mixed populations. In addition, these cellular543
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networks do not increase mutational variation, unlike lattice-based models. These results highlight that544

spatial heterogeneity in tissue architectures can reduce the rates of mutation accumulation and mutation545

variation in ways that can be overlooked by previous spatial models.546

We also use publicly available datasets of Facebook social connection networks (Rossi and Ahmed, 2015)547

and study how social structure shapes cultural accumulation of innovations in a population. In contrast548

to cellular structures, we find that social networks can promote maintenance of higher levels of cultural549

diversity, even though they can, similarly, reduce the rate of innovation accumulation. If we hypothesize550

that these networks are themselves shaped by natural selection, our results hint at a potential tug-of-war551

between optimizing for speed or variation in these systems. An aspect that is unique to culturally evolving552

systems, as opposed to somatic evolution, is the notion that truly groundbreaking innovations occur when553

individuals combine multiple low-level innovations (Basalla, 1988). Intuitively, successful recombination of554

existing innovations requires the maintenance of variability of innovations, and one can hypothesize that555

social structure might have had critical effects for the rise of cumulative culture. Derex and Boyd (2015)556

suggest that the rate of cultural accumulation may be highest in sizable and partially connected populations.557

This is also observed in our results in both artificial and empirical networks.558

In the quest to balance model realism and analytical tractability, it is important to know when it is559

sufficient to investigate the role of population structure in the symmetric limit (where, on average, it is560

easier to obtain closed-form solutions), versus when it might be essential to consider the potentially more561

heterogenous and ’messy’ structure of the system. This is requisite for forming sensible null expectations562

about experimental, observational, and genomic data. The models we develop here have their own limita-563

tions and strong assumptions, but they provide an initial unifying step towards understanding the role of564

population topology in shaping the dynamics of adaptation.565

Materials and methods566

List of network families used in the study567

In this study, we explore well-known network families using built-in generators from NetworkX (Hagberg568

et al., 2008), as well as methods from Kuo et al. (2024) and Kuo and Carja (2024b) to design graphs that569

allow us to tune topological properties independently of each other, as detailed below.570
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k-regular graphs571

A k-regular graph is a graph where each node has the same number of neighbors, k. We generate k-regular572

graphs using built-in generators from NetworkX (Hagberg et al., 2008), with k ∈ {3, 4, 6, 8, 10}. For some573

of these graphs, to generate Figures 2, 3 and 4 we further tune the number of triangles and change their574

acceleration factor (while keeping mean degree constant at k), using methods perviously outlined in Kuo575

and Carja (2024b).576

Erdős Rényi random networks577

We use the G(n,M) variant of Erdős Rényi model. The Erdős Rényi G(n,M) model uniformly samples a578

graph from the collection of all graphs which have n nodes and M edges. We generate Erdős Rényi random579

networks using built-in generators from NetworkX (Hagberg et al., 2008). Here, we sample 50 graphs with580

M = 3000 and 50 graphs with M = 4000.581

Preferential attachment graphs582

For graphs with preferential attachment, nodes are added sequentially starting from one initial node until583

the population reaches size N . Each new node is added to the network and connected to other individuals584

with a probability proportional to the individual’s current degree to the power of a given parameter β. Using585

k and β, this family of graphs allows for straightforward independent tuning of mean and variance in degree.586

We generate these networks using NetworkX (Hagberg et al., 2008) with k = 4, and β ∈ [−5, 5].587

Small world networks588

We generate small world networks using built-in generators from NetworkX (Hagberg et al., 2008) and the589

Watts–Strogatz model with parameters: number of nodes N , the mean degree k, and rewire probability p.590

We use N = 1000, k = 4, and p ∈ [0, 1].591

Bipartite graphs592

Bipartite graphs have two node sets n1 and n2. Edges in the graph only connect nodes from opposite sets.593

We generate bipartite graphs using built-in generators from NetworkX (Hagberg et al., 2008). We vary n1594

from 1 to 500, and n2 = 1000− n1.595
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Random geometric graphs596

The random geometric graph model places N nodes at random following a probability distribution. Two597

nodes are joined by an edge if the distance between the nodes is below a predefined cut-off radius. For598

the graphs in Figure 5, we place nodes in 2-dimensional space. We draw the spatial location from two599

distributions. We first use the Gaussian distribution, where for the x-position, n1 = 500, 600, 700, 800, 900600

nodes are drawn from a normal distribution N (0, 1), and n2 = 1000 − n1 nodes are drawn from N (0.5, 1).601

The y-position is drawn from N (0, 4). We also use the uniform distribution, where for the x-position, n1 =602

500, 600, 700, 800, 900 nodes are drawn from a normal distribution U(0, 1), and N2 = 1000 − n1 nodes are603

drawn from N (0.5, 1.5). The y-position is drawn from U(0, 1). We used cut-off radius ranging from 0 to 4.604

Star graphs.605

The star graph consists of one center node connected to N − 1 outer nodes. We generate star graphs using606

built-in generators from NetworkX.607

Computing the amplification and acceleration parameters for a given network608

Here we show that the amplification and acceleration factors of a network, computed from single mutation609

analyses, if used together, can be predictive of the landscape crossing behavior of network structured popu-610

lations. In previous work, we showed how to analytically compute the amplification and acceleration factors611

(Kuo et al., 2024; Kuo and Carja, 2024b). The approximation for the amplification factor from Kuo et al.612

(2024) is very accurate for amplifiers and can slightly deviate from the true amplification factor for sup-613

pressors. Similarly, the approximations described in Kuo and Carja (2024b) for computing the acceleration614

factor are very accurate if triangles in the network are distributed equally amongst the triplet types.615

These factors can also be computed empirically for all network families and types using single-mutation616

simulations, as detailed below. Using the Birth-death process, and starting with one single mutant with617

fitness (1 + s) invading a population of wild-type individuals with fitness 1, the amplification factor can be618

computed using the definition from (Lieberman et al., 2005) and solving619

Φ =
1− (1 + s)−α

1− (1 + s)−αN
(12)

for α, where Φ is the mutant’s fixation probability.620

For graphs in this paper, we estimate α using s = 0.01. When graph size is N = 1000, Ns = 10. This621
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value is large enough such that the difference in fixation probability compared to the well-mixed model is622

big enough, while also small enough to be in the constant regime.623

For the acceleration factor, we use the following definition624

λ =
Tfix,wm(αs)

Tfix,graph(s)
, (13)

which is the ratio of conditional mean fixation time for an equivalent mutant on the well-mixed population625

(with selection coefficient αs) and the one on the network population with mutant selection coefficient s626

(Kuo and Carja, 2024b). For the graphs presented here, we evaluate λ at s = 0, since there is a closed-form627

expression for Tfix,wm(s = 0), (N − 1) generations (Ewens, 2004). For weak s, λ varies no more than O(s).628

Data and code availability629

Custom scripts were used for the simulations and data analyses. All C++ and Python simulation code, as well630

as the code to generate the graphs used in this study is available on Github at XXX (repository to be made631

public upon acceptance and publication of the manuscript). All packages used for analysis and visualization632

are open-source.633
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List of Figures779

Figure 1. For beneficial mutations to accumulate, they must both arise and fix in a population. Hetero-780

geneity in the structure of reproduction and replacement can affect both the probability and time781

of spread of new mutations in the population and can thus reshape clonal interference and rates782

of evolution. Panel A. Intuition on how topologies that decelerate mutant spread can increase783

rates of clonal interference. Two different scenarios are shown. Top: Assume an accelerator net-784

work. As beneficial mutations enter the population, their time to fixation is on average smaller785

than the waiting time for a new mutation to appear and mutations sweep sequentially, with little786

clonal interference. Bottom: For the same mutation rate, a population structure that increases787

the time to fixation of new beneficial mutants (decelerator structures), such that it becomes788

longer than the expected time of new mutants entering the population, can lead to more clonal789

interference. As a consequence, established beneficial mutations can be wasted (B mutants)790

unless they happen to occur on the background of the winning clone (C mutants). Panel B.791

Intuition on how topologies that amplify mutant spread can increase rates of clonal interference.792

Heterogeneous population topologies can change the establishment probability of beneficial mu-793

tants entering the population, leading to two drastically different adaptation scenarios. (Top)794

Lower establishment probability leads to a sequential fixation regime. (Bottom) For the same795

mutation rate, amplifier structures, which increase probabilities of mutant establishment and796

fixation, can lead to higher rates of clonal interference. Panel C. The Bd (Birth-death) up-797

date rules with constant supply of mutation. At each time step, in the Moran process, a node798

is selected for birth proportional to fitness (birth step, green node). The offspring replaces a799

randomly selected neighbor node (the death step). A mutation occurs with probability U and800

is assigned to the initial birth node (yellow node). The offspring of the initial node replaces the801

node selected for death.802

Figure 2. Rates of evolution for homogeneous population structures. Here dots represent rate of803

evolution calculated from ensemble averages across at least 103 replicate Monte Carlo simulations804

per parameter, per network. The solid colored lines represent the theoretical rate of evolution805

for the network-structured population, calculated using equation (9). Short lines at 90◦ angle806

highlight the transition between the two approximation regimes. Panel A. Average trajectories807

of the mean number of mutations accumulating in the population under different mutation808

rates. Time is normalized by dividing by NU . The population structure used is a 3-regular809
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graph (with amplification factor equal to 1). Here N = 1000, s = 0.01 and λ = 0.1. Panel810

B. Rate of evolution, v, as a function of the mutation rate. Here N = 1000, s = 0.01 and the811

networks used are 3-regular graphs with amplification α = 1 and acceleration λ and number of812

cliques ϕ as depicted. As mutation rate increases, graphs with higher acceleration factor, by813

speeding up mutant establishment and spread, enter the clonal interference regime later and814

have higher rates of evolution.815

Figure 3. The role of mean degree and number of cycles (triangles) in shaping rates of evo-816

lution, for degree-homogeneous graphs. Here dots represent rate of evolution calculated817

from ensemble averages of at least 103 replicate Monte Carlo simulations, per parameter, per818

network. The solid colored lines represent the theoretical rate of evolution for the network-819

structured population, calculated using equations (9) and (10). Panel A. Here, for a given820

mean degree, we vary the fraction of triangles in the graphs using previously described edge-821

swap algorithms. All graphs of the same color have the same mean degree, as in the legend, but822

different number of triangles, as on the x-axis. Graphs with high number of triangles decrease823

the network acceleration factor and thus decrease rates of evolution. Here, N = 1000, s = 0.01,824

U = 10−4. Panel B. We use the same graphs and parameters as in Panel A. We show that825

rates of evolution increase with network acceleration factor.826

Figure 4. Intuitive visualization of the role cycles and closed loops play in decreasing acceler-827

ation factors and rates of evolution for degree-homogeneous graphs. Here the degree828

distribution is held constant (k = 8), as we vary the fraction of triangles in the graphs, using edge829

swapping operations. Population size N = 1000, s = 0.01, and U = 10−4. Fraction of triangles830

is 0 (top panel A), 0.428 (to showcase a lattice, in the middle panel B), and 0.85 (bottom panel831

C). Graphs with low triangles have higher acceleration factor leading to less interference. Left832

panels show distribution of mutants on different graphs after evolving for 10000 generations.833

Right panels show temporal evolution of clones in each populations.834

Figure 5. Spatial structures can reduce clonal interference compared to well-mixed or lattice-835

like populations. Panel A. Spatial network with α = 0.9 and λ = 1.0. Panel B. Spatial836

network with α = 0.58 and λ = 1.0. Panel C. Mutation utilization is calculated by taking the837

rate of evolution, divided by the rate of evolution in the limit of vanishingly weak mutation rate.838

The dots are results from 1000 simulations per parameter, per network, divided by values from839

simulations of single mutation fixation for the same graph, while the lines are our analytical840
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approximations. Short oblique lines highlight the transition between the two approximation841

regimes. Results for the 3-regular graph with ϕ = 0.49 from Figure 2 are included as com-842

parison. The insert depicts mutation accumulation for the same structures. All networks have843

acceleration factor λ = 1 and amplification factor α as in the legend in Panel D. Population844

size N = 1000 and s = 0.01. Panel D. The lines represent analytical approximations using845

equation (9), while the dots are results from 1000 simulations per parameter, per network. Here,846

N = 1000 and s = 0.01. All networks have acceleration factor λ = 1 and amplification factor α847

as in the legend.848

Figure 6. The mutation rate determines tradeoff effects between structure amplification and849

acceleration. The dots represent ensemble averages across at least 103 replicate Monte Carlo850

simulations per parameter set and network. Here we use bipartite graphs with α and λ obtained851

from equation (11). Solid lines represent equation (9). Short oblique lines highlight the transition852

between the two approximation regimes. Panel A. Population size N = 1000, s = 0.01 and853

U = 10−8. Panel B. Population size N = 1000, s = 0.01 and U = 10−4. Panel C. Rate854

of evolution as a function of mutation rate. Same parameters as Panel B. Panel D. Rate of855

evolution as a function of the network amplification parameter.856

Figure 7. The rate of evolution and genetic variation across classes of population structures.857

Panel A. The rate of evolution, as a function of the amplification and acceleration factor for858

graphs of size 1000. The mutation rate is set to 10−4 and Ns = 10. The black lines are contour859

lines of the rate of evolution using equation (9), and the dots represent individual networks860

of the families depicted. Network amplification factors empirically determined using equation861

(12). Network acceleration factors empirically determined using equation (13). Panel B. The862

relationship between rate of evolution and scaled mutational variation. The dots represent863

ensemble averages across at least 100 replicate Monte Carlo simulations per parameter set and864

network. The black line represents equation (8). Same parameters as Panel A. Panel C. The865

relationship between rate of evolution and mutational variation. Same parameters as Panel A.866

867

Figure 8. Model applications. Trade-offs between rate of evolution and genetic variation868

in cellular and social systems. Panel A. Illustration of the hematopoietic stem cell niche869

architecture (for a full description see (Kuo et al., 2024)). Panel B. Rate of evolution in cellular870

networks of various sizes, N , between 1000 and 5000 cells. Here, s = 0.01, U = 10−6. Dots are871
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simulation results using at least 1000 replicate Monte Carlo simulations per parameter set and872

network and lines are analytic approximations using equation (9). Panel C. Genetic variation873

in cellular networks. Same parameters as Panel B. Panel D. Illustration of a social network874

(here a Facebook network from Caltech, using published datasets from Rossi and Ahmed (2015)).875

Panel E. Rate of evolution in social networks of various sizes N . Here, s = 0.01, U = 10−3. Dots876

are simulation results using at least 1000 replicate Monte Carlo simulations per parameter set877

and network and lines are analytic approximations using equation (9). Purple line represents the878

population structure, while the pink line represents the well-mixed model as comparison. Panel879

F. Genetic variation in social networks. Same parameters as E. Social networks can significantly880

slow down the rate of cultural evolution, but also increase the amount of mutational variation,881

compared to well-mixed populations.882
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