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Abstract
The evolutionary process that led to the emergence of modern human behaviors during
the Middle Stone Age in Africa remains enigmatic. While various hypotheses have been
proposed, we offer a new perspective that integrates the variability selection hypothesis
(VSH) with the evolution of cooperation among human groups. The VSH suggests that
human adaptability to fluctuating environments was a primary force driving the develop-
ment of key evolutionary traits. However, the mechanisms by which environmental vari-
ability (EV) influenced human evolution, particularly the emergence of large-scale and
complex cooperative behaviors, are not yet fully understood. To explore the connection
between intensified EV and the evolution of intergroup cooperation, we analyzed three
stochastic models of EV: (i) Regional Variability (RV), where resource-rich areas shift
while overall resource levels remain stable; (ii) Universal Variability (UV), where over-
all resource levels fluctuate but resource-rich areas remain stable; and (iii) Combined
Variability (CV), where both resource-rich areas shift and overall resource levels fluctu-
ate. Our results show that RV strongly promotes cooperation, while UV has a compara-
tively weaker effect. Additionally, our findings indicate that the coevolution of cooperation
and network structures is crucial for EVs to effectively promote cooperation. This study
proposes a novel causal link between EV and the evolution of cooperation, potentially
setting a new direction for theoretical and empirical research in this field.

Author summary
This study investigates how changing environmental conditions may have influenced
the emergence of cooperative behaviors among early human groups during the Middle
Stone Age in Africa, a pivotal period in human evolution. We present a novel approach
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to explaining the link between environmental changes and the evolution of cooperation
by using models that simulate fluctuations in resource availability across various pat-
terns. Our findings suggest that cooperation is more likely to emerge and sustain when
resource distribution across regions varies over time, in contrast to cases where overall
wealth changes but remains concentrated in fixed areas. Furthermore, our results indi-
cate that the coevolution of cooperation and social structures is crucial in determining
whether environmental changes foster cooperation, highlighting a dynamic interplay
between environmental factors and social adaptability. We believe these findings con-
tribute to broader discussions in anthropology, archaeology, and the study of complex
systems, enriching our understanding of human nature and society.

generate the plots, are available at
https://github.com/mas178/Inaba2024.
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Introduction
Deepening our understanding of the evolutionary origins of modern human behavior is
essential for comprehending the nature of humanity and society. In anthropology and archae-
ology, “modern human behavior” refers to traits unique to or primarily associated with Homo
sapiens, marked by abstract thinking, symbolic expression, complex planning, and ultraso-
ciality. These behaviors include language, religion, mythology, art, music, entertainment,
humor, altruism, long-distance trade, and the creation of intergroup networks. Numerous
studies concur that these behavioral patterns emerged during the Middle Stone Age (MSA)
in Africa[1–5]. While there is broad consensus on when and where these behaviors origi-
nated, the mechanisms driving their emergence remain enigmatic, despite various proposed
theories.

For several years, hypotheses [6–17] attempting to explain the evolution of hominin behav-
ior by focusing on environmental variability (EV) in Africa during the MSA have garnered
significant attention. Among these, Potts’ variability selection hypothesis (VSH) [6,7] pro-
poses that intensified environmental change favored “versatilists” who are those capable
of rapid adaptation to new environments over “specialists”, who adapt to specific environ-
ments, and or “generalists”, who adapt across a range of environments. Here, EV encom-
passes changes in landscape dynamics (such as land-lake oscillations), climate (such as like
arid-moist climate oscillations), variations in flora and fauna, ultimately leading to the unpre-
dictability of resource availability. Initially, this hypothesis was supported by a temporal cor-
relation between intensified environmental changes, the replacement of human species, and
the increased complexity of cultural artifacts, such as stone tools and ornaments [17]. In addi-
tion, the cognitive buffer hypothesis (CBH) [18–20] provides a neuroscientific basis for VSH,
and a mathematical model [21] demonstrates its theoretical feasibility. The CBH posits that
larger brain sizes in animals, including humans, evolved as a buffer against environmental
variability, enhancing survival through improved problem-solving and learning abilities. In
contrast, several theories [22–24] propose that EV and behavioral diversity do not neces-
sarily drive human encephalization. These theories emphasize the role of social contexts, as
suggested by the social brain hypothesis (SBH) [17,25–31], and consider other factors focus
such as dietary influences [32,33]. The SBH argues that human intellectual abilities evolved
in response to the selection pressures of complex social environments, which required the
effective management of social relationships within and between groups. Therefore, much
remains unknown about the impact of EV on the evolution of cognitive and behavioral traits
in hominins.

Our study suggests that VSH, typically explained through the CBH, may also be connected
to the SBH, which is generally considered separate from both VSH and CBH. While complex
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social environments encompass various factors, what uniquely characterizes human societies
is the extensive and sophisticated cooperation observed, including intergroup cooperation
and trade, which contrasts with the intragroup cooperation common in many animal soci-
eties. These advanced social behaviors are central to modern human behavior, and under-
standing their origins requires focusing on social factors that extend beyond individual-level
adaptations, such as those proposed in CBH. Specifically, we demonstrate that EV fosters
intergroup cooperation, which may have contributed to the development of complex social
structures.

There are several points of concern when using the term “group.” First, groups within the
complex social environment described by the SBH are nested in a series of fractal-structured
networks [31,34,35]. As a result, when smaller groups ally and cooperate to form a larger
group, whether this cooperation is viewed as intragroup cooperation within the larger group
or intergroup cooperation among the smaller groups depends on the level of analysis. For
simplicity, we assume a certain level of grouping and analyze their intergroup cooperation,
though this could alternatively be seen as intragroup cooperation from the perspective of
a higher-level group. Furthermore, while treating groups as units of adaptation is highly
debated in evolutionary biology [36–38], our focus here is on cultural evolution rather than
biological evolution. In this cultural context, we assume that a group has a degree of auton-
omy, treating individual relationships and nested group structures as a black box. Here,
autonomy suggests that the basic behavioral patterns for a group regarding which groups it
cooperates with or does not are influenced by intergroup interactions and evolve over time.

In the study of the evolution of cooperation, many studies have been conducted within
the framework of evolutionary game theory [39–44], though most assume a stable environ-
ment. Only a limited number of studies consider environmental factors in the evolution of
cooperation, and these, typically in biological or physical contexts, focus on aspects such as
extrinsic population variability [45,46], variability in game structure [47,48], variability in the
strength of selection [49], the impact of EV on learning strategies [50], and resource pressure
[51]. However, these studies do not fully address our research objective of understanding how
EVs influences the evolution of cooperation.

Our research thus investigates how the unpredictability of resource acquisition (EV) may
drive the evolution of cooperation among geographically dispersed groups, with a focus on
the origins of the social aspects that characterize modern human behavior.

Model
We use an agent-based simulation model within the framework of evolutionary game the-
ory to investigate how increasing EV influences the evolution of cooperation. Given the lim-
ited availability of detailed data on EV and the spatial distribution of hominid groups dur-
ing the MSA in Africa, our model adopts a highly abstracted approach, aiming to reveal
the general effects of EV based on reasonable assumptions while excluding specific details.
The model operates as follows: several geographically separated regions, each with varying
levels of resource accessibility, experience fluctuating resource availability over time (EV).
Each region hosts a single group (agent), and interactions between groups, such as resource
exchanges (game) and behavioral pattern transmission (reformation), affect and adjust their
relationships.

Agent and structure
In this model, each agent represents a single group and has a strategy of either cooperation
or defection (in this study, “C” represents a cooperation strategy or a cooperator, while “D”
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represents a defection strategy or a defector). Initially, all agents are set to D, as intergroup
cooperation is considered extremely unlikely [52,53]. This study focuses exclusively on inter-
group interactions and does not consider intragroup interactions. While a two-level model
would be necessary to analyze the tension between intergroup and intragroup interactions, as
seen in multilevel selection studies, a one-level model is suitable here given our focus on inter-
group interactions. All agents are suited within a geographic structure, forming an interaction
structure.

The geographic structure is modeled as a line segment with periodic boundary conditions,
represented visually as a circle (Fig 1). N agents are evenly spaced along the circle. Although
a one-dimensional spatial structure is used for simplicity, more realistic structures can be
explored as empirical studies progress. Mobility is not considered in this study to keep the
model simple as an initial approach. We plan to incorporate mobility in future work, as it is
reasonable to assume that a group might move to a resource-rich region when its their own
resources become scarce. However, the assumption of no mobility is not entirely unrealistic,
as some studies have highlighted the tendency for settlement during the MSA [54–56].

The interaction structure defines the relationships between agents, which are not limited
by the geographic arrangement. These relationships affect the frequency of games (described
later) and are subject to rewiring through reformations (also described later). The network,
where agents are represented as nodes and relationships as edges, is characterized as an undi-
rected, unweighted, and dynamic graph. The initial network is a regular network with a degree
of k = 4.

EV
The resource represents the amount of goods or wealth necessary for survival that a group
(agent) can obtain from the natural environment (e.g., food, materials for stone tools required
to gather food). Resources are allocated to each agent at each time step, with the amount vary-
ing across different regions. The node with the highest resource allocation is referred to as
the prime node. The further an agent is located from the prime node geographically, the less
resource it receives, as determined by the resource decrement factor, fRD. Specifically, the
resource allocated to agent i is calculated as ri = rp – |i – p|fRD. Here, ri represents the resource
allocated to agent i, p is the index of the prime node, and |i–p| represents the distance between
i and p, accounting for the boundary conditions, rather than the usual absolute value. Addi-
tionally, there is a universal resource threshold, 𝜃, for all agents; any agent falling below this
threshold must reformulate its strategy and relationships.

In our study, EV to refers to resource variability, represented by stochastic models. EV can
be divided into variability in distribution of resources among regions and in total quantity of
resources across all regions. Although variations in resource types are also an important con-
sideration, we simplify the model assuming a single resource type. The two forms of variabil-
ity are termed regional variability (RV) and universal variability (UV). RV is a type of EV in
which the distribution of resource-rich and resource-poor regions changes over time; specifi-
cally, the prime node moves randomly. The prime node’s index pt at time t fluctuates accord-
ing to a stochastic process expressed as pt+1 = (pt + Δt) mod N. Here, Δt is a random integer
step uniformly distributed within the range [–𝜎R,𝜎R], where 0≤ 𝜎R ≤N/2. UV represents
another form of EV in which the total resource quantity fluctuates randomly over time, while
the resource distribution between regions remains fixed. This variability reflects large-scale
fluctuations in resource availability across a wide area encompassing all regions. However, to
simplify the implementation, we fix the resource values and instead model UV by varying the
threshold value 𝜃, which determines when reformation occurs. The fluctuation is modeled by
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Fig 1. Relationships, geographical structure, and EV. Each small circle within the gray circle represents a group (agent, node), with
the number inside indicating the resource value. The gray ring represents the geographical structure, and each line connecting agents
denotes a relationship (edge). (a) In the RV model, the prime node shifts randomly within the geographical structure, and resources
are then allocated to other nodes. Following this, the game and reformation processes occur. The resource threshold for reformation
is fixed at 𝜃 = 0.5. (b) In the UV model, the prime node remains fixed, but the threshold 𝜃 fluctuates randomly, following an AR(1)
process.

https://doi.org/10.1371/journal.pcsy.0000038.g001

an AR(1) process [57–59], 𝜃t+1 = 𝜇𝜃(1 – 𝛽) + 𝜃t𝛽 + 𝜖, where 𝜇𝜃 is the expected value of 𝜃, 𝛽
is the autoregressive coefficient (0≤ 𝛽 ≤ 1), and 𝜖 is a normally distributed noise term with
mean 0 and standard deviation (SD) 𝜎𝜃 . The intensity of RV is determined by the shift range
of the prime node (𝜎R), while the intensity of UV is influenced by the autoregressive coeffi-
cient (𝛽) and the SD of the noise term (𝜎𝜃). We examine the impact of EV on the evolution of
cooperation under three scenarios: RV, UV, and combined variability (CV), where both the
prime node shifts and the threshold 𝜃 fluctuates.

Game
Communication over resources (such as primitive bartering, giving, looting) between agents
is represented by simple pairwise games. These games can only be played with an opponent
who is connected through a network edge. The probability that agent i selects agent j as its
game opponent from its neighbors is pGi,j = 1

n ; n is the number of neighbors of i, and neigh-
bors refer to an agent directly connected to i in the interaction structure network. The game
procedure follows a pairwise public goods game (PGG) [60–63] with resource threshold con-
siderations. First, assume that agent i selects agent j. If the agent is C, it contributes a surplus
resourceMi =max(ri – 𝜃, 0). If the agent is D, it does not contribute any resource. The contri-
buted resources are multiplied by a factor b (1≤ b≤ 2) and then equally divided between i
and j. The payoff table is as follows:

C D
C Ri,Rj Si,Tj

D Ti, Sj Pi,Pj
(1)

Ri = (
b
2
– 1)Mi +

b
2
Mj (2)
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Si = (
b
2
– 1)Mi (3)

Ti =
b
2
Mj (4)

Pi = 0 (5)

The social optimum, which maximizes the sum of both payoffs, is CC under b > 1. The
Nash equilibrium is when DD for b < 2. Thus, a social dilemma exists across the defined range
of b, except at the boundaries. Additionally, by solving Ti > Ri > Pi > Si, the condition for the
game to qualify as a prisoner’s dilemma is b > 1 + Mi–Mj

Mi+Mj
. If this condition is not met, then Ti >

Pi > Ri > Si.
We have chosen this game model instead of classic pairwise games to implement the condi-

tion that only agents with surplus resources can contribute to other agents. In classic pairwise
games, such as the prisoner’s dilemma or the snowdrift game, benefits and costs are fixed at
constant values. This implies that agents would cooperate identically, regardless of resource
abundance or scarcity, even under uncertain survival conditions. This assumption is incon-
sistent with our research context. Therefore, we have developed and adopted a novel pairwise
PGG model that accounts for resource availability.

Reformation
If, as a result of the games, an agent’s resource falls below the threshold 𝜃, it is considered to
have failed to adapt to the environment, triggering a reformation of its strategy and network
connections. An agent i that falls below 𝜃 randomly selects a role model. The probability that
j is chosen as its role model is pRj =

rj
∑k∈[1,..,N] rk

. The i imitates j’s strategy, with mutation occur-
ring at a probability 𝜇. Additionally, agents that fall below the threshold disconnect all of their
current relationships. They then randomly select the same number of new neighbors as the
number of disconnections and establish new connections. The probability that agent j is cho-
sen as a new neighbor is proportional to pRj . In other words, the higher the resource, the more
likely an agent is to be chosen as a role model and a new neighbor.

Evaluation
The simulation runs for 10, 000 generations, with 100 independent simulations conducted
for each parameter set (Table 1). Resource allocation and interactions, including games and
reformations, occur once per generation. The proportion of agents employing strategy C in
each generation is referred to as the cooperation rate. The average cooperation rate is calcu-
lated as the mean of the cooperation rates across trials, considering only the last 50% of the
generations. To assess the effect of EV on the evolution of cooperation we compared the aver-
age cooperation rates across different parameters controlling RV and UV, along with other
factors.

The effect of EV was assessed by comparing the average cooperation rates across various
parameters.

Results
Effect of RV
We first examined the impact of RV in isolation, without considering UV. Specifically, in each
generation, the prime node randomly shifts within the range of [–𝜎R,𝜎R], accounting for the
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Table 1. Parameters
Parameter Description Value
N Number of agents 100
nC0 Initial number of C agents 0
k0 Initial degree of the interaction structure

network
4

tmax Number of time steps (generations) for a
simulation

10,000

trials Number of simulations per parameter set 100
rmax Max resource 1.0
fRD Resource decrement factor 0.02
𝜎R Shift range of the prime node {0, 1, ..., 49}
𝜇𝜃 Expected value of threshold 𝜃 0.5
𝛽 Autoregressive coefficient of the UV {0.0, 0.1, ..., 0.9}
𝜎𝜃 SD of the noise term of UV {0.0, 0.1, 02}
b Multiplication factor for PGG {1.0, 1.1, ..., 2.0}
𝜇 Mutation rate for strategy imitation 0.01

https://doi.org/10.1371/journal.pcsy.0000038.t001

periodic boundary condition. The threshold 𝜃, which universally affects the resource welfare
of all agents, is fixed at 0.5.

The results (Fig 2a) suggest that RV can promote the evolution of cooperation. To elabo-
rate, when the prime node is fixed (𝜎R = 0), cooperation does not evolve. As variability slightly
increases (𝜎R = 1), the cooperation rate rises to around 10%. For b≤ 1.7, further increases
in variability do not promote additional cooperation, although the cooperation rate remains
higher than when 𝜎R = 0 or 1. However, for b ≥ 1.8, greater variability further enhances coop-
eration.

Despite the overall positive effect of higher variability on cooperation, cooperation is not
completely stable and fluctuates with temporary environmental changes. For example, when
b = 1.8 and 𝜎R ∈ [1, 4, 16], the temporal transition (Fig 2b) shows that the cooperation rate
rises and falls dramatically.

Fig 2. The effect of RV. (a) The effect of RV across b∈ [1.0, ..., 2.0]. The horizontal axis represents the intensity of RV, 𝜎R, and
the vertical axis shows the mean cooperation rate over the last 5, 000 generations, averaged across 100 trials. (b) Examples of coop-
eration rate transitions when b = 1.8 and 𝜎R ∈ [1, 4, 16]. The horizontal axis represents generations, and the vertical axis shows
the cooperation rate. Higher RV tends to result in fluctuations of the cooperation rate at higher levels, though convergence is not
observed.

https://doi.org/10.1371/journal.pcsy.0000038.g002
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Effect of UV
Next, we examined the effects of UV while excluding RV. As previously defined, UV refers
to fluctuations in the threshold 𝜃 across generations, which uniformly affects all agents. The
intensity of this variability is controlled by the autoregressive coefficient 𝛽 and the SD 𝜎𝜃 of
the noise term in the AR(1) stochastic model. With the prime node fixed at p = 1, resources
are allocated less as the distance from this node increases.

We found that while UV promotes the evolution of cooperation to some extent, its effect
is considerably more limited than that of RV. For 𝜎𝜃 = 0.1, the cooperation rate gradually
increases when 𝛽 exceeds 0.5, but it peaks at just 30% (Fig 3a). For 𝜎𝜃 = 0.2, the cooperation
rate remains between 20% and 30%, regardless of 𝛽, and increasing variability further does
not affect these outcomes (Fig 3a).

Effect of CV
We then examined the combined effects of both RV and UV.The results (Fig 4) show that,
consistent with the separate analyses above, RV strongly promotes the evolution of coopera-
tion, while UV has much subtle effect.

Primary drivers of the results
The results are driven by two key factors:

1. the effects of mutation and EV, which promote fluctuations in cooperation rates
2. the coevolution of cooperation and network structure.

First, RV increases the fluctuations in the cooperation rate, rather than the rate itself. Fig 5a
shows the effect of EV on strategy distribution in a model that entirely excludes the effects of
games and networks. When these effects are excluded, changes in strategy distribution occur
solely due to mutation and strategy updating. The Y-axis represents the number of agents gen-
erated by mutation in one generation, who then serve as role models for strategy updating in
the next generation. These agents are the source of changes in strategy distribution. The line

Fig 3. The effect of UV. (a) The effect of UV across b∈ [1.0, ..., 2.0] and 𝜎𝜃 ∈ [0.1, 0.2]. The horizontal axis represents the
intensity of UV, 𝛽, and the vertical axis shows the mean cooperation rate over the last 5, 000 generations across 100 trials.
(The line color scheme of these lines is same as in Fig 2a.) (b) Examples of the cooperation rate transition when b = 1.8 and
(𝛽,𝜎𝜃)∈ [(0.1, 0.1), (0.1, 0.2), (0.9, 0.1)]. The horizontal axis represents generations, and the vertical axis shows the cooperation
rate. Higher UV tends to result in the cooperation rate fluctuating at higher levels, but convergence is not observed.

https://doi.org/10.1371/journal.pcsy.0000038.g003
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Fig 4. The effect of CV (b = 1.8). (a) and (b) represent cases with 𝜎𝜃 = 0.1, each with a different x-axis. These plots show that RV
increases the cooperation rate significantly, while UV has a limited effect. (c) and (d) represent cases with 𝜎𝜃 = 0.2, with different
x-axis. The lines are almost flat except in the range 𝜎R = 0 to 1, indicating that when UV is too high, not only UV but even RV has
no effect on the cooperation rate.

https://doi.org/10.1371/journal.pcsy.0000038.g004

for RV in the figure shows that as the variability increases, the number of mutated role models
increases linearly. Fig 5b “3. (env, C rate)” shows that the time series of RV and the coopera-
tion rate in each of the 100 trials are completely uncorrelated. Furthermore, the results remain
unchanged even when cross-correlation analysis is performed, accounting for time delays.
Therefore, it is evident that RV does not directly affect the cooperation rate but instead pro-
mote fluctuations in it. This can be explained as follows: agents in poorer regions frequently
undergo reformations and mutations. When RV is small, agents rarely accumulate resources
in the next generation, causing them to undergo reformations again. However, when variabil-
ity is large, agents may become resource-rich in the next generation, and they potentially sur-
vive to influence the strategy updates of other agents. When RV is large, the cooperation rate
is more likely to fluctuate up and down.

Notably, the analytical solution (6) aligns closely with the simulation results for RV shown
in Fig 5a.

E[nMR] =
n
∑
k=0

𝜇k(1 – 𝜇)n–kk𝜎R
N

= n𝜇
N
𝜎R (6)
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Fig 5. Effects of EV on cooperation. (a) The number of mutated role models as a function of RV and UV.The simulations are
based on a model that excludes games. Therefore, the figure shows how EV and reformation impact the system without the effect of
games or network structure. (b) Correlation analysis through time series (10, 000 generations) between variables related to EV (For
RV, env refers to the shift distance of the prime node per generation; for UV, env refers to the value of threshold 𝜃), network struc-
ture (degree SD: standard deviation of degrees, hub count: number of nodes with a degree of 10 or more), and cooperation (C rate:
frequency of C, resource diff: the difference in average resources between C and D, and degree diff: the difference in average degree
between C and D). The mean correlation coefficients are averaged over 100 trials for both RV and UV. b = 1.8 for all simulations,
𝜎R = 16 for RV, and 𝛽 = 0.7, 𝜎𝜃 = 0.1 for UV.

https://doi.org/10.1371/journal.pcsy.0000038.g005

In this equation, E[nMR] denotes the expected number of mutated role models, which are
generated through mutation and later serve as role models for the strategy updates of other
agents. The right-hand side of the equation represents the expected number of mutated agents
within a population of reformed agents, n, weighted by the effect of RV, 𝜎R, across the entire
agent population, N. This equation is simplified by applying the formula for the expectation of
a binomial distribution.

Second, once the cooperation rate increases, it is likely sustained through the coevolution
of cooperation and network structure. Fig 5b 7 indicates that the cooperation rate is correlated
with the difference in resources between C and D. This correlation likely arises because, as the
frequency of C increases, mutual support among Cs strengthens, leading to an increase in the
average resources of C. Fig 5b 8 further shows that the difference in resources is strongly cor-
related with the difference in network degree between C and D. This occurs because, in the
reformation process of our model, agents with more resources acquire more edges. Finally,
Fig 5b 6 demonstrates that there is a correlation between the difference in degree and the
cooperation rate. This is likely because, as shown in several studies [63–65], heterogeneous
degree distributions tend to facilitate cooperation in networks. Thus, a positive feedback
loop can form, in which an increase in the cooperation rate induces resource heterogeneity,
which subsequently results in network degree heterogeneity, and this network heterogene-
ity, in turn, reinforces the cooperation rate, which is thought to help sustain the maintenance
of a cooperation rate that initially emerged by chance. This explanation is based on correla-
tion and inference, and does not rule out the involvement of other factors. One possible fac-
tor is the influence of resource heterogeneity on strategy update frequency, which has been
suggested to promote cooperation [66]. This process may operate alongside the previously
described process where an increase in the cooperation rate widens the resource gap between
C and D.

In contrast, UV does not significantly promote cooperation for two reasons: it fails to gen-
erate sufficient fluctuation in the cooperation rate, and it inhibits the coevolution of coopera-
tion and the network structure. As shown by the two UV lines in Fig 5a, increasing variability
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does not substantially increase the number of mutated role models, unlike the linear relation-
ship seen with RV. Furthermore, when UV is intense and the threshold 𝜃 becomes very large,
almost all agents undergo reformation. This leads to a reduction in network heterogeneity,
which is critical for the coevolution of cooperation and network structure. This is reflected by
the strong inverse correlation between UV and network heterogeneity (Fig 5b 1-2). The fac-
tors that promote cooperation in RV are ineffective in the context of UV, which explains why
UV does not significantly promote cooperation. When RV and UV are combined in the CV
model, the results remain consistent, RV promotes cooperation, while UV has a much smaller
effect.

In summary, the observed patterns in cooperation rates can be attributed to the combined
effects of mutation and EV, as well as the coevolution of cooperation and network structure.
Specifically, when these two factors work well together, as in the RV model, environmental
change promotes cooperation. However, when the first factor is weak and inhibits the second,
as in the UV model, cooperation is less likely to evolve.

Discussion
Building on Potts’s VSH [6,7], we explored the effects of EV through two simplified mod-
els: RV and UV models. Our results show that RV clearly promotes the evolution of cooper-
ation, while UV has a much smaller effect. The reason RV fosters cooperation is that it dis-
rupts the distribution of strategies, and the cooperative states that occasionally emerge from
these disturbances are sustained by the coevolution of cooperation and network structure. In
contrast, UV does not significantly promote cooperation because the disturbances it causes
are insufficient and because it hinders the evolution of the network structure. Even when
both RV and UV are combined, only RV proves effective, with UV having little impact. Thus,
when EV’s disturbance effect and the coevolution of cooperation and network structure align,
EV facilitates the evolution of cooperation. However, EV does not promote cooperation if it
fails to create sufficient disturbance in strategy distribution or if it undermines the network’s
heterogeneous structure.

Our study offers a new perspective on the evolution of cooperation and has the potential to
guide future research on modern human behavior in archaeological contexts. First, although
some research on the evolution of cooperation considering EV has been conducted in biology
and physics [45–49], few studies have approached it from an anthropological perspective. To
address this gap, we offer a novel explanation for how EV may influence cooperative behavior,
using a model that simulates interactions among human groups during the MSA. Notably, we
also identify a key condition for EV to promote cooperation: cooperation and network struc-
ture must coevolve effectively. Second, our findings suggest that the VSH, which has primarily
been linked to the CBH, may also be connected to the SBH, thus expanding the scope of VSH.
The conventional CBH explanation [6,7,18–20] is that the brains of the “versatilists,” evolved
to rapidly adapt to new environments under EV, contributing to the development of mod-
ern human behavior. In contrast, our novel interpretation, linking EV to SBH, suggests the
following sequence. EV promotes intergroup cooperation, as demonstrated in our study. The
cooperation likely leads to the emergence of more complex, interdependent societies, which
introduce new social challenges such as communication, coordination, and conflict resolu-
tion across group boundaries. The increasing complexities of these societies exerts selection
pressure on cognitive abilities, favoring individuals who are better equipped to navigate these
dynamics. Over time, this process likely drives the evolution of modern human behavior,
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characterized by advanced intellectual abilities and complex social structures. Finally, not pre-
viously mentioned, our network model, which incorporates both relationship and geograph-
ical structures, can be viewed as a type of multiplex network [67]. This perspective opens
new avenues for mutual enrichment by enabling comparisons between our findings and the
extensive body of research on multiplex and multilayer networks [67–70], potentially pro-
viding deeper insights into the dynamics of cooperation within complex social and spatial
frameworks.

Although this study provides valuable insights into the relationship between EV and coop-
eration, several limitations should be considered for a more comprehensive understand-
ing. These limitations include the validity of our model in relation to real-world scenarios
during the MSA, the extent to which our results explain actuality, and the need for further
mathematical analysis. We have prioritized simplicity in constructing the model; , it is essen-
tial to verify which aspects align with reality and which do not. This includes evaluating the
EV patterns, geographical structure, population and grouping dynamics, the specifics speci-
fies of intergroup interactions (game), and the mechanisms through which collective behav-
iors propagate (reformation), as influenced by empirical research. An important aspect of
intergroup interactions that our current model does not account for is an interaction model
biased by the memory of past cooperation and exploitation. This extension, which assumes
that agents interact more frequently with those who have previously cooperated with them
while avoiding those who have not, could provide insights into the emergence of more com-
plex social structures. Meanwhile, as our model focuses on the effects of resource variability,
neighbor selection is driven by resource availability. However, in reality, the network is also
shaped by exogenous and random factors. Models incorporating such factors, known as tem-
poral networks [71–73], have received growing attention. Future extensions accounting for
these factors may provide new insights and broaden our research scope. Additionally, pop-
ulation changes and mobility must be considered, and we plan to address mobility in future
work. We also need to wait for future empirical studies to assess how well our results corre-
spond to the actual events of the MSA. Furthermore, mathematical analysis is required to
better understand the conditions under which EV and other dynamic structures can foster
cooperation. Although the complexity of the phenomenon makes it challenging to propose
analytical solutions, theoretical research using simpler models should complement our find-
ings. Thus, while our study does not aim to establish universal laws, it presents a valuable
hypothesis that is expected to guide future theoretical and empirical research in this area.
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