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H I G H L I G H T S

! We model the evolution of fairness in the dictator game.
! We show that fairness is favored at the level of the group.
! An agent-based is used in evolutionary simulations of the dictator game.
! Evolved levels of fairness can explain empirical results from dictator games.
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a b s t r a c t

The most perplexing experimental results on fairness come from the dictator game where one of two
players, the dictator, decides how to divide a resource with an anonymous player. The dictator, acting
self-interestedly, should offer nothing to the anonymous second player, but in experimental studies,
dictators offer much more than nothing. We developed a multilevel selection model to explain why
people offer more than nothing in the dictator game. We show that fairness can evolve when population
structure emerges from the aggregation and limited dispersal of offspring. We begin with an analytical
model that shows how fair behavior can benefit groups by minimizing within-group variance in
resources and thereby increasing group fitness. To investigate the generality of this result, we developed
an agent-based model with agents that have no information about other agents. We allowed agents to
aggregate into groups and evolve different levels of fairness by playing the dictator game for resources to
reproduce. This allowed multilevel selection to emerge from the spatiotemporal properties of individual
agents. We found that the population structure that emerged under low population densities was most
conducive to the evolution of fairness, which is consistent with group selection as a major evolutionary
force. We also found that fairness only evolves if resources are not too scarce relative to the lifespan of
agents. We conclude that the evolution of fairness could evolve under multilevel selection. Thus, our
model provides a novel explanation for the results of dictator game experiments, in which participants
often fairly split a resource rather than keeping it all for themselves.

& 2015 Elsevier Ltd. All rights reserved.

1. Introduction

People often behave fairly even when it is not in their self-
interest (e.g., Forsythe et al., 1994; Oosterbeek et al., 2004; Henrich
et al., 2006, 2010; Engel, 2011; Yamagishi et al., 2012). Perhaps
the most perplexing cases of this apparently irrational behavior
are found in experiments using the dictator game (DG). A DG
consists of two players and a resource to divide. One player, the
dictator, decides how to divide the resource and can offer a portion
of the resource to the other player, the recipient. The recipient
can only accept what is offered. Unlike other fairness games such

as the ultimatum and public goods games, the recipient has
no leverage on the dictator. In experimental contexts in which
both players are anonymous, punishment, reputation, and
reciprocity can play no direct role. It is therefore always in the
self-interest of the dictator to offer nothing to an anonymous
recipient. Nevertheless, experimental studies have consistently
found that dictators offer much more than nothing to anonymous
recipients (e.g., Forsythe et al., 1994; Henrich et al., 2006, 2010;
Engel, 2011). A meta-analysis of DG experiments found a mean
offer of 28% (Engel, 2011), while the largest cross-cultural study
to date found a mean offer of 37% across societies (Henrich et al.,
2010).

Why people offer fair divisions of a resource in the DG is
difficult to explain from an evolutionary perspective, but headway
has been made. André and Baumard (2011) showed that if
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recipients (i) are less common than dictators in a market, (ii) have
information about how dictators played in the past, and (iii) can
choose a dictator based on information they have, then fairness
can evolve. That is, when recipients are rare in a market, dictators
who make unfair offers are not selected as partners and thus suffer
the cost of not participating in a game.

These theoretical results run into difficulty when applied to fair
behavior in DG experiments. In André and Baumard (2011)’s
analysis, individuals have access to information about other
individuals’ past behavior and reputation plays the key role in
explaining the evolution of fairness. In typical DG experiments,
dictators and recipients are anonymous with no access to informa-
tion about the past behavior of others. Anonymous players are
randomly paired in these experiments, eliminating market condi-
tions. It is therefore not in the self-interest of a dictator to offer
anything at all to an anonymous recipient. Thus, the theoretical
assumptions of André and Baumard (2011)’s analysis do not match
the very specific conditions of DG experiments.

The ultimatum game (UG) is similar to the DG except that the
recipient explicitly has leverage over the proposer through the
ability to reject offers. If the recipient accepts the offer, it is divided
as proposed otherwise both players receive nothing (Guth et al.,
1982). There is no advantage to the proposer in offering more than
the least amount the responder will accept and so the self-
interested solution to the UG is for the proposer to offer the least
amount possible and for the responder to accept any positive offer
(Guth et al., 1982). Because of similarities between the UG and DG,
theoretical insights into the UG may provide theoretical insights
into the DG.

Page et al. (2000) showed that spatial structure matters in
evolutionary simulations of the UG. Fairness could evolve if agents
aggregate with agents that use the same strategy with rejection
levels just below offer levels. Although recipients in the DG cannot
reject offers, Page et al. (2000)’s results suggest that space may be
important for the DG (Page et al., 2000; Iranzo et al., 2011).
Kuperman and Risau-Gusman (2008), Sinatra et al. (2009),
Eguíluz and Tessone (2009), and Iranzo et al. (2012) reported
theoretical results that support the importance of clusters of
agents (in networks) in the evolution of fairness. Gao et al.
(2011) showed that if network structure is allowed to evolve,
clusters of agents evolve fair offers and relatively low rejection
levels. This suggests that spatial clustering of similar agents may
promote the evolution of fairness, but these theoretical
approaches still require the leverage of rejection by the recipient
to explain the evolution of fairness.

Researchers have also theorized that positive or negative
reciprocity has played a key role in the evolution of fairness
(Henrich et al., 2006; Dawes et al., 2007; Fehr et al., 2002). It
could be that some participants in DG experiments do not fully
understand the experimental conditions and expect reciprocity
from their opponent even when anonymous. However, recent
experimental results have found no relationship between behav-
ing fairly in the DG and reciprocity in the ultimatum, prisoner’s
dilemma, and trust games, which casts doubt on reciprocity
explanations of fairness (Yamagishi et al., 2012).

Another explanatory route is to examine the role of positive
and negative emotions on fairness. In a recent study on the
development of sharing in children playing the DG, researchers
found that sharing behavior was positively related to both feelings
of sympathy and feelings of guilt (Ongley and Malti, 2013).
Another study found that empathy induced higher offers in both
young adults and older adults and especially high offers in older
adults (Beadle et al., 2013). Although prosocial emotions such as
sympathy, empathy, or feelings of guilt towards a recipient may be
proximate causes for fairness in the DG, the ultimate question of
why fairness is beneficial remains unexplained.

Darwin (1871) recognized that prosocial traits such as sym-
pathy, empathy, or feelings of guilt are difficult to explain by
natural selection on individuals: “It is extremely doubtful whether
the offspring of the more sympathetic and benevolent parents, or
of those who were the most faithful to their comrades, would be
reared in greater numbers than the children of selfish and
treacherous parents belonging to the same tribe” (Darwin, 1871,
p. 163). Darwin’s solution to the problem of prosocial or altruistic
traits was population structure. When groups can form in a
population, selection can favor altruistic traits at the level of the
group even if such traits are not favored at the level of the
individual: “A tribe including many members who, from posses-
sing in a high degree the spirit of patriotism, fidelity, obedience,
courage, and sympathy, were always ready to aid one another, and
to sacrifice themselves for the common good, would be victorious
over most other tribes; and this would be natural selection.”
(Darwin, 1871, p. 166).

We theorize that the evolutionary problem of explaining fair-
ness in the DG may require selection at the level of the group. We
begin with a simple analytical model, which demonstrates that
group selection can favor the evolution of fairness. To assess the
generality and robustness of this result, we developed a spatially
explicit agent-based model with agents that play the DG for
resources to reproduce. The only trait that evolves in our model
is the proportion, p, of a resource that is offered by an agent
playing the DG. Using evolutionary simulations, we will show that
multilevel selection emerges from the spatiotemporal interactions
of agents. We will also show that individual and group selection
oppose each other, and that the main factor in the evolution of
fairness is the population structures that emerge under different
population densities. We will find that while mutation and drift
have detectable effects on the evolution of fairness, they are
generally overwhelmed by individual selection. Finally, we will
compare the results of our agent-based evolutionary simulations
to a meta-analysis of DG experiments to assess the empirical
plausibility of our model as an explanation of participants’ fair
behavior in DG experiments.

2. A simple model

Consider a population of two isolated groups of agents that
play the DG for resources to reproduce. When an agent finds a
resource, it divides that resource with another randomly selected
agent in its group. For ease of analysis, one group consists entirely
of fair agents (who offer half the resource) and the other consists
entirely of unfair agents (who offer nothing). On each round of
play, half of the agents in each group are randomly selected to
obtain a resource and randomly paired with a non-selected
member of their group. Each pair then plays the DG. Agents in
the fair group split the resource, so if the dictators find 10 units of
a resource, all agents in the fair group end up with 5 units of the
resource. In the unfair group, the dictator keeps all of the resource
and the recipient receives nothing. Thus, half of the agents end up
with all of the resource and the other half receive nothing. In the
long run, however, each agent is equally likely by chance to be a
dictator or recipient in each round, so the expected payoff for both
fair and unfair agents is the same: 5 units per round. Because there
are no differences in expected payoffs between fair and unfair
groups, how can there be fitness differences between groups?

Although the expected payoff for agents is the same in fair and
unfair groups, the variance in payoffs within a group differs
between groups as a function of fairness. Agents in a fair group
split the resource evenly and so the variance in payoffs among
agents is zero. Agents in an unfair group do not split the resource
evenly and so the variance in payoff among agents is greater than
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zero. Assuming that the degree of fairness, unfairness, or hyper-
fairness (i.e., hyperfair dictators offer more than 50% of a resource)
can vary among groups of agents, then for homogenous groups of
agents in which half are dictators and the other half are recipients,
it is straightforward to show that the within-group variance, σ2, in
the division of a resource, RG, is given by Eq. (1):

σ2 ¼ R2
G

1
4
#pþp2

! "
ð1Þ

where p is the proportion of the resource offered by dictators. If
dictators are completely fair (p¼0.5), the variance in resources,
after the members of the group play, is zero. As p approaches 0
(unfair) or 1 (hyperfair), the variance increases monotonically as
illustrated in Fig. 1A. This suggests that fairness at the level of the
group could be selected for if within-group variance in resources
can be converted into between-group variance in fitness. Fairness
would be favored if low within-group variance in resources is
converted into high group fitness.

To show that low variance in resources can be converted into
high group fitness, consider the same population as before with
more detail about how agents use resources to reproduce. For ease

of analysis, we assume all agents have the same properties (i.e.,
they are the same age, A0, have the same initial resources, R0, and
have the same reproductive threshold RT—the quantity of
resources required to reproduce) except for their group-specific
fairness given by p. On each round of play, each agent plays
another randomly selected member of its homogenous group. Half
of the agents in each group are randomly selected as dictators, the
other half as recipients, and then randomly paired. The quantity of
resource, RG, played for on each round is constant. In the unfair
group, dictators offer nothing (p¼0) and in the fair group,
dictators offer half (p¼1/2).

Assume that agents can reproduce when their accumulated
resources reach a threshold, RT, and that R0 is the quantity of
resources each agent has initially. Further, assume that an agent
requires kRG additional resources to exactly reach its reproductive
threshold, RT, where k is a positive integer, so that

RT ¼ R0þkRG ð2Þ

Because all agents start with exactly R0 resources and get RG/2
resources on each round of play, we can immediately see from Eq.
(2) that 2k rounds are required for fair agents to reach their
reproductive threshold, RT.

For unfair agents, the expected number of rounds to play
to reach the reproductive threshold is more complicated. On
each round of play, half of the agents receive RG resources and
the other half receive zero. Because an unfair agent receives either
RG or zero with equal probability in each round, the precise
number of rounds to reach the reproductive threshold depends
on chance.

An unfair agent must be a dictator k times to reach the
reproductive threshold, RT. For example, if k¼5, then an unfair
agent might by chance have the payoff sequence {0, RG, RG, 0, RG, 0,
0, 0 RG, 0, RG}. Notice that for any sequence of all or nothing rounds
of play with payoffs that sum to kRG, the sequence must end with a
payoff of RG. Thus, there are k#1 rounds for which a payoff of RG
can occur by chance with the last round in a sequence fixed as RG
and there are r rounds for which an agent receives nothing by
chance. There are indefinitely many possible sequences of length
x¼kþr. This is a classic negative binomial problem and so the
probability of a sequence is calculated using Eq. (3).

PðxÞ ¼
ðx#1Þ!
r!ðk#1Þ!

1
2

! "x

ð3Þ

Fig. 1B illustrates how groups of fair and unfair agents
approach the reproductive threshold, RT. In this case, fair agents
reach RT simultaneously in 10 rounds of play, while in the same
amount of time, only 62% of the unfair agents have reached the
reproductive threshold. If all the agents died after 10 rounds of
play, the group of unfair agents would only have produced 62%
as many offspring as the fair group. This would be an extreme
case, but it illustrates the potential reproductive advantage for
fair groups over unfair groups of agents at the end of their
reproductive lifespans. This is an advantage for groups of fair
agents so long as agents do not have effectively unlimited
reproductive lifespans.

These results suggest that if there are sufficient resources to
reproduce, agents that fairly distribute resources in a group can
make more efficient use of those resources—as a group—for
reproduction. Our model used the extreme case of agents with
synchronized lifespans to make this point. The question remains:
does the reproductive advantage of minimizing within-group
variance in resources by behaving fairly generalize to populations
of agents that have variable lifespans and other properties generic
to organisms?

Fig. 1. Resource variance and the probability of reproducing for the simple
analytical model. The change in variance, σ2, in resources as a function of the offer
proportion, p, given a resource quantity RG as defined in Eq. (1) (A). The expected
variance (blue curve) is plotted for a group with RG¼10 and expected payoff of 5
(red line). The cumulative probabilities of reaching the reproductive threshold in n
rounds of playing the DG as a function of lifespan for fair (blue curve) and unfair
(red curve) agents (B). For this plot, RT¼100, R0¼50, RG¼10, and k¼5. The arrow
marks 10 rounds of play at which all fair-agents reproduce in this scenario. (For
interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)
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3. An agent-based model

To assess whether the possible fitness benefits of minimizing
within-group variance in resources generalize to populations of
agents with more realistic biological properties, we created an
agent-based model. Agent-based models allow the creation of
virtual individuals that can move and interact in spatial environ-
ments. By allowing virtual individuals to move, interact, and
reproduce, population structure can emerge (i.e., by forming
isolated and partially isolated groups of agents). In addition to
creating spatially explicit agents that could move and aggregate
into groups, our agents could also invest in offspring (parental
investment), store resources, and have variable lifespans. Our
agents, however, had no other characteristics such as memory,
reputation, or preferences of any kind. By creating agents with
properties common to most organisms that engage in social
behavior we are able to systematically explore how each of these
biological characteristics could positively or negatively affect the
evolution of fairness. This allows us to more thoroughly investi-
gate the robustness of the evolution of fairness to changes in
generic biological characteristics.

3.1. Model summary

Agents are located in a 2-dimensional discrete grid (X' Y) with
a toroidal coordinate system. If an agent does not die, it first
determines if there is another agent in its local neighborhood (i.e.,
the eight cells surrounding it: its Moore neighborhood; see Fig. 2
for an agent behavior flowchart). If there are no agents in its local
neighborhood but there is at least one in its search radius, it moves
towards it (if there is more than one, it selects one to randomly
move towards). If there are no agents in its search radius, it moves
one cell in a random zigzag pattern (Smaldino and Schank, 2012).
If there are agents in its local neighborhood, it randomly chooses
one of them to play. If that agent has not yet played this round,
they play the DG. Whether or not an agent plays, it always
attempts to reproduce if the conditions for reproduction are met.
If an agent reproduces, it has one offspring that appears in a
randomly selected empty cell in the agent’s local neighborhood.
When all agents in the population complete this process, a round
is finished. The order in which all agents play on the next round is
then randomized. The model was implemented in Java using
MASON, a multi-agent simulation package (Luke et al., 2005).
The next subsections describe the model’s components and
processes in more detail.

3.2. Mobility and aggregation

Aggregation facilitates the emergence of groups in a population
and mobility allows migration of agents among groups. An agent
attempts to maintain contact with at least one other agent in its
Moore neighborhood. When an agent does not contact at least one
other agent, it searches for other agents in a radius of SR¼2 cells
(i.e., a 5'5 square of cells centered on the agent’s cell). If it finds
agents in the search radius, it moves toward a randomly selected
one, otherwise it moves to a random cell. Only one agent can
occupy a given cell at a time. If an agent attempts to move into an
already occupied cell, then the attempt fails and the agent remains
in the same location. Parameters were selected to produce weak
aggregation, which allowed multiple groups to form over time.

3.3. Lifespan

We assumed reproductive lifespan is equivalent to total life-
span. Each agent has a fixed lifespan of L rounds of play, which is
assigned at birth (or at the start of a simulation). For each agent, L

is a number randomly drawn from a Gaussian distribution with
mean L0 and standard deviation SDL and rounded to an integer. If
Lr0, an agent dies and is removed from the simulation. This
occurs when either (i) an agent is initially assigned a random life
span, Lr0 or (ii) an agent has lived for L rounds of play and L has
decremented to 0.

3.4. Resources for reproduction

Agents obtain resources for reproduction only by playing the
DG with each other. Dictators and recipients are randomly
determined on each round. The dictator receives (1#p)RG of the
resource and the recipient receives pRG of the resource. The
quantity of resource played for by each pair of agents is a real
number randomly drawn from a Gaussian distribution with mean
RG and standard deviation SDRG. The resources played for are thus
continuously divisible quantities. By introducing normal variation,
the resources played for can be negative, with low probability, for
a given game (e.g., when RG¼10 and SDRG¼1, the likelihood that
RG is negative is a ten-sigma event, with far less than one expected
occurrence in all of the simulations we ran). Finally, an agent’s
accumulation of resources is limited to its resource storage
capacity.

Fig. 2. A flowchart of an agent’s decisions and events during a round of play for
both multilevel and individual-only simulations. The group-only simulations
differed from multilevel simulations only in that mutations were not introduced
during reproduction.
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3.5. Reproduction and heritability

As an agent accumulates resources, it can reproduce if all condi-
tions for reproduction are met: (i) RZRT, (ii) the current population
size, N, is less than the maximum population size, K, and (iii) there is
an unoccupied cell in the reproducing agent’s local neighborhood. If
these conditions are not satisfied, it keeps it resources and attempts to
reproduce on the next round if it is still alive. The fairness of an agent
is defined by its offer proportion p. Offspring inherit the offer
proportion, p, of their parents with mutation, such that p0¼pþ∆p.
Mutations occur at rate μ, which is the probability that an offspring
has a mutation in p. The size of a mutation is determined by randomly
drawing a real number from the uniform distributions ∆pA[#mμ,
mμ] with p0¼pþ∆p constrained to the range [0,1] (e.g., if the parental
offer proportion is p¼0.9 and a mutational change of ∆p¼0.17 occurs,
then the new offer proportion, is p0¼1.0 and not 1.07).

3.6. Parental investment

A parent agent invests a proportion of its resources in its
offspring at the time of reproduction; this is the offspring’s
starting resource level. Thus, when an agent reproduces, it invests
a portion, q, of its resources in its offspring and retains (1#q)R
resources. The offspring therefore begins its life with qR resources
and the parent loses qR resources, which typically require a parent
to obtain more resources before reproducing again.

4. Simulations

4.1. Resources and lifespan

We begin by simplifying the model described above by holding
constant parental investment, the resource storage capacity, RC, and
assuming the reproductive threshold, RT¼RC¼50 units of resource.
This results in a model that is a more natural extension of the
analytical model in which we can investigate the quantity of game
resources played for and agent lifespan. As with the analytical model,
agents at the start of a simulation all have 50 units of resources, their
offspring are born with 50 units of resources, and agents after
reproducing, return to 50 units of resources. Finally, population
structure emerges endogenously from spatial aggregation and limited
dispersal of offspring (see Table 1 for fixed parameters).

4.1.1. Methods
Each simulation started with a population size of N¼K¼250

agents. Each agent was randomly placed at a unique location on
the 2-dimensional grid and initialized with R0¼50 units of
resources. The initial age, A0, of all agents was set to 1 (see
Table 2). The offer proportions, p, for each agent was a random
real number drawn from a uniform distribution [0, 0.1]. Thus, all
agents were very unfair at the beginning of all simulations with an
expected offer proportion of p¼0.05.

We systematically varied four parameters: RG (game resources)'
SDRG (game resources SD)' L0 (expected lifespan)' SDL (lifespan
SD)¼378 combinations of parameter values (see Table 3). One
hundred simulations were run for each combination of parameter
values and each simulation lasted 100,000 rounds and at the end of
each simulation, the mean offer proportion (fairness) was recorded.

4.1.2. Results
We found that fairness evolved as a function of both the

quantity of resources played for and lifespan. As game resources
played for increased, so did the mean evolved proposal levels (see
Fig. 3). Individual random variation in lifespans yielded no sig-
nificant effects on evolved proposal levels, but as expected lifespan
increased, so did the evolved mean proposal levels. When there
was no random variation in RG, there were some non-monotonic
effects of RG. For example, irrespective of expected lifespan, mean
evolved proposal levels were much higher for RG¼9 or 11 than
when RG¼10. When random variation was introduced into RG,
these effects were greatly reduced (Fig. 3).

For a lifespan of 50 rounds, mean evolved proposal levels only
exceeded 0.05 (the mean initial proposal level) for RGZ11 and for
RG¼2, 3, resources, all populations went extinct (Fig 3A). For a lifespan
of 100, mean evolved proposal levels exceeded 0.05 for RGZ6
(Fig. 3B). For a lifespan of 150, mean evolved proposal levels exceeded
0.05 for RGZ6 (Fig. 3C). Thus, fairness evolved when game resources
were not too low and mean lifespans were not too short.

4.2. Full model

In these simulations, we relaxed the assumptions from the
previous simulations and varied parental investment and resource
storage capacity, RC. We also chose representative intermediate para-
meter values from the previous simulations (see Table 4). To separate
the effects of individual selection from multilevel selection, we ran an

Table 1
Fixed parameters for resources and lifespan simulations.

Description Parameter Values and descriptions

Mutation rate μ 0.01; the mutation rate
Mutation range mμ [#0.25, 0.25]; range of uniform random mutations
Grid size X'Y 50'50; grid dimensions in number of cells
Search radius SR 2; distance in cells, an agent searches for other agents when attempting to aggregate
Reproduction resource threshold RT 100; the resource threshold required for an agent to reproduce
Parental investment q 0.5; the proportion of resources invested in offspring
Resource storage capacity RC 100; maximum resource storage capacity

Table 2
Initial conditions for resources and lifespan simulations.

Description Parameter Values and descriptions

Starting resource R0 50; the quantity of resources an agent has at the beginning of a simulation
Starting age A0 1; the age of agents at the start of a simulation
Starting population size N0 K; the starting population size
Max population size K 250
Starting offer proportion p [0, 0.1]; the range of uniform random offer proportions at the start of a simulation
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additional set of simulations for each set of parameter values. In the
individual selection-only simulations, before each round of play, agents
randomly swapped locations with each other (i.e., for each agent i in
the population, an agent j was randomly selected and their spatial
coordinates were swapped). Randomly swapping agents effectively
randomized agent game interactions while preserving the population
structure, thereby eliminating group selectionwhile controlling for the
effects of spatial organization (see Fig. S1 in Appendix A for an
illustration of agent swapping). Thus, for each combination of para-
meter values described below, we ran two sets of simulations:
multilevel and individual selection-only.

4.2.1. Methods
Each simulation started with a population size of N¼K agents.

Each agent was randomly placed at a unique location on the 2-
dimensional grid and initialized with R0 resources. The initial age,
A0, of all agents was set to 1 (see Table 5). The offer proportions, p,
for each agent was a random real number drawn from a uniform
distribution [0, 0.1]. Thus, all agents were very unfair at the
beginning of all simulations.

We systematically varied three parameters for both the full multi-
level model and for the individual-only swapping model: d (popula-
tion density)' q (parental investment)'RC (resource storage
capacity)¼84 combinations of parameter values (see Table 6). Popula-
tion density, d, was defined as d¼K/(X'Y). For multilevel and
individual-only selection simulations, 100 simulations were run for
each combination of parameter values. Each simulation lasted 100,000
rounds and at the end of each simulation, the mean offer proportion
(fairness) was recorded (see Table 4 for the fixed parameters).

To assess the consistency of these simulation results with
experimental data, we plotted all combinations of parameter
values (d' q'RC) for the multilevel and individual-only simula-
tions with the data from Engel (2011)’s meta-analysis of the DG.
Engel (2011) found that people on average offer 28% (SD715.5%)
of a resource.

4.2.2. Results
For the multilevel simulations, fairness evolved to levels consis-

tent with data from DG studies (Fig. 4A; see Fig. 5 for a representative
simulation). The simulation data, on average, were within one SD of
Engel (2011)’s meta-analysis mean for at least one combination of
parameter values (q'RC) for population densities up to about 0.4
(1000 agents). This demonstrates that the model could explain the
wide range of results observed across studies and cultures based on
different population parameters. For two combinations of parameter
values (q¼0.75, RC¼300, UL) and a population density of 0.02 (50
agents), simulation means were far above Engel’s meta-analysis
mean but close to Henrich et al. (2010)’s cross-cultural mean (37%,
SD718.9). As population density increased, mean evolved offers
decreased (Fig. 4A; see Fig. S2 in Appendix A for snapshots of
simulations with different population densities). Simulations with
high resource storage capacity (i.e., 300 resource units or higher) and
high parental investment (i.e., 50% investment or higher) tended to
have the highest overall levels of fairness (Fig. 4A). Those with low
parental investment and low resource storage capacity evolved the
lowest mean offers (Fig. 4A). Finally, we found that the degree of
random variability in lifespan did not affect the level of fairness that
evolved. For example, for the set of parameter values (i.e., 250 agents,
q¼0.5, RC¼150, and SDL¼5) that produced a mean evolved fairness
level of 28.75%, which was close to Engel (2011)’s meta-analysis
mean, we found that increasing the lifespan standard deviation by a
factor of 10 (i.e., SDL¼50), produced essentially the same evolved
fairness level of 28.91%.

In contrast to the multilevel selection simulations, the evolved
fairness levels for all population densities were much lower than

Table 3
Parameter sweeps for preliminary simulations.

Description Parameter Values

Game resources RG 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15
Game resources SD SDRG 0.0, 0.1, 0.2
Expected lifespan L0 50, 100, 150
Lifespan SD SDL 5, 10, 15

Fig. 3. Evolved mean offer levels for different game resources, (RG ¼ 2, …, 15),
variation in game resources (SD ¼ 0.0, 0.1, 0.2), and mean lifespan (L0¼ 50, 100,
150). Variability in lifespan length produced no significant differences among
simulations for different sets of parameter values. Simulations were averaged for
the different levels of variation in life span length (standard deviations plotted).
Only those simulations in which mean proposal levels were higher than 0.05
indicate selection for fairness. For mean lifespan L0¼50, all populations went
extinct for RG¼2, 3 and evolved fairness was relatively low even for high RG (A). For
mean lifespans of L0¼100 (B) and L0¼150 (C), fairness evolved to higher levels
especially for higher values of RG.
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in the multilevel simulations (Fig. 4B). For two combinations of
parameter values (i.e., q¼0.5 and RC¼300 and UL) at the lowest
population density, mean evolved fairness was about 16% and just
barely within one standard deviation of Engel (2011)’s meta-
analysis mean (Fig. 4B). For a population density of d¼0.1 (250
agents), the mean evolved fairness fell below 3%, which was less
than the mean starting fairness of 5% for individual-only and
multilevel simulations, indicating that individual selection drives
the DG offers towards the rational offer of zero.

4.3. Group-only simulations

To investigate the effects of group-only selection, we created
two homogenous groups of agents in a population that competed
against each other without agents interacting between groups (see
Table 4 for the fixed parameters).

4.3.1. Methods
The initial conditions were the same as the full simulations

(Table 5) except for the following. Each group was of size ni,0¼125
at the start of a simulation and each group was placed in separate

50'50 grid spaces. The population size of both groups were
constrained such that n1þn2rK¼250. One group was always fair
(i.e., p¼0.5), while the other group’s fairness varied from 0 to 1 by
increments of 0.05. There was no mutation, so fairness did not
change within groups.

We systematically varied three parameters: q (parental inve-
stment)'RC (resource storage capacity)'p (offer proportion)¼1200
combinations of parameter values (see Table 6). Ten thousand
simulations were run for each combination of parameter values.
Simulations ran up to 20,000 rounds or ended earlier if one group
went extinct. A group won if either it had more agents at the end of
the simulation or the other group went extinct. At the end of each
simulation, the frequency of wins by the non-fair group was recorded.

4.3.2. Results
When we simulated competition between pairs of groups, we

found that the more unfair or hyperfair groups were outcompeted
by fair groups and that the likelihood of this occurring increased
with the degree of deviation from an even split (p¼0.5) for all
parameter conditions (see Fig. S3 in Appendix A for an example of
a group selection simulation). Fig. 6 depicts fitness landscapes for

Table 4
Fixed parameters full and group simulations.

Description Parameter Values and descriptions

Mutation rate μ 0.01; the probability of a mutation in an offspring
Mutation range mμ [#0.25, 0.25]; the range of uniform random mutations
Grid size X'Y 50'50; grid dimensions in number of cells
Search radius SR 2; distance in cells, an agent searches for other agents when attempting to aggregate
Reproduction resource threshold RT 100; the resource threshold required for an agent to reproduce.
Parental investment q 0.5; the proportion of resources invested in offspring
Resource storage capacity RC 100; maximum resource storage capacity
Game resourcesa RG 10; the average game resource played for on each step
Game resources SDa SDRG 1; the standard deviation for RG
Mean lifespana L0 100; the mean number of time steps in a lifespan
lifespan SDa SDL 5; the standard deviation for L

a Parameter values selected as representative from the preliminary simulations.

Table 5
Initial conditions for multilevel and group simulations.

Description Parameter Values and descriptions

Multilevel/individual only
Starting resource R0 50; the quantity of resources an agent has at the beginning of a simulation
Starting age A0 1; the age of agents at the start of a simulation
Starting population size N0 K; the starting population size
Starting offer proportion p [0, 0.1]; the range of uniform random offer proportions at the start of a simulation
Group only
Starting resource R0 Same as multilevel/individual only
Starting age A0 Same as multilevel/individual only
Group size ni,0 125; the starting sizes for both groups
Agent i offer proportion p Constant within group, see Table 3

Table 6
Parameter sweeps for multilevel and group simulations.

Description Parameter Values

Multilevel/individual only
Maximum population size K 50, 100, 250, 500, 1000, 1500, 2500
Parental investment q 0.25, 0.5, 0.75
Resource storage capacity RC 100, 150, 300, UL (unlimited)
Group only
Maximum population size K 250
Parental investment q 0.25, 0.5, 0.75
Resource storage capacity RC 100, 150, 300, UL
Offer proportion (all agents) p 0, 0.05, 0.1, 0.15, 0.2, 0.25, 0.3, 0.35, 0.4, 0.45, 0.5, 0.55, 0.6, 0.65, 0.7, 0.75, 0.8, 0.85, 0.9, 1

J.C. Schank et al. / Journal of Theoretical Biology 382 (2015) 64–7370



the group selection parameter combinations and illustrates that,
for all simulation conditions, peak fitness is at p¼0.5. Although
offers of an even split are favored by group selection, they did not
evolve to this level in the multilevel simulations previously
described because individual selection opposed group selection.

Fig. 6 also reveals that the strength of group selection varies
with each combination of parameter values (q'RC). For example,
for the lowest resource storage capacity (RC¼100, which is equal
to agents’ reproduction threshold), all of the fitness curves are
relatively steeper than for higher resource storage capacities.
Limiting the ability of agents to accumulate resources past the
reproductive threshold effectively limited their accumulation of
resources but increased the efficiency of fairness by more evenly
distributing resources among agents. Thus, fewer resources were
lost due to reaching maximum resource storage capacity. This
provides further support for our conjecture that group selection
exerts a stronger force on the evolution of fairness by reducing
within-group variance in resources.

5. Discussion

The emergence of population structure allowed fairness to
evolve to levels consistent with data from DG experiments. In
the multilevel simulations, individual selection pushed agents
towards unfair offers whereas group selection pulled agents
towards fair offers. The mean offers that evolved depended in
large part on the balance between these opposing forces. As
population density increased, the frequency of interactions
between agents from different spatial clusters increased. Unfair
agents had the advantage when playing fair agents, which
increased the strength of individual selection. Migration of agents
between spatial clusters also reduced the effectiveness of group
selection (see Goodnight and Stevens, 1997 for a general discus-
sion of the effectiveness of group selection in natural populations).

The first set of simulations demonstrated that fairness only
evolved when either there were sufficient resources to sustain
reproduction or when resources were fairly distributed and life-
times too short to convert shared resources into offspring. Unfair
agents had an advantage over fair agents, when resources were
scarce and lifespans were short relative to resources available. In
the analytical model, if fair agents died early, then only a few
unfair agents reproduced, which favored unfairness. These simula-
tion results are consistent with the analytical model and demon-
strate that the evolution of fairness requires both sufficient
resources and lifespans to support fairness. When resources are
too scarce and lifetimes too short, lucky unfair agents are favored.
This theoretical result is consistent with Henrich et al. (2010)’s
main finding that greater market integration (a percentage mea-
sure of the total number of calories purchased from the market as
opposed to hunting or farming) was positively associated with
fairer behavior in the DG across cultures.

A similar effect occurred inter-generationally with parental
investment and resource storage capacity. When either was low,
fairness did not evolve to as high a level. Intuitively, parents that
invest more and have more to invest have offspring with higher
reproductive potential. Because of the relatively low variance in
resources among fair parents in a group, the resources they
distribute to their offspring contribute to lower resource variance
among their progeny than for parents of unfair or hyperfair
parents. This suggests that parental investment together with
resource storage capacity act to amplify the benefits of fairness
across generations.

While individual and group selection were the main factors
affecting the evolution of fairness, there were also the effects of
mutation and drift. In the absence of selection, mutation and drift
caused mean offers, p, to meander in the range [0,1]. Individual
selection in these simulations opposed the effects of mutation and
drift thereby keeping evolved p levels well below the expected
mean of p¼0.5, which would result from mutation and drift alone.
However, it is well known that drift is strongest for small effective
population size in which stochastic effects can overcome the forces
of individual selection. We see this in two cases with the lowest
population densities simulated. Under individual selection only,
fairness levels evolved to levels as high as 16%, which is still much
lower than levels evolved when group selection was present (see
Fig. 4).

Rand et al. (2013) investigated the role of mutation and drift in
maintaining fairness in the ultimatum game—a game similar to the
DG except the recipient can reject the first player’s offer in which
case they both receive nothing. They showed that when selection
was weak, mutation and drift could maintain fairness in a population
without the need for group structure, due to gradual increases to
agents’ minimum acceptable offers when played as responders. Such
a mechanism is not available in the DG game because the ability to
reject proposed offers is absent. We did find that mutation and drift

Fig. 4. The evolved mean levels of fairness for the DG as a function of population
density. The dashed line in both graphs is the mean offer percentage from Engel
(2011)’s meta-analysis of the DG and the shaded area is the standard deviation
(15.5%) about the mean. Each of the color-coded lines represent the evolved means
for different combinations of parameter values for q and RC plotted against
population density and the bold black line in each graph is the mean of these
means. Simulations in the multilevel condition (A) evolved higher mean levels of
fairness than in the individual-only condition (B). As density increased in the
multilevel simulations, evolved means decreased, reflecting the overall increase in
strength of individual selection as a function of density. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of
this article.)
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can increase the level of fairness in the DG for the lowest population
density, but the levels reached barely fell within one standard
deviation of Engel (2011)’s meta-analysis mean. As population
density increased, the effects of mutation and drift on evolved
fairness level largely disappeared due to individual selection. Only
in the multilevel simulations, which included group selection, did
levels of fairness evolve that were consistent with experimental data.

An important direction for future research is to specify condi-
tions under which fairness can evolve under multilevel selection.

These conditions are not the same as those for the evolution of
cooperation as specified by Traulsen and Nowak (2006). They
showed that population structure characterized by many small
groups can favor the evolution of cooperation when selection is
weak. They also showed that a condition for the evolution of
cooperation can be specified in terms of the costs and benefits to
cooperators as a function of the number and size of groups. In the
DG, however, there are no costs to dictators other than the
amounts offered to the recipients. So, the conditions for the
evolution of fairness in the DG cannot be expressed in terms of
benefits and costs at the level of the individual. In our model,
selection operates on a group property, variance in resources in a
group, and not a context dependent property of the individual,
expected payoff. We believe, therefore, that formal conditions for
the evolution of fairness under multilevel selection must include
group properties (see Smaldino, 2014 for a discussion of group-
level traits in cultural evolution).

It is intriguing to compare the conditions under which fairness
evolved in these simulations with conditions under which it might
have evolved in humans (e.g., see Goodnight and Stevens, 1997;
Boyd and Silk, 2012 for discussions of human evolution and the
evolution of human societies). A quantitative comparison is not
possible because we cannot scale the spatial relationships among
agents in these models to those of human groups. The results of
these simulations predict that fairness is most favored when
population densities are relatively low and when small groups
can form. Local populations of human foragers usually undergo
several types of fission-fusion events including individuals moving
back and forth among local groups (Johnson and Earle, 2000),
which also occurred in our simulations. Our results were also
qualitatively consistent with empirical analyses that have esti-
mated human forager group sizes ranging from a median of 30
(Dunbar, 1992, 1993; Johnson and Earle, 2000) to a mean of 150
(Johnson and Earle, 2000; Marlowe, 2005). Finally, while our
model assumes that fairness is inherited by offspring from parents,
we make no assumptions about the mechanism of transmission.

Fig. 5. A single simulation of 250 agents (d¼0.1) under multilevel selection, with maximum resource storage capacity of RC¼150 units and parental investment of q¼50%
(A). The blue line is the evolved mean fairness. The small arrows on the graph correspond to snapshots from the simulation, illustrating the population structure that
emerged during the simulation (B). Agent color represents fairness level, reflecting a spectrum ranging from completely unfair (p¼0) red agents to completely fair (p¼0.5)
purple agents. As fairness evolves, groups of blue (hyperfair) agents also appear in small numbers. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)

Fig. 6. Group-level fitness landscape calculated from the average percentage of
wins for homogenous groups with different fairness levels (p ranging from 0 to
1 with increments of 0.05) playing completely fair groups (p¼0.5; indicated by the
dashed vertical line). The bold black curve is the mean of all parameter combina-
tions. Each fitness curve is for a set of parameter values (q and RC), which are color
coded as in Fig. 4. For all simulations, unfair and hyperfair groups do worse against
agents that evenly split resources. (For interpretation of the references to color in
this figure legend, the reader is referred to the web version of this article.)
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Fairness could evolve genetically, but structured populations are
also highly conducive to the cultural evolution of beneficial traits
(Boyd and Richerson, 2002; Traulsen and Nowak, 2006; Iranzo
et al., 2011).

Our agents had spatiotemporal properties characteristic of
social organisms but had no cognitive or emotional abilities.
Agents had no memories, preferences, or feelings for other agents.
Agents could not punish other agents, they could not form
reputations, and there was no mechanism for directed reciprocity.
Fairness evolved because it was favored by group selection when
population densities were relatively low, resources were not
scarce, and lifespan were long enough to utilize available
resources. Because it is plausible that such multilevel selection
processes (biological, cultural, or both) existed and still exist in
human populations, multilevel selection on within-group variance
in resources could explain the seemingly irrational results found in
DG experiments.
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Figure S1. An illustration of how random swapping of agent locations eliminates any kin groups 
that may emerge while preserving the group-spatial structure. In the top figure, groups of agents 
have evolved (A). Purple clusters are fair agents and red clusters are unfair agents. On the next 
round of play we turned on random swapping (B).  The spatial structure is almost identical in the 
two graphs, but in the bottom figure, random swapping has scrambled the spatial relationships 
among agents. 
   

  



 

 

Figure S2. Illustration of evolved fairness as a function of agent density (d = 0.02, 0.04, 0.1, 0.2, 
0.4, 0.6, and 1) from left to right starting at the top.  As density increases, agents forming small 
groups become increasingly crowded and agents increasingly contact agents in other groups 
thereby increasing individual selection. 

 



 

Figure S3. An illustration of a group-only selection simulation.  Two groups of agents exist in 
separate spaces and so do not directly interact.  The only constraint was that the maximum 
population size for both groups combined was K = 250.  At the start of a simulation (t = 0), 125 
agents were placed randomly in their respective spaces.  On the left are purple fair agents (p = 
0.5) and on the right are red, unfair agents (p = 0.1).  In this case, the fair group won before time 
step 8000. Agents in both spaces had exactly the same mean expected resources, however, the 
variance in accumulated resources depended on the degree of fairness within groups. 
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