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organizational activities. The sense of fairness, although universal, varies across different societies. In
this study, using a computational model, we test the hypothesis that the topology of social interaction
can causally explain some of the cross-societal variations in fairness norms. We show that two network
parameters, namely, community structure, as measured by the modularity index, and network
hubiness, represented by the skewness of degree distribution, have the most significant impact on
emergence of collective fair behavior. These two parameters can explain much of the variations in
fairness norms across societies and can also be linked to hypotheses suggested by earlier empirical
studies in social and organizational sciences. We devised a multi-layered model that combines local
agent interactions with social learning, thus enables both strategic behavior as well as diffusion of
successful strategies. By applying multivariate statistics on the results, we obtain the relation between
network structural features and the collective fair behavior.

Human’s deep presuppositions of fairness and inequality are proven in a wide range of contexts, such as the
relationship between relative income and reported job satisfaction', happiness?, health and longevity?®, and
reward-related brain activity*. These attitudes towards fairness play an important role in governing human
behavior in social, economic, and organizational activities®’. Earlier studies on fairness norms that were largely
restricted to industrial societies showed relatively small fairness variation among different populations, suggest-
ing that fairness norms were mostly the result of universal behavior patterns. This was later challenged by the
seminal work of Henrich et al.® and a number of other studies that show significant variations in fairness attitudes
across different societies® '° and organizations''~1*. These studies hypothesize the role of certain social and insti-
tutional factors on the scale and intensity of fairness norms® -1, However, a systematic explanation of variation
in fairness norms across different human societies has remained an open question that motivates our paper. Here,
we hypothesize that the overall structure of social interactions, as captured by the network topology, can causally
influence fairness norms and can also be linked to the hypothesized factors that have been suggested by earlier
empirical studies. We take a computational approach to investigate the role of macro-level structural features of
social networks in explaining the inter-societal variation of fairness norms.

The variations of fairness across societies have been largely attributed to cultural differences, yet interpre-
tations have been mixed!®~!8. Cross-country results of experimental studies using canonical economic games
under different conditions of the balance of power between two parties suggest that difference in the national
culture results in differing beliefs about fairness'®. Studies that attempted to attribute variations of these beliefs to

: country-level cultural variables®®*! show a relationship between the behavior of individuals and the scale of respect

* for authority's. Moreover, recent experimental studies tentatively suggest religion as one of the influential factors

. affecting individuals’ fair behavior??. As a canonical paradigm to investigate fairness, the majority of these studies
use the Ultimatum Game.

The Ultimatum Game (UG hereafter) has been the bedrock of a large number of studies that investigate the
systematic deviation of human altruistic behavior from theoretical models that are based on the homo economicus
assumption® 224, In the UG, two players are supposed to decide about sharing a fixed amount of money; one
player acts as the Proposer and the other plays the role of the Responder. The proposer offers a split of the amount
and the responder accepts or rejects. No bargaining is allowed. If the responder accepts, both players receive their

School of Systems and Enterprises, Stevens Institute of Technology, Hoboken, NJ, 07030, USA. Correspondence
and requests for materials should be addressed to M.M. (email: mmosleh@stevens.edu) or B.H. (email: bheydari@
stevens.edu)

SCIENTIFICREPORTS | 7: 2686 | DOI:10.1038/s41598-017-01876-0 1


mailto:mmosleh@stevens.edu
mailto:bheydari@stevens.edu
mailto:bheydari@stevens.edu

www.nature.com/scientificreports/

Empirical study Mean offers | Rejection rates | Attributed institutional factors (as mentioned in each study)
15 small-scale societies® 0.26-0.58 0-0.8 Payoffs to Cooperation, Market Integration

gﬁ(‘)‘g;s\gﬂage Tanzanian ethnic | ¢ ;5 4 ) 0-0.4¢) Hierarchy of Chiefdom System, Scale of Cooperative Units
Meta-Analysis of 75 results of . .

UG experiments world-wide!* 0.26-0.58 0-0.4 Cultural difference (Respect for Authority)

Cross-national UG experiment 0.42-0.46 0.07-0.20V Cultural difference (no specific factor is identified)

(UK and Malaysia)'®

Table 1. Empirical studies of variation of fairness norms using the Ultimatum Game and attributed social/
institutional factors. Mean offers are reported for different treatments and social groups. Offer values are scaled
between 0 and 1. (1) rejections as a proportion of all responses. (2) Rejection rates for offers of 0.2 or less. (3)
Rejection rates for offers of 0.1 (i.e., 100 Tanzanian shillings).

amount based on the split; otherwise neither player receives anything. A rational responder, seeking to maximize
her utility, would accept even the smallest positive offer. Being aware of the rationality of his partner, a rational
proposer would therefore claim almost the entire amount. However, the results of a large number of experimental
studies using the UG contradict with the prediction of pure rational models; most proposers offer a fair share and
most responders reject low (but nonzero) offers**-?’. The division of the money in the UG represents a measure
for fairness norms.

Experimental studies based on the Ultimatum Game have reported significant cross-societal variations in
average size of the offers by the proposers and the rejection rates by the responders. Table 1 shows the results
of a number of key empirical studies of variation of fairness norms across different societies together with
attributed institutional factors. The variation has particularly been bolder when experiments are conducted in
non-industrial societies. In® for example, the UG was played in 15 small-scale societies; the mean offer varied
between 0.26 to 0.58 (as a proportion) and the rejection rate for low offers (offers of 0.2 or less) had a range
between 0 to 0.8. Later studies conducted in other non-industrial societies have shown comparable large var-
iations'*. What social and institutional factors cause such variations? One potential key determinant is the
macro-level structure of social networks. Experimental studies have previously shown that network structure
of social interaction has a significant impact on evolution of collective behavior related to cooperation and com-
petition?, inequality?’, and exploration/exploitation®’. Moreover, empirical studies based on experimental UG
suggest factors that can be related to social structure. A series of studies that explored the motivation for fairness
in anonymous interactions across dramatically diverse population show that fairness co-varies with Payoffs to
Cooperation (PC) and Market Integration (MI) where PC represents the size of a group’s payoff from cooperation
in economic production, and MI represents how much people rely on market exchange in their daily lives as
opposed to rely on home-grown or hunted?.

To explain network topology parameters that affect fairness norms and their cross-society variations, we
devised a multi-layered computational model that combines local agent interactions with social learning, thus
enables both strategic behavior as well as diffusion of successful strategies. At the heart of this model, agents
interact according to a one-shot UG, and update their strategies based on an evolutionary process. The behavior
of agents is simulated on a wide range of carefully selected networks that generate variations of structural features
and multivariate statistics is used to identify the relation between average strategies of agents at the equilibrium
and the network’ structural features.

Our model offers two main contributions: (1) It indicates a causal relationship between changes of struc-
tural characteristics of social network and variation of fairness norms. (2) It identifies structural features that
are aligned with the findings of empirical studies of inter-societal variations of fairness norms and sheds some
light on role of social structure as one of key determinants in explaining the variation of fairness across societies.
Concurring with previous computational studies®" 2, the results of our study show that structures that are close
to all-inclusive interactions (full-graph) exhibit less fairness. Our study, however, identifies two other structural
drivers that have been missing in the literature: community structure, represented by network modularity index,
and network hubiness, represented by skewness of degree distribution of the network. The latter two network
parameters also help to further clarify some of the empirical findings that relate social institution parameters to
fairness norms.

Results

To study the effect of structure on agents’ strategies playing the UG, we developed a computational agent-based
model based on evolutionary game theory on networks®. Each agent has a strategy vector containing the offer
value and the acceptance threshold, each varies between 0 and 1; where higher values represent stronger fairness
norms. In each evolutionary round, agents interact based on a pairwise UG while using the same strategy vector
against all partners and collect payoffs (Equation 1). Once all agents have completed one round of the UG with all
their partners, game scores are calculated (Equation 2).

An evolutionary process based on the agents’ game scores (Equation 3) represents learning and strategy adop-
tion by agents. That is, agents stochastically adopt the strategy of their neighbors with higher game scores where
the probability of adoption is an increasing function of the difference between the two agents’ scores. The evolu-
tionary process represents cultural evolution through social learning but it can also represent genetic evolution,
both of which have been linked to the emergence of fairness in the UG*. In the context of cultural evolution, an
individual tends to imitate the strategy of another individual with a higher payoff and mutation denotes either
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exploring a new strategy or incorrectly imitating the strategies used by other individuals. In the context of genetic
evolution, individuals are born and die, and mutation creates variation into the gene pool.

The interaction structure of agents is determined by the topology of the network where agents are represented
as nodes and only interact with their immediate neighbors in the network. To make simulations computationally
efficient, we sparsed the search space of network structures based on key structural features that represent char-
acteristics of social structure (see Supplementary Information for details). The structural features that we selected
for this study are network average degree, girth and average shortest path that represent compactness of the
society, and transitivity that represents dyadic closures in the population. We use the network modularity index
to measure the strength of community structure. Modularity is an emergent structural feature of many evolving
networks® and has also been found to have a significant impact on the emergence of prosocial behavior*®*”. To
capture the role of hierarchy and relative power structure, we measure the degree of hubiness of the network cal-
culated based on the degree distribution. Hubiness is a structural feature of a wide range of real networks, such
as co-authorship networks®, the World Wide Web?*’, and the dependency network of natural languages 441,
that are formed through the mechanisms of growth and preferential attachment where new nodes prefer to link
to the more connected nodes* **. Huby structures are argued to result in economic efficiency for a certain range
of network parameters*. In such network structures, the higher tendency to link to highly connected nodes
results in higher skewness of degree distribution since several nodes are directly connected to a few central nodes
(hubs). By changing the parameters of network models including Barabasi- Albert Scale-Free®’, Watts-Strogatz
Small-World*, Erdés-Rényi Random graph®¢, Tree, and Lattice, we generated 26 network structures that suffi-
ciently cover variations of the structural features (Methods).

In each simulation run, agents’ strategies (i.e., offer value and acceptance threshold) are initialized from a
uniform distribution. Agents continue interactions in the network environment (i.e., play the UG and update
strategies) until their strategies stabilize for a consecutive window of time. For each network structure, we aver-
aged over strategies at the equilibrium for 1024 initializations, for which average strategy remains robust (see
Supplementary Information Section 3). The simulation took approximately 40 minutes for all network structures
on a 256-core cluster. The results of the simulation were aggregated in a data table, in which rows represent net-
work structures and columns represent structural features as well as the average values of strategies at the equilib-
rium (see Supplementary Information Section 4).

In order to find the key structural features that drive fairness in the population of agents, we used Principal
Component Analysis (PCA) on the simulation data®”. PCA helps us to represent the variations of structural fea-
tures and strategy vectors based on fewer number of linearly uncorrelated components and determine variations
of which variables are related. The variables in the PCA include network characteristics (i.e., average degree,
average path length, transitivity, modularity, and hubiness) and average strategy vector (i.e., p: average offer and
§: average acceptance threshold) of all runs for a network at the equilibrium. We used modularity index, a scalar
value that represents the number of links within communities compared to links between communities?’, as a
measure for community structure. We used the heuristic method in*® for calculating the modularity of network
structures. To measure hubiness of the structures, represented by the lack of symmetry in the degree distribution,
we used the coefficient of skewness from* (Methods).

Figure 1 shows the results of the PCA on the correlation matrix constructed from the simulation data. We used
the first two components that cumulatively account for 80% of the total variance in the whole data set. Figure 1b
shows the biplot for the first two components and their correlations with network characteristics and average
strategies at the equilibrium. In the biplot, average offer has an opposite direction to the average degree and is
approximately orthogonal to the average path length and girth. However, the average offer value is more aligned
with modularity and hubiness, suggesting a significant effect of these two structural features. The correlations
between network structural features together with average strategies and principal components are provided in
Fig. 1a. Average offer is significantly loaded on PC1 and PC2 while modularity is only highly loaded on PC1 and
hubiness is highly loaded on PC2. Average degree is negatively loaded on PCI.

Panel (a) in Fig. 2 shows the level of fairness, measured by average offer value, versus skewness of degree dis-
tribution (hubiness). The lowest level of fairness belongs to the Full and Erds-Rényi networks, and the highest
is attributed to Tree structures. The results show that an increase in hubiness led to higher fairness. Variation of
hubiness is mainly generated by varying the power of preferential attachment in the Barabdsi-Albert scale free
and the number of children in Tree networks (Supplementary Information Section 1). However, average offers
are higher in Tree structures than those in the Barabdsi-Albert networks. Not only do tree structures have skewed
degree distribution but they also have stronger community structure. The rest of the networks with lower hubi-
ness are located along the y-axis; however, the level of fairness varies among these structures. This indicates that
hubiness is not the only structural feature affecting the level of fairness. Panel (b) in Fig. 2 depicts the level of fair-
ness versus modularity index and shows that an increase in network modularity results in an increase in the level
of fairness. Variation of modularity index has been generated by different lattice structures and Watts-Strogatz
network model, in which modularity index varies by changing the probability of rewiring (Supplementary
Information Section 1). These structures have similar hubiness and are located along the y-axis in Panel (a). The
difference of modularity index and the level of fairness between Tree structures and the Barabdsi-Albert networks
are evident in Panel (b) i.e., Barabasi-Albert and Tree structures do not have much variation in modularity index,
yet Tree structures have stronger community and exhibit higher level of fairness.

To find out how the role of structure in evolution of fairness can be affected by other factors, we investigated
two other conditions. (1) Since it is less likely that individuals offer/request more than half of the pie, we elimi-
nated large values for initial strategies and used uniform distribution U(0, 0.5) instead of U(0, 1) for initialization.
Figure 3a shows that the effect of hubiness has been eliminated and the average offer value is completely aligned
with modularity as a result of initializing the strategies from U(0, 0.5). (2) We considered the case where agents
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Variables (axes PC1 and PC2: 80.40%)

PC1 PC2
Average offer (p) 0.815 0.437
Average acceptance threshold (¢)  0.913  -0.048
Degree -0.837 -0.258 &
Girth 0.487 -0.755  &ooraocar
Modularity 0.896 -0.100 <&
Path 0.667 -0.713
Hubiness 0.268 0.792
Transivity -0.802  -0.240
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PC1 (55.40%)

(a) (b)

Figure 1. (a) Correlations between the initial variables and the independent principal components. Significant
correlations are in bold. Average offer is highly correlated with PC1 and moderately correlated with PC2.
Modularity is highly correlated with PC1, while Degree is negatively correlated with PC1. Hubiness is highly
correlated with PC2 (b) Principal Component Analysis results summary. The biplot shows the correlation
between initial variables based on the first two principal components. The angles between the variables
represent the level correlation. Strategies are initialized from uniform distribution U(0, 1) and normalized
accumulated payoff per the agent’s degree is used as the game score.
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Figure 2. Fairness versus network topology parameters. (a) Average offer value vs. network hubiness. (b)
Average offer value vs. network modularity.

do not have information about their partners’ degree and used accumulated payoft (without normalizing by the
agents’ degree) in the strategy adoption process. Figure 3b shows that the effect of hubiness is amplified and aver-
age offer value is highly correlated with hubiness when accumulated payoff is used as the game score. Under this
condition, our simulation results show higher fairness for all network structures used in this study comparing to
the case where normalized accumulated payoff by degree is used as the game score.

Discussion

Our results identify three key structural features of social networks to explain the variation of fairness across
different populations: average degree, community structure, and hubiness. Average degree of a network with a
fixed number of nodes represents the density of interactions among a population. The results of our model show
that populations with a large number of social interactions per individual exhibit lower levels of fairness. This is
consistent with previous findings®">*>>% and is due to the fact that the increase in the density of social interactions
leads to a well-mixed population and weakens the effect of structure, thus reduces overall level of fairness.

The intuition behind the role of community structure, captured by network modularity, in variations of fair-
ness is as follows. When the interaction between agents follows a network structure, the success of a strategy S,
invading a population with strategy S, not only depends on the payoff that is obtained from the encounter with
the vast majority (i.e., E{S,, S;} and E{S,, S,}) but also on local interactions of the invaders (i.e., E{S,, S} and
E{S,, $,})*'. When initial strategies are randomly distributed, a subset of agents will have a fair strategy. A strong
community structure would help formation of clusters around agents with similar fair strategies and increases
the chance of the fair strategy to take over the population. This concurs with an earlier study that investigates the
level of fairness in a range of networks sorted according to a measure of order that shows that the level of fairness
decreases as the community structure weakens®'.
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Figure 3. Effects of the initialization and the game score. (a) Results of PCA on simulation data when agents’
strategies are initialized from uniform distribution U(0, 0.5), (b) results of PCA when total accumulated payoff
is used the game score (without normalizing on the agent’s degree).

Another structural feature that promote fairness in our model is hubiness, which is measured by the skew-
ness of degree distribution. Prior studies have shown the significant role of huby structures (structures dynam-
ically generated through the mechanisms of growth and preferential attachment) in the evolutionary dynamics
of formation of social norms®->*. Our results suggest societies in which few individuals play the role of hubs,
which are connected to large number of low-degree individuals, exhibit higher levels of fair behavior in the UG.
The intuition is similar to how average degree affects fairness, as explained earlier. Given that higher number of
interactions decreases fairness (as the structure becomes closer to a well-mixed population), for a fixed average
degree, the structure in which degree of a larger number of nodes is smaller exhibit a higher fairness. That is, the
connections are shifted from a majority of nodes to a few hubs while total average degree is constant which results
in skewed degree distribution.

Additionally, our model shows that the magnitude of impact for structural drivers of fairness is in general a
function of agents’ initial strategies and the information available to individual agents. Our model shows that the
rule of hubiness can be degraded when initial values of offers and acceptance thresholds are not larger than half
of the pie. We also show that agents’ lack of information about the number of social ties of their neighbors can
increase the impact of hubiness. The higher impact of hubiness under this condition is due to the intensified role
of hubs in promoting fair strategies. In the evolutionary process of strategy adoption, the strategy of hubs is more
likely to be copied by other agents since hubs collect higher game scores due to having large number of interac-
tions (without considering the agent degree in the game score). Since a subset of hubs are initialized randomly to
play fair, their strategies are copied even more aggressively by their neighbors, compared to the case when game
score is normalized by degree. Further studies can incorporate various conditions of information uncertainty,
such as neighbors’ payoffs and neighbors’ local structure, as well as the level of information access (global vs.
local) into the model. This can provide insights about how the level of information access in a social network can
affect collective fair behavior.

Empirical data that directly supports the effect of social network structure on fairness is often difficult to
gather. On the one hand, isolating the effect of social structure from other factors in field experiments is often
hard. On the other hand, lab experiments that simultaneously accommodate sufficiently large number of sub-
jects on various network structures is challenging. Despite these limitations, we can attribute some of the factors
that are empirically hypothesized to explain fairness in cross-country and cross-organization to social network
parameters. Here, we first compare our findings to the results of two empirical studies that demonstrate signif-
icant cross societal differences in playing the UG. The first one is a series of papers®?* led by Henrich based on
playing a number of fairness related games, including the UG, in 15 diverse small-scale societies that suggest that
societies in which the size of a group’s payoft from cooperation in economic production (Payoffs to Cooperation)
is higher, and those in which people rely on the market for their daily life (Market Integration) have higher levels
of fairness. The second study'* is based on results of playing the UG in two multi-village Tanzanian ethnic groups
(Pimbwe and Sukuma) which are embedded in similar environments and political systems, yet have drastically
different social institutions. The significantly higher levels of fairness among Sukuma members are attributed to
two important institutional factors between the two groups: Firstly, unlike Pimbwe whose loosely linked clans
are controlled by a single chief in a central village, the Sukuma (the original inhabitants of the area) live in mul-
tiple chiefdom system with a high level of cooperation among chiefdoms. Secondly, Pimbwe has smaller scale
cooperative units, mostly limited to family and friends within each village, whereas in Sukuma there are larger
scale cooperative units at the village level that go beyond family boundaries. The average within-village (between
village) offers in the UG for the Sukuma is reported 42% (4 times) higher than the Pimbwe.
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Our results are in agreement with key hypotheses of these empirical findings. The determining role of Payoffs
to Cooperation in the Henrich’s study and the impact of the scale of cooperative units on fairness in ethnic groups
in the Tanzania study can be explained by the significant role of network modularity in increasing fairness
norms. That is, in a society with a stronger community structure, there are more interactions within each group
as opposed to between groups, hence people are more likely to be involved in group cooperation for an eco-
nomic production. The role of Market Integration in the first study and governance structure (single chiefdom
versus multiple interacting chiefdoms) can further be supported by our result which points to the impact of
network hubiness on fairness norms. Clearly, the multi-chiefdom governance of the Sukuma suggests a social
structure with higher level of hubiness compared to Pimbwe. We also expect societies with high market integra-
tion to include entities with which a large number of people have social interactions (as opposed to relying on
home-grown products which results in a flat structure).

Additionally, cross-organizational studies of fairness suggest structural parameters that are related to hubi-
ness. Cross-organizational study of fairness shows that the more connections there are from employees to man-
agers, the higher the perception to fairness is". In organizations with such structure, managers play the role of
the hub and the more connections to the hub results in a more skewed distribution of number of interactions of
individuals. Another study that investigates fairness across organizations shows that for a given number of work-
ers, the lower the organization complexity (defined by the number of levels of hierarchy), the higher the percep-
tion of fairness is'’. That is, for a fixed number of individuals, the decrease in the number of organizational levels
results in having few individuals with a larger number of interactions and a more skewed degree distribution in
the network of social interactions.

Our model determines structural features whose variations cause changes in the collective fair behavior.
However, even the most similar results from empirical studies imply that fairness co-varies with the structural
changes of social network. A future direction is to experimentally evaluate the causality between structural fea-
tures of social network and variations of fairness, and create setups comparing similar societies side by side where
the only difference is the connectivity structure of individuals’ social interactions. In order to overcome common
hurdles of running such experiments in physical labs (e.g., recruiting large number of subjects), one can use the
online labor market as subject pool®. Finally, results of this work can help with future directions of empirical
research in fairness norms: So far, the variations in fairness norms have been mostly observed in non-industrial
societies with drastically different institutional structures. Our results can be used to design better cross-societal
studies within industrial countries by targeting sub-groups whose social interactions vary according to the find-
ings of this research.

Methods

Model. Since the focus of our investigation is on the effect of interaction structure, we do not model additional
mechanisms such as reputation®®, empathy®’, and spite® that have been used in previous computational UG mod-
els. We modeled the UG on graphs®"3% 33961 and employed a computational agent-based framework consisting
of four levels®”: game (behavioral), strategy, evolution, and network. At the behavioral level, we use a one-shot
pairwise UG® and without loss of generality we assumed the amount to be divided is one unit. The strategy of
each agenti€ {1, ..., N} is characterized by s;,= (p;, g;), where p; € [0, 1] is the amount that i offers when she acts as
the proposer and g; € [0, 1] is the acceptance threshold when she plays the role of the responder. In each genera-
tion, every agent i plays the UG with all agents j in her neighborhood with a fixed strategy and equal probability
of being the proposer or the responder i.e., in each interaction between two given agents, one of the agents is
randomly and with equal chance selected as the proposer and the other agent is assigned as the responder (in
some alternative models the chance of being the proposer/responder can be a function of the agent’s degree or the
outcome of its previous interactions®®). The payoff of an agent i in interaction with agent j is calculated according
to Equation 1. We considered two conditions for the game score: (1) total accumulated payoft of each agent i is
used as the game score, I, (2) For each agent i the accumulated payoff is normalized by the agent’s degree (k,) in
the network and is used as the game score, 1% (Equation 2).

1 — p, if i acts as the proposer (j acts as the responder) and p, > q;
0 if i acts as the proposer (j acts as the responder) and p, < g,

P if j acts as the proposer (i acts as the responder) and p =9

0  ifj acts as the proposer (i acts as the responder) and p<gq 1)
T
I = 3 I,
JEN()
k1
It = k_ Z Hz\—j
i jEN() (2)

Agents’ strategies evolve based on a social learning rule. The implicit assumption of this model is the ability of
the agents to assess and learn from their peers—as opposed to adaptive models, in which agents learn from their
previous interactions®. The evolutionary strategy update process is as follows. Every agent i randomly selects
an agent j in the neighborhood, if the score of j is greater than the score of i then i adopts the strategy of j with a
probability W(s;— s;). The probability of the strategy adoption is given by the Fermi rule in equation 3 in which
[ is the selection intensity.
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W(s; — sj) = [1 + exp(S(II; — Hj))]_1 (3)

In order to account for innovation in each strategy update, a small perturbation is introduced in the value of
the strategy vector. That is, if agent i adopts the strategy of j then (p;, q;) = (p;+ 6,, g;+ 6,) with 6, and 6, being
randomly and independently picked from a small interval [—6, §]. Once the strategy update is completed, payoffs
are reset to zero for the next evolutionary round.

Network generation. Finding a set of networks that represent the interaction structure between agents in
our model is challenging as they should balance the trade-off between generating the variation of structural fea-
tures and the computational efficiency. We carefully selected 26 structures by changing the parameters of network
formation models to sufficiently capture variations of structural features in this study (see Supplementary
Information Section 1 for details). The structures selected for this study are as follows. Four Barabasi-Albert net-
works, four Watts-Strogatz networks, five Tree structures, four Erdés-Rényi networks, and four networks based
on Watts-Strogatz model to generate required variation of average path length. The other network structures are
a 2D-Lattice, 3D-Lattice, Circular Lattice, Ring, and a fully connected graph (see Supplementary Information -
Figure S1). Additionally, we selected the size of the networks to keep the model computationally efficient while
the effect of structure remains significant in the evolution of agent’s strategies (see Supplementary Information -
Figure S3). The size of most networks used in this study is 100 nodes with two exceptions for circular lattice and
3D lattice which have 125 (5 x 5 x 5) nodes. We also verified that the results are not sensitive to the deviation of
100~125 nodes in the network size. We measured the skewness of degree distribution (g;) for each network struc-

ture using g = " where m, and m; are, respectively, the second and the third moments of the degree distribu-
m

tion. Larger values (in magnitude) of g, indicate more skewness in the distribution®. To measure the strength of
the community structure (Q), we first used the algorithm suggested in*® to partition the network into communi-
ties of densely connected nodes, with the nodes belonging to different communities being only sparsely con-
- . kk; .
nected. Next, we measured modularity index using Q = %Et,j Ay — S0, ¢) where, for an unweighted
m % m
graph, A represents an edge between i and j, k; is the degree of vertex i, ¢; is the community to which vertex i is

assigned, function 6(u, v) is 1 if u=v and 0 otherwise, and m is the number of edges in the graph®’.

Numerical simulation. In each initialization, we populated the network with agents for each structure and
draw a random value for p; and g, independently from a uniform distribution U(0, H) for each agent where
He{0.5, 1}. Unlike similar computational models where the value at the equilibrium is calculated by averaging
strategies over a certain number of generations after a transient stage with a fixed and large number of genera-
tions, we used an adaptive convergence criteria (see Supplementary Information Section 2 for details). In our
model, the evolutionary process continued over a number of generations until no more than one agent updates its
strategy for a consecutive window of 100 generations. To enhance convergence, we considered a noise threshold
of € =0.05 for strategies below which agents do not adopt a new strategy. This approach (1) ensures that evolu-
tionary process continues until strategies of all agents stabilize in the population and (2) is more computationally
efficient as the number of generations for the convergence becomes a function of the network structure as well
as the initialization. We determined the number of initializations so that the average value over all runs for each
network structure is reasonably robust (see Supplementary Information Section 3 for details). We used 1024
initializations for each network structure and calculated the average value of strategies for each network. This
ensures less than 1% variation in the average strategy at the equilibrium for our case. We used 3=0.1 for the
selection intensity and § = 0.005 for perturbation in strategy adoption. All runs converged for these simulation
parameters across all network structures selected for this study. Although our simulation results suggest that the
population becomes stable in a wide range of network structures, the analysis of the evolutionary dynamic of
games on various structures is an open question®. Most of the models in the literature are based on the prisoner
dilemma and do not consider structure® or are limited to special structures®”%. The analysis of the evolutionary
dynamics of the UG and the stability of certain population states on networks with different structural features is
an important future step of this research.

Data Availability. The data presented in this article can be found on figshare:
https://dx.doi.org/10.6084/m9.figshare.4240031.v2

References
1. Clark, A. E. & Oswald, A. J. Satisfaction and comparison income. Journal of public economics 61, 359-381 (1996).

. Luttmer, E. F. Neighbors as negatives: Relative earnings and well-being. Quarterly Journal of Economics 120, 963-1002 (2005).

. Marmot, M. Status syndrome. Significance 1, 150-154 (2004).

. Fliessbach, K. et al. Social comparison affects reward-related brain activity in the human ventral striatum. science 318, 1305-1308
(2007).

. Kahneman, D., Knetsch, J. L. & Thaler, R. H. Fairness and the assumptions of economics. Journal of business $285-S300 (1986).

. Thaler, R. H. Anomalies: The ultimatum game. The Journal of Economic Perspectives 2, 195-206 (1988).

. Rabin, M. Incorporating fairness into game theory and economics. The American economic review 1281-1302 (1993).

. Henrich, J. et al. In search of homo economicus: behavioral experiments in 15 small-scale societies. The American Economic Review
91, 73-78 (2001).

. Blake, P. et al. The ontogeny of fairness in seven societies. Nature (2015).

10. Lamba, S. & Mace, R. The evolution of fairness: explaining variation in bargaining behaviour. Proceedings of the Royal Society of

London B: Biological Sciences 280, 20122028 (2013).

=N

[c- BN e O |

o

SCIENTIFICREPORTS|7: 2686 | DOI:10.1038/s41598-017-01876-0 7


http://1
http://S1
http://S3
http://2
http://3

www.nature.com/scientificreports/

11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
. Hofstede, G. Cultures and organizations: Software of the mind, vol. 1 (McGraw-Hill, New York, 1991).
=
24.
25.
26.
27.
28.
29.

30.
31.

32.

33.
34.

35.
36.

37.

51.
52.

53.

Schminke, M., Cropanzano, R. & Rupp, D. E. Organization structure and fairness perceptions: The moderating effects of
organizational level. Organizational Behavior and Human Decision Processes 89, 881-905 (2002).

Schminke, M., Ambrose, M. L. & Cropanzano, R. S. The effect of organizational structure on perceptions of procedural fairness.
Journal of Applied Psychology 85, 294 (2000).

Lamertz, K. The social construction of fairness: Social influence and sense making in organizations. Journal of Organizational
Behavior 23, 19-37 (2002).

Paciotti, B. & Hadley, C. The ultimatum game in southwestern tanzania: Ethnic variation and institutional scope 1. Current
Anthropology 44, 427-432 (2003).

Oosterbeek, H. & Sloof, R. & Van De Kuilen, G. Cultural differences in ultimatum game experiments: Evidence from a meta-
analysis. Experimental Economics 7, 171-188 (2004).

Chuabh, S.-H., Hoffmann, R., Jones, M. & Williams, G. Do cultures clash? evidence from cross-national ultimatum game
experiments. Journal of Economic Behavior & Organization 64, 35-48 (2007).

Roth, A. E., Prasnikar, V., Okuno-Fujiwara, M. & Zamir, S. Bargaining and market behavior in jerusalem, ljubljana, pittsburgh, and
tokyo: An experimental study. The American Economic Review 1068-1095 (1991).

Roth, A. E. Bargening experiments. In Kagel, ]. H. & Roth, A. E. (eds.) The Handbook of Experimental Economics, The Handbook of
Experimental Economics, chap. 4, 253-348 (snthoeunh, Princeton University Press, 1995).

Buchan, N. R, Croson, R. T. & Johnson, E. J. When do fair beliefs influence bargaining behavior? experimental bargaining in japan
and the united states. Journal of Consumer Research 31, 181-190 (2004).

Inglehart, R. Culture and democracy. Culture matters: How values shape human progress 80-97 (2000).

Henrich, J. et al. Markets, religion, community size, and the evolution of fairness and punishment. science 327, 1480-1484 (2010).
van Damme, E. et al. How werner giith’s ultimatum game shaped our understanding of social behavior. Journal of economic behavior
& organization 108, 292-318 (2014).

Skyrms, B. Evolution of the social contract (Cambridge University Press, 2014).

Henrich, J. et al. Costly punishment across human societies. Science 312, 1767-1770 (2006).

Giith, W. & Kocher, M. G. More than thirty years of ultimatum bargaining experiments: Motives, variations, and a survey of the
recent literature. Journal of Economic Behavior & Organization 108, 396-409 (2014).

Straub, P. G. & Murnighan, J. K. An experimental investigation of ultimatum games: Information, fairness, expectations, and lowest
acceptable offers. Journal of Economic Behavior & Organization 27, 345-364 (1995).

Rand, D. G., Nowak, M. A, Fowler, J. H. & Christakis, N. A. Static network structure can stabilize human cooperation. Proceedings
of the National Academy of Sciences 111, 17093-17098 (2014).

Nishi, A., Shirado, H., Rand, D. G. & Christakis, N. A. Inequality and visibility of wealth in experimental social networks. Nature
526, 426-429 (2015).

Mason, W. & Watts, D. J. Collaborative learning in networks. Proceedings of the National Academy of Sciences 109, 764-769 (2012).
Page, K. M., Nowak, M. A. & Sigmund, K. The spatial ultimatum game. Proceedings of the Royal Society of London B: Biological
Sciences 267, 2177-2182 (2000).

Killingback, T. & Studer, E. Spatial ultimatum games, collaborations and the evolution of fairness. Proceedings of the Royal Society of
London B: Biological Sciences 268, 1797-1801 (2001).

Szabd, G. & Fath, G. Evolutionary games on graphs. Physics reports 446, 97-216 (2007).

Rand, D. G., Tarnita, C. E., Ohtsuki, H. & Nowak, M. A. Evolution of fairness in the one-shot anonymous ultimatum game.
Proceedings of the National Academy of Sciences 110, 2581-2586 (2013).

Heydari, B. & Dalili, K. Emergence of modularity in system of systems: Complex networks in heterogeneous environments. IEEE
Systems Journal 9, 223-231, doi:10.1109/JSYST.2013.2281694 (2015).

Gianetto, D. A. & Heydari, B. Sparse cliques trump scale-free networks in coordination and competition. Scientific reports 6, 21870
(2016).

Gianetto, D. A. & Heydari, B. Network modularity is essential for evolution of cooperation under uncertainty. Scientific reports 5
(2015).

. Wagner, C. S. & Leydesdorff, L. Network structure, self-organization, and the growth of international collaboration in science.

Research policy 34, 1608-1618 (2005).

. Barabasi, A.-L. & Albert, R. Emergence of scaling in random networks. science 286, 509-512 (1999).

. Lu, Q, Xu, C. & Liu, H. Can chunking reduce syntactic complexity of natural languages? Complexity 21, 33-41 (2016).

. Ferrer-i Cancho, R. Hubiness, length, crossings and their relationships in dependency trees. arXiv preprint arXiv:1304.4086 (2013).
. Kunegis, J., Blattner, M. & Moser, C. Preferential attachment in online networks: Measurement and explanations. In Proceedings of

the 5th Annual ACM Web Science Conference, 205-214 (ACM, 2013).

. Barabasi, A.-L. Network science (2016).
. Heydari, B., Mosleh, M. & Dalili, K. Efficient network structures with separable heterogeneous connection costs. Economics Letters

134, 82-85 (2015).

. Watts, D. J. & Strogatz, S. H. Collective dynamics of ‘small-world’ networks. nature 393, 440-442 (1998).
. ERDdS, P. & R&WI, A. On random graphs i. Publ. Math. Debrecen 6, 290-297 (1959).
. Newman, M. E. Modularity and community structure in networks. Proceedings of the national academy of sciences 103, 8577-8582

(2006).

. Blondel, V. D., Guillaume, J.-L., Lambiotte, R. & Lefebvre, E. Fast unfolding of communities in large networks. Journal of statistical

mechanics: theory and experiment 2008, P10008 (2008).

. Zwillinger, D. & Kokoska, S. CRC standard probability and statistics tables and formulae (CRC Press, 1999).
. Sinatra, R. et al. The ultimatum game in complex networks. Journal of Statistical Mechanics: Theory and Experiment 2009, P09012

(2009).

Kuperman, M. & Risau-Gusman, S. The effect of the topology on the spatial ultimatum game. The European Physical Journal B 62,
233-238 (2008).

Santos, E, Rodrigues, J. & Pacheco, J. Graph topology plays a determinant role in the evolution of cooperation. Proceedings of the
Royal Society of London B: Biological Sciences 273, 51-55 (2006).

Santos, F. C. & Pacheco, J. M. Scale-free networks provide a unifying framework for the emergence of cooperation. Physical Review
Letters 95,098104 (2005).

. Goémez-Gardenes, J., Campillo, M., Flora, L. & Moreno, Y. Dynamical organization of cooperation in complex topologies. Physical

Review Letters 98, 108103 (2007).

. Mason, W. & Suri, S. Conducting behavioral research on amazon’s mechanical turk. Behavior research methods 44, 1-23 (2012).

. Nowak, M. A., Page, K. M. & Sigmund, K. Fairness versus reason in the ultimatum game. Science 289, 1773-1775 (2000).

. Page, K. M. & Nowak, M. A. Empathy leads to fairness. Bulletin of mathematical biology 64, 1101-1116 (2002).

. Forber, P. & Smead, R. The evolution of fairness through spite. Proceedings of the Royal Society of London B: Biological Sciences 281,

20132439 (2014).

. Iranzo, J., Romdn, J. & Sanchez, A. The spatial ultimatum game revisited. Journal of theoretical biology 278, 1-10 (2011).

SCIENTIFICREPORTS|7: 2686 | DOI:10.1038/s41598-017-01876-0 8


http://dx.doi.org/10.1109/JSYST.2013.2281694

www.nature.com/scientificreports/

60. Szolnoki, A., Perc, M. & Szabd, G. Accuracy in strategy imitations promotes the evolution of fairness in the spatial ultimatum game.
EPL (Europhysics Letters) 100, 28005 (2012).

61. Szolnoki, A., Perc, M. & Szabo, G. Defense mechanisms of empathetic players in the spatial ultimatum game. Physical review letters
109, 078701 (2012).

62. Giith, W., Schmittberger, R. & Schwarze, B. An experimental analysis of ultimatum bargaining. Journal of economic behavior &
organization 3, 367-388 (1982).

63. Wu, T, Fu, E, Zhang, Y. & Wang, L. Adaptive role switching promotes fairness in networked ultimatum game. Scientific reports 3
(2013).

64. Duan, W.-Q. & Stanley, H. E. Fairness emergence from zero-intelligence agents. Physical Review E 81, 026104 (2010).

65. Allen, B. et al. Evolutionary dynamics on any population structure. Nature 21723, 1476-4687 (2017).

66. Harper, M. & Fryer, D. Stationary stability for evolutionary dynamics in finite populations. Entropy 18, 316 (2016).

67. Lieberman, E., Hauert, C. & Nowak, M. A. Evolutionary dynamics on graphs. Nature 433, 312-316 (2005).

68. Chen, Y.-T. et al. Sharp benefit-to-cost rules for the evolution of cooperation on regular graphs. The Annals of Applied Probability 23,
637-664 (2013).

Acknowledgements
This work is in part supported by the National Science Foundation (NSF) under Grant No. CMMI-1548521.
Authors are grateful to David Gianetto for the insightful comments on the computational framework.

Author Contributions
B.H. and M.M. designed research, performed research, analyzed data, and wrote the paper.

Additional Information
Supplementary information accompanies this paper at doi:10.1038/s41598-017-01876-0

Competing Interests: The authors declare that they have no competing interests.

Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2017

SCIENTIFICREPORTS|7: 2686 | DOI:10.1038/s41598-017-01876-0 9


http://dx.doi.org/10.1038/s41598-017-01876-0
http://creativecommons.org/licenses/by/4.0/

	Fair Topologies: Community Structures and Network Hubs Drive Emergence of Fairness Norms

	Results

	Discussion

	Methods

	Model. 
	Network generation. 
	Numerical simulation. 
	Data Availability. 

	Acknowledgements

	Figure 1 (a) Correlations between the initial variables and the independent principal components.
	Figure 2 Fairness versus network topology parameters.
	Figure 3 Effects of the initialization and the game score.
	Table 1 Empirical studies of variation of fairness norms using the Ultimatum Game and attributed social/institutional factors.




