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Abstract
This paper presents an agent-based model of self-organizing social networks. The aﬃliation
between agents is mediated by agent attributes, or culture that are subject to inﬂuence from
other agents. The paper examines conditions in which distinct cultural and social subgroups
form and characterize the model’s behavior with respect to both social structure and culture. A strong correspondence was found between clustering, or how tightly knit an agent’s
aﬃliates are, and cultural homogeneity. The dynamics between the two are examined at individual, group, and global levels.
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1 Introduction
1.1 Background & Motivation
	

Since the late 1950’s, social scientistsw have studied the notion of social subgroup
and social networks. The advent of the Internet and subsequent availability of massive data
sets of interactions between individuals has brought about a resurgence of interest in social
networks across the disciplines of computer science, mathematics, physics, and social science. Numerous models have been developed which produce networks with structural
properties similar to those found in the real world. Most notably is the sma!-world or
Watts-Strogatz model (Watts & Strogatz, 1998), which captures many formal features of social networks. The model has been extremely successful in aiding scientists’ intuition about
networks and is amenable to a variety of analytic and numerical treatments. The smallworld model exhibits two important features found in social networks: a short average path
length between any two vertices (the “small-world eﬀect”), and a high propensity for vertices
with mutual neighbors to be connected. While the small-world model does provide formal
access to social network-like graphs, it does not give a generative explanation of how social
networks might form. More recently, there have been several models that “grow” social
networks (Jin, Girvan, & Newman, 2001; Grönlund & Holme, 2004, 2005). Such models are
important for developing a deeper understanding into what kinds of underlying mechanisms
are suﬃcient to explain features observed in social phenomena.
	

This paper describes a generative, agent-based model of social network formation. It
is motivated by theories of homophily; it postulates that individuals are attracted to and interact more with others who are perceived to be similar to themselves. As a result, the
transfer of ideas, or social inﬂuence, occurs most frequently between those individuals
(Rogers, 1983, p274). And yet these tightly-knit groups tend to have relatively homogenous
beliefs (Friedkin). The model presented here can give rise to tightly knit groups of agents
with relatively homogenous cultures, or more loosely connected groups of agents with relatively heterogeneous cultures. Here, the term culture is used to describe any attribute that is
subject to social inﬂuence (Axelrod, 1996). Individuals each have their own cultural set.
They evaluate their similarity between one another based on the number of cultural attributes they have in common. Agents interact by copying friends’ cultural values, and choosing
their friends through mutual contacts and evaluating the strength of their friendship on the
basis of similarity.
1.2 Agent Based Modeling of Social Phenomena
	

Social phenomena are complex; they emerge from the interactions among hundreds
or millions of individuals over time. Often times, scientists observe large-scale, aggregate
phenomenon and form complex statistical models that characterize a system. The central
theme in agent-based modeling, and complex systems theory in general, is that complex
structures and behaviors are often emerges from the interaction of many simple parts that
change over time. The platform for agent-based models are computer simulations. They
have been extremely successful in explaining a variety of complex phenomena across the
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disciples of biology, chemistry, economics, and physics (citations - wilensky, axelrod, etc).
The agent-based approach to social science blends the two predominant methods in social
science: the inductive and deductive method. (Axtell & Epstein, 1996, Axelrod, 1997, Epstein 2005). Agent-based models (ABMs) are not intended to be predictive models; they are
intended to aid intuition about systems with many interacting components. In this respect,
agent-based modeling has several advantages over inductive and deductive methods for understanding complex social networks.
	

Inductive methods in social science (not to be confused with mathematical induction) involve ﬁnding patterns in empirical data, typically through the evaluation of surveys,
macro-economic data, or more recently, data-mining. Studies often take from months to
years of time to collect data. These constraints have made the study of how social networks
change over time extremely diﬃcult. However, in an agent-based model, one can easily examine precisely who is aﬃliated whom and their frequency of interaction. Furthermore, any
information exchanged between partners can be measured directly. These factors, in conjunction with perfect information about an agent’s internal data, gives a much stronger
sense of why agents behave the way they do over time. While inductive methods help develop theories to explain phenomena, agent-based models test if a theory is suﬃcient to
generate phenomena.
	

Deductive methods in social science, particularly game theory, involve proving consequences of an explicit system of rules. Deductive methods can make extraordinarily
strong statements about very speciﬁc social situations. They start with true statements
about a particular formal system, make more true statements. Most commonly, models
studied by game theorists involve competitive situations in which players operate under very
powerful assumptions, such as perfect rationality. Players seek to optimize their position in
the game with respect to a speciﬁc goal, often given by a utility function. (Epstein, 2005) .
In contrast to players in game theoretic models, agents have bounded rationality: they are
adaptive in nature, and act according to very simple rules operating under limited local information. Game theorists are often concerned with ﬁnding static equilibrium states in
which no player can maximize their utility more than the other. The focus of attention in
ABMs, unlike most game theoretic models, are non-equilibrium or dynamic equilibrium
states, particularly those exhibiting complex, emergent behavior. They can involve hundreds, or even thousands of actors, whose aggregate behavior cannot easily be deduced from
their rules. Thus, the main platform for agent-based models are computer simulations,
which are often studied inductively rather than deductively.

1.3 Related Work
	

There have been many notable computer-simulation models of social network and
group formation. Epstein & Axtell’s Sugarscape model (Epstein & Axtell, 1996) is one of the
most ambitious agent-based models that includes some of these features. It contains rules
for factors such as birth & death, genetics, sex, friendship, culture, combat, trade, and
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wealth. However, Sugarscape is very wide in breadth and does not capture some of most
important details of social networks and cultural formation.
	

This section ﬁrst presents the small-worlds model which illustrates the most fundamental structures of social networks Then two dynamical models for network formation
will be discussed brieﬂy. Finally, the two models whose underlying principles serve as a basis
for the work presented in this paper will be discussed in detail.
	

One of the earliest computer simulation-based network models of social networks is
the small worlds model. The small worlds model interpolates between highly ordered to
random graphs. At one extreme, the propensity for two individuals to be acquainted extraordinarily high, given that they have a single mutual neighbor, as in a lattice. In the disordered, random extreme the propensity for two individuals to be linked is the same no
matter how many friends they have in common. The α-model is the ﬁrst of such models,
which interpolates between these ordered and disordered worlds. The model has three parameters: k, the average degree of a vertex, p, the probability that two arbitrary vertices are
connected, and α, which is a tunable parameter which interpolates between the ordered and
random worlds.

a model
Wednesday, August 16, 2006

1.0

propensity to become friends

! = 0.01

Ri, j

0.8

! = 0.125

1
m"k
Ø
≤
≤
≤
≤ mi, j Α
!
" $#1 % p$ & p k ' mi, j ' 0
:! ∞
≤
≤ k
≤
≤p
mi, j # 0
±

0.6

! = 0.25
0.4

! = 1.0

0.2

0.0

as ! increases, the world changes
from an ordered to disordered world.

! = 0.5

! = 2.0

0

1

2

3

! = 4.0
4

! = 8.0
5

! = 20.0
6

7

number of mutual friends

	

The α-model, and its generalization, the β-model, have been extremely fruitful
model for exploring the nature small-worlds phenomena. Much of their elegance lies in
their independence of mechanism. However, they do not give a generative explanation of
how social networks might form.
	

Others have in fact sought to create models using generative mechanisms. Jin, Girvan & Newman (2001) explored two dynamic models of social network growth. Their models reﬂect both the process of formation and structural characteristics of real-world social
networks. The idea behind the model is simple: a ﬁxed number of individuals meet with a
ﬁxed number of contacts at a certain rate. The maintenance of a link between two acquaintances requires that they interact regularly, and the probability that they meet increases with
the number of mutual acquaintances they share. The ﬁrst model is given by a continuoustime Monte Carlo method. The second, simpler model is more amenable to direct discrete-
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time Monte Carlo methods will be described here. The model relies upon four basic processes:
• All individuals have a maximum number of acquaintances, given by an integral value z*.
If two individuals who are not already acquaintances meet one another, and either of
them has more than z* contacts, they do not become linked.
• Arbitrary individuals meet at a rate of r0, the probability with which two random individuals will meet one another. In the paper, r0 is much larger than r1 for obvious reasons.
• Individuals meet at a rate r1 with their acquaintances. The probability that they meet
with an acquaintance increases linearly with the number of mutual contacts they share.
• With a probability g, a link between two acquaintances is removed. The idea is that if
the two acquaintances have many mutual contacts, the probability that the two will meet
one another again is relatively high. Its purpose is twofold: it prevents the evolution of
the network from stagnating and avoids the need to keep count of the number of interactions between agents within a given interval of time.
	

There are inﬁnitely many parameters that can be used for z*, r0, r1, z*, and g. With
the parameters discussed in the paper, the authors found that their model could produce
networks with clustering coeﬃcients ranging from 0.02 to 0.52. Most importantly, the networks show evidence of community structure: there are more links between vertices within
groups than outside groups.
	

Axelrod sought to understand how distinct communities can arise from mechanisms
of cultural alignment in a spatially constrained world. There are many theories for why differences between individuals remain: there are preferences to extreme views (Abelson &
Bernstein, 1963), social diﬀerentiation (Simmel, 1995), fads and fashions, specialization
(Friedkin & Johnsen,1990; Mardsen & Friedkin, 1993), changing environments, etc. Axelrod
was struck by the work of the communications scholar Everett Rogers and that of other social scientists mentioned earlier in this paper. Axelrod wished to reconcile two seemingly
mutually exclusive sociological observations: how is it that individuals remain culturally differentiated when people tend to exchange ideas most often with those that are similar than
themselves?
	

Axelrod’s model demonstrates how local convergences of culture could lead to global
polarization. In the model, agents are ﬁxed to a single square in a grid, comparable to physical community in a geographic region. An agent’s neighbors are the agents immediately
north, east, south and west of the agent. Each agent possesses a vector of cultural features,
each of which takes a ﬁnite number of values. Agents interact preferentia!y: the frequency of
interaction between agents is proportional to the number of values they have in common.
If agents have no common values for all features, they do not interact. When an agent A
chooses to interact with an agent B, A replaces the value of one its features with the value of
a randomly chosen feature of B that diﬀers from A’s value. Axelrod found that with the parameters examined, the model almost always reached a $ozen state in which one large mo-

7

noculture would occupy a signiﬁcant portion of the grid, leaving a single isolated region that
does not interact with the surrounding culture.
	

In summary, the models discussed in this section shed light on the structure of social
systems and give possible explanations for why they emerge. Watt & Strogatz’s small-world
model demonstrates that fundamental structures common to social networks can be produced and studied independent of underlying generative mechanisms. Small-world graphs
illustrate how social-network-like structures can be thought of at existing at the edge of order and randomness. Jin, Girvan & Newman show how many homogenously attributed individuals guided by a small set of intuitive rules can give rise to social-network-like structures. Finally, the Axelrod model shows how the interplay between forces of cultural alignment and preferential interaction among heterogeneous, spatially constrained agents can
result in the formation of globally polarized groups. The ﬁndings here show how a few local
rules for interaction among heterogeneous agents in a networked world can give rise to complex social
structures.

2 The Model
2.1 Overview
	

The model illustrates how the co-evolution of cultural and social structures can give
rise to dynamic communities with distinct cultural features. It deﬁnes explicit mechanisms
for networked social interaction guided by forces of cultural convergence and preferential
interaction. Agents exchange cultural values in a fashion similar to that of Axelrod’s model.
Each feature only has two values: 0 or 1. They can be thought of as being diametrically opposed to one another. The agents’ neighbors, unlike Axelrod’s model, are not ﬁxed. Instead,
agents choose with whom they are acquainted based on similarity. The rules that govern the
dynamics of aﬃliation between agents are grounded (intuitive) using the heuristics proposed
by Jin, Girvan, & Newman. Most signiﬁcantly, it does not assume that all agents are equal in
their social propensities. Agents are heterogeneous with respect to the number of contacts
they wish to maintain and their criteria for becoming aﬃliated with another agent.
	

The simulation can be described informally as follows: The model begins with a set
of agents A of a certain size. Initially, agents have a culture vector whose entries are 0 or 1,
chosen at random with a uniform distribution, and no acquaintances (friends). They continue to adopt friends, chosen preferentially from the set of all agents or randomly from the
set of of one of their friends’ set of friends (second nearest-neighbors), until the agents decide that they have enough friends. Agents primarily meet new friends through their preexisting friends, but will seek friends outside this neighborhood with a probability po.
Agents have standards: an agent a will only become friends with an agent b if b is at least as
similar to a’s least similar friend. An agent will adopt a randomly chosen cultural feature
from another agent each time it becomes friends with a new acquaintance or chooses to interact with an already existing friend. The probability that an agent chooses to interact with
a friend is proportional to the number of cultural features they have in common. With a
certain probability, a link between dissimilar friends is broken.
	

The algorithm, which is carried out by each agent, can be described more succinctly
as follows. Terms in italics will be deﬁned more precisely below.
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If I want to form a new friendship then look for more friends:
If I have less than two friends or with a probability po:
Form a friendship with any agent that wants to form a friendship, chosen preferentially
Otherwise form a friendship with an agent within my social circle:
Pick a friend B at random;
If B has a friend C that wants to form a new friendship and
C and I are more similar to one another than our disliked friends, then
Become friends with that agent and exchange a feature
Otherwise exchange a feature with a preferentially chosen friend.
With a probability pb, remove a link with a friend that I dislike

2.2 Detailed Description
Internal data
Culture: The culture of an agent is a vector of length nf, the number of cultural features,
whose entries are binary values (0 or 1).
	


	


Friends: An agent a’s set of friends is denoted by ! !!a". For the purposes of this paper,
this set is also referred as an agent’s social circle.
Preference functions
Similarity: The similarity between two agents is the fraction of values they have in common.

S!a, b" :!
	


	


1
nf

"# !1 # $ ci !a" # ci !b" $"
nf

i!1

Preferred agents and disliked $iends: The probability than an agent preferentia!y chooses a
friend b is proportional to agent a’s similarity to b relative to all a’s friends. Similarly, the
probability that an agent a decides that she dislikes agent b is proportional to how little they
have in common relative to all of a’s friends.

P!a, b" :! S!a, b" # $i"! !a" S!a, i"

D!a, b" :! !1 # S!a, b"" # $i"! !a" !1 # S!a, i"" 	


Preferentially choosing amongst all agents is deﬁned in a similar fashion.	

Non-equilibrium conditions
Wanting more $iends: The probability that an agent wants to form a new $iendship is dependent
on the “sociability” factor za* of an agent a, and its current number of friends, za. Every
agent has a diﬀerent preference for how many friends they wish to have. The probability
that an agent with za friends will want to form additional friendships is given by a form of
the Fermi function, which increases rapidly near za = za*.
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The Fermi function is commonly used physics to describe the probability of an electronic existing in a state, but was also used in Jin et al’s paper. This function was chosen
here because it provides a simple way to produce variance in the number of friends an agent
maintains, and the rate at which it seeks out additional friendships. Agents each have their
own preferred “number” of friends, given by the real-valued number z*. In the simulations
discussed in this paper, z* was distributed normally across the population with a mean of 7.0
and standard deviation of 1.0, with β = 5.0. This reﬂects common experience: people often
have diﬀerent preferences for the number of friends they wish to have.
Cultural Exchange
Exchange: An agent a that initiates an exchange with agent b generates an index i between 1
and nf, and sets the ith item of her culture vector to the value of agent b’s culture vector at
index i.

3 Methodology
3.1 Implementation
	

The model presented here is implemented using NetLogo, a parallel agent-based
modeling environment (Wilensky, 1999). It was chosen for its ease of use in rapid development and high level of interactivity. The user interface allows the experimenter to interactively vary model parameters and observe dynamics over time. The agents and their aﬃliations are represented as a graph using a spring layout. The brightness of links between
agents are proportional to the number of features, or traits, they have in common. The
color of the agents, represented by dots, corresponds to a single feature that is currently being “tracked.”
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The NetLogo graphical user interface

	

Mathematica was used to run the model with varying parameters, collect data, and
analyze the results of the runs. The Mathematica-NetLogo interface, data structures, algorithms and visualizations were developed speciﬁcally for the analysis model. The bulk of the
simulations and data processing were carried out on twenty seven eMac computers in a
computer lab at Illini Hall.
3.2 Parameters
	

A total of twenty-seven conﬁgurations were examined extensively. Each set of conﬁgurations were run for 4 trials with diﬀerent random seeds, each with 40,000 timesteps.
The cultural values of each agent and their friends were recorded at a rate of once every 500
timesteps.
The simulations were conducted with 500 agents using the following parameters:
nf

pb

po

32,64,128

0.005, 0.015, 0.025

0.02,0.04,0.06

	

The parameters were chosen after several days of interactive exploration in NetLogo.
I looked for conﬁgurations that yielded graph structures that did not resemble random
graphs, and did not produce a single “monoculture” where the system settles into a state in
which all agents have the same cultural values. The probabilities used in the simulation can
be more easily understood in terms of frequencies of events. Each agent “breaks up” with
one of its friends at approximately every 200, 66, or 40 time steps, corresponding to pb pa-
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rameters of 0.005, 0.015, and 0.025, respectively. The chance that an agent’s new partner
will be chosen from outside its own social circle is approximately 1/50, 1/25, and 1/17. Since
breakups occur among pairs of agents, the expected rate of outside encounters is two times
the probability of agents breaking up and seeking agents outside their social circle (2 pb po).
This information is summarized below
pb \

po

1/50

1/25

1/17

1/200

2/10000

2/5000

2/3400

1/66

2/3300

2/1650

2/1122

1/40

2/2000

2/1000

2/680

Approximate maximum frequency of break ups and outside encounters ( pb & po) expressed as fractions
and the rate at which an agent interacts with others outside its social circle.

4 Findings
	

The conﬁgurations surveyed yield many interesting features. After 5,000 to 20,000
time steps, the models appeared to reach a dynamical equilibrium with respect to aggregate
measurements. Agents often formed networks that bear a strong resemblance to social
networks: they were highly clustered, exhibiting community structure and homophilic tendences. In this state, agents were signiﬁcantly more similar to one another than they had
been at the starting state. The following sections present observations and measurements
relating to both network structure and cultural similarity. Friendship networks were highly
clustered, with clustering coeﬃcients ranging from 0.18 to 0.8. Qualitatively, agents often
formed distinct communities, or “modules.” As time progressed, agents became more similar to one another, in all observed respects, than they had been initially or could be accounted for by random chance. Linked agents were signiﬁcantly more similar to one another than non-linked agents. Furthermore, all agents within a community, as identiﬁed by
a network partitioning algorithm, were more similar to one another than to arbitrary agents.
Similarity between linked agents was positively correlated with clustering. Finally, it was observed that the stability of a single agent’s culture increased rapidly with clustering.

4.1 Network formation
	

Real-world social networks exhibit many properties that make them distinct from
lattice graphs, Erdös-Renyi random graphs, and scale-free graphs. (Amaral et al, 2000, Newman & Park, 2003) Throughout this paper, the network of the model is a simple unweighted
graph, with vertices representing agents and edges between vertices representing the existence of a friendship between two agents. Tightly knit groups of friends and community
structure become apparent when one examines the graph of agent acquaintances.
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t = 500

t = 10,000

t = 40,000

The evolution of an agent friendship network over time. Qualitatively, these networks show signs self!organization.
They begin with rather random graphs that develop into tightly knit clusters with relatively sparse ties between one another.
The configuration used here is nf = 128, pb = 0.025, and po = 0.006

	

This section quantiﬁes the kinds of structural formations seen in the above ﬁgure.
Formal metrics and methods describing clustering and community structure are explained
and related to the networks that are formed by the model.
4.1.1 Clustering
	

An important aspect of social network-like graphs is that there is an increased probability that an edge lies between two vertices if the vertices share one or more common
neighbor. The clustering coeﬃcient is one such measurement (Watts & Strogatz, 1998).
Roughly, it is a measurement of how “cliquish” a vertex’s neighborhood is. The clustering
coeﬃcient of a vertex i, denoted by Ci , is the fraction of edges that exist between a vertex’s
neighbors and the number of edges that could potentially exist between its neighbors. The
global clustering coeﬃcient, C is the mean clustering coeﬃcient for all vertices

Ci !
	


2!"e j, k : v j ,vk "!i , ei, j "E#!
ki $ki #1%

$$$ 1 n
C ! %&i!1 Ci
n

Where Ni are the neighbors of the vertex i, E is the set of all edges, ei,j is an edge, and ki is
the degree of vertex i. Real-world networks, including social networks, tend to have a very
high average clustering. For example, the aﬃliation networks between mathematics collaborations have a clustering coeﬃcient of 0.15, boards of corporate directors 0.59, and
movie actors 0.79 (Newman 2003, Newman et al, 2001)
	

The agent’s choice of which acquaintance to interact with is completely determined by
similarity. However, the prolonged interaction between agents requires that agents have mutual contacts. If an agent breaks up with a friend that has no common neighbors, the probability that the two become friends again is relatively low. If the network exhibits a high
global clustering coeﬃcient, then it is likely that a large fraction of an agent’s friends are
themselves connected, dramatically increasing the chance that the two agents will become
friends again.
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All runs produced networks with global clustering coeﬃcients greater than 0.18
within approximately 20,000 steps. Clustering was sensitive with respect to the frequency
of breakups and outside interactions, especially when there were very few cultural features.
This behavior is most prevalent when pb = 0.025. With this conﬁguration, agents frequently
breakup with one another and are more likely to become linked with agents outside their
clustersocial
me pink.
current
circle. The plots below compare all nine conﬁgurations with the pb ﬁxed at
0.025. Each of the three plots depicts the evolution of the model with 32, 64, and 128 traits.
Yellow, magenta, and blue dots correspond to conﬁgurations with po of 0.02, 0.04, 0.06.
clustering coefficient
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Global clustering coefficients sampled between t = 500 and t = 40,000 with pb = 0.025.
The three plots, from left to right correspond to configurations with 32, 64, and 128 cultural features.
The blue, magenta, and brown points correspond to correspond to po = 0.02, po = 0.04, po = 0.06.

4.1.2 Modularity and community structure
	

One of the most salient features of social networks is community structure. In
common experience, it is often easy to divide people into distinct subgroups or communities: cliques in a school, research groups at a university, and even political bloggers (Adamic
& Glance, 2005). The identiﬁcation of such subgroups has long been a concern of social scientists. These methods include examining the mutuality of ties, shortest paths between subgroup members, and frequency of interaction within and outside subgroups (Wasserman &
Faust, 1994). The widespread availability of computers, the Internet, and massive electronic
databases have allowed scientists to develop sophisticated methods for detecting community structure in large networks (Newman & Girvan, 2003, 2004, Clauset, 2005). Throughout this paper, a particularly eﬃcient and robust spectral partitioning algorithm (Newman,
2006) is used to identify individual communities in the network. Qualitatively, it appears to
perform relatively well, as seen in the ﬁgure below. Later, quantitative evidence of its performance will be presented.
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A social network generated by
the model showing community
structure.
Combinations of colors and
shapes are used to diﬀerentiate
distinct communities classiﬁed
by Newman’s network
partitioning algorithm

	

Modularity, denoted by the letter Q, is the most common metric used in modern
network partitioning algorithms. The deﬁnition of modularity presented here closely resembles previous characterizations of cohesive subgroups found in the structural sociology
literature (Seidman, 1983a, pg97). Roughly, modularity measures the extent to which there
are a greater number of expected edges between vertices within a community and fewer expected edges between communities. It can be precisely as:
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where A is the adjacency matrix of a network, ki is the degree of a vertex i, m is the
number of edges in the network, and si is either -1 and 1 depending on whether vertex i falls
into group 1 or group 2. B is called the modularity matrix, whose entries are the the number
of edges between two vertices i and j minus the expected number of edges between two in a
random graph with the same degrees. Graphs that do not have a good partitioning into two
groups (ie random or complete graphs) have a modularity close to or below 0. The partitioning algorithm uses spectral properties of the modularity matrix to ﬁnd a partitioning of
a graph into two groups with a relatively high Q. It continues to do so until no partition has
a Q quality greater than 0. Another partitioning algorithm (Clauset, 2005) was also examined, but it yielded partitions that were qualitatively worse than the former algorithm.
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4.2 Cultural similarity
4.2.1 Evidence of homophily
	

The behaviors of agents are focused around exchanging information with and interacting most frequently with agents that are similar to themselves. Over time, agents always
ﬁnd themselves surrounded by like-minded souls. That is, after a few thousand timesteps,
the model reaches a dynamical equilibrium in which linked agents are signiﬁcantly more
similar to one another than to arbitrary agents. The average similarity between linked
agents ranged from approximately 0.68 to 0.80 in the last 10,000 steps of each run. In the
dynamical equilibrium state, the similarity between arbitrary agents is always greater than
two standard deviations below that of linked agents. The similarity of was measured by
computing the similarity between 20,000 agents chosen at random.

	

Like clustering, agent similarity tends to be higher with 128 features than with 64 or
32. Socialization with homophilic tendencies, especially with a diverse number of cultural
features, tends to produce more pairs of agents that are quite similar to one another. In
short, a! agents are more similar to one another than one might expect from random
chance.

4.2.2 Cultural trends
	

All societies have certain salient cultural values. The fact that arbitrary agents become more similar to one another begs the following question: are there certain cultural
values that are shared amongst all agents? The fact that the similarity between arbitrary
agents stays within a certain interval suggests that trends are often transient, and do not
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gain full adoption by all agents in the model. This can be seen by examining the global culture amongst all agents and its deviation from the mean.

	

The collective cultural feature i amongst all agents is the mean of ci across all agents.
Cultural trends, are global cultural features that deviate from complete heterogeneity with
respect to a feature.
	


!i !A" :!

1
"$a#A ci !a"
#A#

"i !A" :! 2 # !i !A" $ 1 % 2 #

More succinctly, the “trendiness” of a cultural feature is twice the distance of a global cultural feature from 0.5. The ﬁgure above illustrates how trends come and go in collective cultures.

4.2.3 Global cultural entropy and clustering
	

Clustering promotes stable cultural trends. We deﬁne global cultural entropy to be
the diﬀerence between the average cultural values for all agents between one sample to the
next:
!!t1 , t2 " :!
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Global cultural entropy is more pronounced with fewer cultural features, and decreases with clustering (ﬁg 4.2.3). The fact that fewer cultural features is often yield greater
global cultural entropy is not surprising: it takes comparatively less time for a particular feature to be chosen at random and transmitted to another agent during exchanges when
agents have less features. In the next sections, it will be shown that homogeneity among
agents is more prevalent in highly clustered groups, yielding less cultural variability across
groups and agents.
4.2.4 Clustering and agent similarity
	

Social scientists have noted that tightly knit groups tend have rather homogeneous
beliefs. Collins (1988, p417) notes that “the more tightly that individuals are tied into a network, the more they are aﬀected by group standards.” This kind of behavior can be seen
across runs in the model. The similarity of linked agents increases with the clustering of the
network. When the average clustering and link-similarity is measured at a dynamical equilibrium state between t = 30000 and t = 40000, there is a positive correlation between the
two measurements.

kshy:

kshy:
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1:10 AM
Cultural
Communities
4.2.5 Similarity of agents within communities
Thursday,
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17, and
2006
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It can be visualized by representing agent’s cultural features as columns in a grid, with each
row being a diﬀerent agent’s set of values. Black squares are the value 1, and white squares
are the value 0.
Agents within the same community
t = 500

Arbitrary agents
t = 10,000

t = 40,000

The evolution of an agent friendship network over time. Qualitatively, these networks show signs self!organization.
They begin with rather random graphs that develop into tightly knit clusters with relatively sparse ties between one another.

A graphical representation of the culture of eight agents, their shared culture, and cultural cohesion. The first
eight rows indicate the binary values of all 128 cultural traits for individual agents. The second to last row shows
the average, shared culture. The last row indicates the distance from a mean of 1/2: red indicates that majority of
the agents are similar with respect to a value, and yellow indicates there is little correlation between the group
and that value.

The configuration used here is nf = 128, pb = 0.025, and po = 0.006

1:20 AM

	

The visual correspondence of cultures between grouped agents (redness) in the ﬁgure
above is not coincidental.
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The similarity between linked agents and that of all agents within a module, that is
the complete graph whose vertices are the agents in a module, are relatively close correspondence with one another. The partitioning algorithm is relatively accurate in detecting
communities that are both structurally and culturally cohesive allows one to deduce the extent to which cultural values are shared amongst all members.

4.3 Changing agents
	

Until now this paper has only discussed system-wide characteristics of the model.
Such macro-level, aggregate measurements give a sense of stability in the system. Still, it is
clear that the system is perpetually changing: agents change friends, cultural trends come
and go, etc. Agent-based modeling gives us a microscope to examine the behavior of a system at very small scales, and relate local phenomena to aggregate measurements. A major
aﬀordance of agent-based modeling is that it enables one to examine micro-level dynamics
t = 500
t = 10,000
t = 40,000
at the level of the
most basic elements of a system.
This section relates these dynamics
to
large-scale,
global
properties.
The evolution of an agent friendship network over time. Qualitatively, these networks show signs self!organization.
They begin with rather random graphs that develop into tightly knit clusters with relatively sparse ties between one another.

4.2.1
Clustering
and
The configuration
used
herecultural
is nf = 128, pbhalf-life
= 0.025, and po = 0.006
	

The maintenance of a stable culture, at the individual level, requires that agents
most frequently interact with others like themselves. While measurements of similarity and
clustering tend to approach a stable equilibrium at the macroscopic level, an agent’s culture
is perpetually ﬂuctuating. The change in the composition of an agent’s cultural attributes
over time is more nuanced than the linear relationship between average clustering and average similarity. To measure the rate of change, a rough measurement of the degree of cultural
change for an agent can be established by considering the number of steps it takes for an
agent to become 50% less similar to itself at an initial state. This measure can be stated
more formally as
	


pa !to " :! min!# tx $ S!ai !to ", ai !tx "" " 1 % 2, tx # ti &"
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where t_0 is the initial time that an agent is considered, and a_i(t) is the culture of an agent i
at time t. This measurement will be referred to as the cultural period of an agent.
The kth period starting at t_0 is given by the recurrence:
	


pa k !to " :! pa #pa k"1 !to "$ ;

pa 0 !to " :! pa !to "

The cultural periodicity, of an agent a beginning at time t0 is given by the set:

Pa !to " :! #pa 0 !to ", pa 1 !to ", pa 2 !to ", ..., pa f !to "$

I just don't know who you are any more
where
f is the secondAugust
to last period19,
measured
before the ﬁnal state of the model.
Saturday,
2006
	


Agentsaverage
continually
exchangeperiod,
cultural values.
The maintenance
of a stable
culture
at the
The
cultural
or half-life
is denoted
by the
letter
P.agent level requires that the
agents most frequently interact with others like themselves. While measurements of similarity and clustering tend to
an stable equilibrium
at the macroscopic
level, an
agent!s culture
perpetually
fluctuating.
relationship
	

approachAgents
whose culture
changes very
rapidly
have ais very
short
culturalThe
period.
This
between a single agent!s culture is more nuanced than the linear relationship between average clustering and average
measurement can be more intuitively understood by looking at the evolution of a single
similarity. To measure the rate of change, a rough measurement of cultural entropy for an agent can be established by
agent’s
culture their respective periods with diﬀerent model conﬁgurations.
considering the number of steps it takes for an agent to become 50" less similar itself at an initial state.
P = 1660

P = 2200

P = 5000

The evolution of cultural traits for a single agent over 40,000 timesteps sampled at intervals of 500 steps and their
respective cultural periods, indicated by pink and green dashes. P indicates the average cultural period, or half#life. The
length of the period is approximately the amount of time it takes for an agent to become 50" different than it was at
the starting interval. The plots correspond to runs with 64 traits, a prob#outside#encounter of 0.005, and prob#breakup
of 0.025, 0.015, and 0.005, respectively.
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Using the measurement of cultural half-lives, it can be seen that the stability of an
individual agent’s culture increases rapidly with clustering.

5 Conclusion
	

This paper presents a generative model of social network and subgroup formation
based on theories of homophily and cultural exchange. The model was tested with twenty
seven conﬁgurations which were compared with one another. It was observed that there
was a high correlation between cultural homogeneity and network clustering, and that the
stability of cultural values were related to structural characteristics of the network. Speciﬁcally, parameters that yielded clustered networks often had high degrees of homogeneity
among friends. Conversely, highly clustered networks were more common among parameters with many cultural features. Furthermore, there was evidence of global cultural trends
amongst all agents. The stability of these trends were related to the number of cultural features and was positively correlated with high degrees of clustering . Finally, the dynamics of
individual agent’s cultural set were shown to have a highly sensitive dependence on clustering in the network.
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