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ABSTRACT

This project investigates how homophily, balaneejprocity, and preferential attachment
influence familiarity among participants in a mod@mg international summer school in
Beijing. 49 participants were asked four times dgrihe second and third weeks of the
program to list the participants they knew well dndhlso list who they would ask for advice.
We then use a continuous-time stochastic modeinnatih exponential random graph modeling
framework (ERGM) to understand how homophily, nempty preferential attachment and
balance influence both the shape of the netwothetime of the first survey and subsequent
changes in the network. We find that early tie farons and subsequent changes tend to take
place as a result of reciprocation. In addition,nhophily increases the likelihood of
relationships initially but not over time, while laace shapes relationships over time but not
initially. Preferential attachment only explaing fiormation at the outset, and then only for
familiarity but not advice.

INTRODUCTION

This project investigates how participants in tl#®2 Santa Fe Institute’s Complex Systems Summer
School in Beijing (CSSS) come to know each othdt. Wehile the research question itself is of lintte
scope and perhaps most useful to event plannergdunchtion policymakers, the methodologies we
utilize could be used in a variety of research grasach as epidemiology, management, and trade.
Primarily we seek to understand how the social agte change over time, and we make use of
individual characteristics and network charactmssto test how homophily, balance, reciprocityl an
preferential attachment shape the formation aneéldpwment of these familiarity networks.



Early network research suffered from the fact #watial networks were measured at static moments in
time and little could be said about their dynamioperties. Moreover, estimates of the statistical
properties of networks often assumed that edgedoanged independently, a condition that almost
never holds. Recent advances in exponential randoaph models, however, have enabled the
statistical estimation of how parameters for naatélibutes and network properties predict both the
structure of a network at a static moment and hioe rietwork changes. Assuming that edges are
conditionally independent given a set of nodalilattes and network processes such as reciprocity an
transitivity results in a much more realistic moda&ithin this framework, researchers can then model
network change as a continuous-time stochasticegsocThis project is an exercise in implementing
these techniques, with a few policy implicationstfte Santa Fe Institute’s future summer programs i
China.

Exponential random (op*) graphs have been used for about a decade toadstitne effects of
individual and pair characteristics on network ewioln [1, 2]. Rather than assume that all tieshia t
network are independent, we make a much more tieassumption that the probability of observing a
tie between any two actors is conditionally indeget of the probability of observing a tie between
any other pair of actors, given a set of attribudéshe individual actors and information about the
overall graph structure. Using our conditional ipeledence assumption, we then model the network as
a continuous-time stochastic process [3, 4]. W&ddadnto the effect of each candidate characterasti
well as their possible collective effects, how #hebaracteristics affect connections over time, reowl

they help predict the behavior of the network andfdhe individuals.

Familiarity among the CSSS student relationshipa isoteworthy example of a social network to
investigate. It was primarily chosen for the laggse and simplicity of gathering respondent data,
which naturally leads to an unusually high expectsponse rate. In addition, the school setting als
ensured that the population was controlled in teahsize and that we could obtain the informed
consent both of all the survey respondents andpdmple who the respondents would name in the
survey (since participants only named other padicts).

Each survey respondent who consented to participsésl up to eight other consenting participants
that he/she knew well, and up to eight consentiagiq@pants that he/she would go to for personal
advice. The survey was disseminated four timesndutihe second and third weeks of the school.
“Facebooks" containing the names and picturesetthdents, all of whom consented to be part of the
study, were also provided to enable respondentsnt@mber names. The survey was double blind in
that the identities of the respondents and the Ipethgy named were unknown even to the authors.
Personal characteristics that are likely to afsgatient social ties include: academic backgrougd, a
assigned hotel room, gender, nationality, and rekemterests. As such, the authors collected basic
demographic information from the respondents a$. Wwak first two surveys netted response rates of
greater than 80%, compared to about 60% for thel $urvey and 40% for the fourth survey. Our
analysis makes use of information from the firseéhsurveys.

The physical structure of the social network aiveemytime, i.e., the presence of connections batwee
respondents was visually inspected and its pragsedstablished. The survey results for differaneti
frames were also compared to understand the timleitesn of the network. We then examined to what
extent some basic theories for network formatioth @mange played a role in shaping this network.

Theoretical Background

This research explicitly tests four theories raldte social network formation and change: reciggoci



[5], balance [6], homophily [7] and preferentialaathment [8]. Each theory may interpret different
aspects of human social behavior. Detailed desonigof each theory follow.

1. Reciprocity

Reciprocity is a theory that individuals who akeetil will return the goodwill. Reciprocity can be
positive or negative: kindness is met with kindnasg antipathy or indifference is similarly met.[9]
Moreover, as Falk and Fischbacher [10] point opdple evaluate the kindness of an action not only
by its consequences but also by the intention uyidgrthis action. A large body of evidence indest
that reciprocity is a powerful determinant of huntegiavior.” Reciprocal behavior, both positive and
negative has been observed in such a variety ddlsageriments [9] that the authors of the SIENA
package control for it by default.

In fact, regardless of the research setting, recipr involves preferential choice, i.e. a gamerotigh
reciprocity, a group of actors form a structuresocial relations that is usually well-representgd b
social networks.

2. Balance theory?

Initially proposed by Heider [11], balance theoande applied to either groups of two actors (dyads
or three actors (triads). Here we discuss baldmeery as it applies to triads. In brief, “balancéiéds
are likely to contain either zero or two negatiegy(, “do not know well”) ties (Figure 1). The prox

of the ties in a balanced triad is positive. Bathtriads are likely to remain so, while members of
unbalanced triads will attempt to resolve theuaiton such that the triad becomes balanced.

ARARAES

_|_

Figure 1. A Set of Balanced Triads.

In extending Heider’s theory with his “A-B-X"” moddlewcomb [12] used role theory to focus on
communication as a way for an unbalanced triag@solve itself In Newcomb’s model, one actor A
shares information with another actor B about sperson or concept X.Also a “nonbalanced” state,
actors are indifferent (and so communication mayoaour.) In this study, X represents a third perso

This research uses a notion of balance most closklied to Newcomb'’s, except slightly extended
using graph theory to encompass systems of any auailactors as done by Cartwright and Harary
[13]. Given that we assume that familiarity chanti@eugh communication, balance is a sensible
theory to test.

! The concepts presented here and their formatravendrom an overview of homophily theory develofycthe Center
for Interactive Advertising at the University ofXaes at Austin
(http://www.ciadvertising.org/studies/student/97|/faéory/cognitive_coc/balance.hfm

# Balance as described by Newcomb and applied ézi@id graphs can be seen as a theory of outgeisigtiand B adjust
their attitudes towards each other based on wiegtttiink about C, not what C thinks about them.dgxdingly, the
software package we use calculates balance baseagtguoing ties only. To compensate for the fact #mactor A's
attitudes towards C may nonetheless change bas€s attitudes towards A, we always control for effect of reciprocity
when estimating the effect of balance in our madels




3. Homophily®

Homophily, which literally means “like attracts &K is the extent to which pairs of actors withretuh
characteristics are more likely to interact thawsthwho lack these commonalities [14]. Such
commonalities include demographic variables sucigesand gender, technical know-how, language,
social status, and values.

Rogers and Bhowmik [15] note that homophily taklee€@ because actors with much in common are
able to communicate more easily. Conversely, comeating with those who are different requires
more time and effort, and may also cause cognitissonance when an individual receives information
inconsistent with his or her knowledge or beliefs.

Students at the CSSS School were required to engaggerdisciplinary collaboration in teams that
included both Chinese students and students frbwr abuntries. Many students mentioned that one of
the most challenging aspects of the group colldlmravas communication. Accordingly, we would
anticipate an effect of homophily in our models Wwould want to control for participation in the sam
working group.

4. Preferential attachment

Briefly, preferential attachment is a theory ofwmetk change that states that the probability that a
actor will link to a new actor in the future is partional to the number of ties that the actor ently
has. The concept has existed since at least 1823dut Albert and Barabasi [8] first used the term
“preferential attachment.” Here we test the hypsihéhat students who are popular (have a high in-
degree, or are “known well” by many people) wilcbene even more so over time.

M ethods

Recent theoretical advances and developments itilenel modeling allow researchers to construct
causal models of dynamic social behavior. Two aagines for static (one time point) and dynamic
social network models are, respectively, the ExpoakRandom Graph Model or ERGM [17] and
Snijders’s Actor-Oriented Dynamic Model, which lalslupon the ERGM [18]. In this section, we will
introduce both of these approaches and formaliemtimto statistical models for the summer school
familiarity networks. We also explain how the SIEN@&ftware can be used for estimating these social
network models.

1. Exponential Random Graph Model

The Exponential Random Graph Models (ERGM), alsleddhe p* class of models, is derived from
the p1 model class which restricts the relatioaabrs’ behaviors in the dyadic independence
assumption. A major goal of developing statistroaldels for social networks is to identify the
particular pattern of an observed network fromrgdaset of possible patterns. Which structural
characteristics are most important in shaping d¢inen fof the network? The probability of occurrenée o
all possible networks is represented by a proldgistribution and those graphs with substantial

% The concepts presented here and their formatravendrom an overview of homophily theory develogscthe Center
for Interactive Advertising at the University ofxaes at Austin
(http://www.ciadvertising.org/SA/summer_02/chjin/Nat/Homophily%20Theory.htl




levels of structural characteristics that refléa generative processes actually taking placesilitye
are likely to have higher probability of occurreriban graphs with few such characteristics [17f Th
goal of the statistical model as mentioned above identify model parameters that yield a “godt fi
to the data in that they generate graphs with straccharacteristics close to the observed graph.
Robins et al. outline five steps to build an ERGW): Regard network ties as random variables, (2)
develop a hypothesis for how these variables goertient, (3) ascertain the structural charactesisti
implied by the assumed dependence model, (4) rettheceumber of parameters to be estimated
through constraints, and (5) estimate and intetheetnodel parameters. The general form of
exponential random graph model can be built infdHewing form:

I
PrY=y) = (- ex A (Y)
(Y = (h) exp{ Y 14840

A (1)

First the model sums all the possible structuraratteristics over all configuratioAs 4 is the
parameter to be estimated which is correspondinige@onfiguratiorA and thega(y) is the specific
network structural characteristiég(in our summer school friends network, it coulditterpreted as
the density, reciprocity and transitive triangleg)y) = 1 if the particular structural characteristic is
observed in the network otherwise it will equal to 0. Finalli is a normalizing constant which
ensures that Pr(Yg is a proper probability density.

Because calculating the set of parameters thanhgmes Pr(Yy) exactly quickly becomes intractable,
network researchers frequently make use of Markusii€CMonte Carlo procedures to estimate these
parameters. Snijders [19] calculates the paransetanaximizing Pr(Y ) through the Conditional
Method of Moments, and has made this procedurdadlaithrough the SIENA software package. He
has also developed a procedure for maximum likelihestimation and has implemented this in SIENA
as well, although at the time of this writing théide describing this procedure has not yet gane t
press. The two estimation procedures yielded apmately the same parameter estimates for our data
set. Bayesian methods are also available, alththeyhlgorithm runs slowly. The approach starts
simulation from a set of parameters and then coespaach generated graph with the observed graph
to refine this parameter value. The process repgdiisthe parameters converge to a stable poatt th
maximizes the likelihood of generating the obsemretivork. At that point the parameters can be fixed
at their final values, and additional simulatioas generate a covariance matrix and information
matrix for these parameters, and thus standardseimothe parameter estimates [20].

2. Actor-Oriented Dynamic M odel

Social science suggests that the social dynaminsteforks could be driven by local actor who is
represented as the node. One class of statistmdéito investigate the longitudinal data of social
dynamical networks is actor-oriented dynamic mguieposed bysnijders [3, 18]. This statistical model
for network dynamics treats the network changeafagndogenous dynamic process that evolves in the
continuous time”. In other words, network evolutisrireated as a continuous-time Markov procesglyiimg
that the state of the graph at tildd depends only on the state of the graph at tiffilis strong assumption
becomes more realistic once we incorporate botlarktcharacteristics and attribute data into désugi the
state of the graph at timeConsistent with the approach for static netwottks,simulation also tries to
determine a parameter set that maximizes thetiketi of observing the actual network at tirag.

The basic elements of this method are abstract&hhgers in the following four steps:
1. The actors control their outgoing ties indepeige



2. Decisions are never made simultaneously: asamgfe moment in time, only one varial{gt) may change.
3. Changes are made by the actors to optimize $heation according to an objective function.

4. The objective function also contains a randoemeint expressing aspects of the environment noelead
explicitly.

The specification of the model based on the fogpstbove has up to three ingredients: the ratgifum the
objective function and a gratification function.

Rate function

The rate function denotes the frequency with wihictors are presented with the opportunity to chaingie ties,
and network characteristics or attribute data nfgcathis rate function. For simplicity, here watienate the
rate function as a constant but allow the ratéhimge from one time poibjto the next time poirtt,.;.

Objective function

In objective function, it is assumed that each ralctcally control its outgoing relation from timig to ty.q. It is
assumed that actors are trying to optimize theifigaration from one time to another, and that thaye all
information required to calculate their own objeetfunction. The probability for the new situatiohsocial
network is then given by the multinomial logit expsion:

K (2)

Py represents the vector bparameters to be estimated, astk) denotes the attribute data or network
characteristics that determine the evolution ofrteevorks. Snijders [3] and Snijders et al. [21htain lists of
possible effects.

Gratification function

The gratification or “endowment” function indicatie® instant gratification experienced by an attehen
changing the relation with an actor j. The ideinofuding this function is that in the short runaator may
regret breaking a tie, even if the actor would fieiethe long run, and the painful effect of bke®y a tie may
be such a burden that the actor never choosegai kine tie [3]. For the sake of simplicity, welude no
endowment effects in our model.

Model Estimation

Pairing the rate and objective functions togetiver have that

exp (_,"[:{[ 3.1 — ;) )

exp (f(x(2.5.0))) + exp (f(x(i.5.1)))

gi(x) = p
3)
whereq;(x) represents the probability that an actaill change his tie with actgrbetween two time intervals

givenx, the state of the graph at the first time intervalenotes the rate at which actors are presentecheith
choices (held constant for all actors), and thetiva represents the odds that actamll change the tie given



that he or she is presented with the choice taddlse evaluation of the configuration is thus ke as a
function of the actor’s position in the network atepends on parameters that can be estimated fi@data by
a Markov chain Monte Carlo procedure.

The Problem of Degeneracy

In estimating model parameters, an additional wbis raised by the fact that the effect of specifi
network configurations may be exaggerated undéaiceconfigurations. Consider the effect of the
number of transitive triangles, for example, a elsgeristic similar to balance for discrete momemts
time. As graph density increases, adding eachiadditedge to a network will increase the number of
observed triangles in the graph, far more thangna@h of low density. While this phenomenon does
not affect of the parameter values that are mkshiito generate the actual network, it may maleerth
more difficult to estimate. In the case of thertgkes in a dense graph, once the estimation atgorit
wanders into a section of the parameter space ichvihe effect of transitivity appears extremely
strong, wandering back out again may take placle sitremely low probability, such that in finite
time the algorithm overestimates the importanceasfsitivity. Accordingly, we make use of some new
methods for defining network configurations thatuee the likelihood of the estimation algorithm
getting caught in a corner of the parameter sp2tk [

For testing the statistical model of summer sclsooial network, we make use of the software package
SIENA, which stands for Simulation Investigatiom Empirical Network Analysis. SIENA is a

software package that carries out statistical egton for the Exponential Random Graph Model and
the Actor-Oriented Dynamic Model as stated abaveah be downloaded on the website
http://stat.gamma.rug.nl/siena.htrfthis software is best used for networks of sri@itredium size

(150 actors or less, depending on the number @inpaters to estimate). For large networks, we
recommend using thetatnet package in th& programming environment.

Model Specification and Results
1. Network at Time of First Survey

Ouir first set of models captures the state of kmoiving well” and “personal advice” networks as of
the time the first questionnaire was administeagd], tests the four theories outlined above both
separately and within the same model. As contvadsinclude being assigned to the same room and
working within the same project group. Also, aseawork-related control we use network density
(defined as the number of pairs of directed edgasiave the same sender), but in calculating tensi
we include a penalty that keeps the estimated itapoe of density from exploding in quite dense
graphs, hence the name “alternating out-2-starg[’ [2

To test for homophily we include three demograiiaracteristics: age, gender, and whether pairs of
respondents were either either of the same culba@iground or whether one was Chinese and one
was from a different country. Reciprocity is estigthwith one parameter, and preferential attachment
is measured as a count of the number of pairsgéedith the same receiver (popularity), again \&ith
penalty included to reduce the likelihood of degang and labeled “alternating in-2-stars.”

Finally, we estimate the effect of transitivity, ih is similar to balance but which applies to apr at
a single moment in time. In a word, we observe Whetriads are balanced (my friend’s friend is also



my friend), but this is not quite Newcomb’s theamthat we are not testing to see if the graphs are
becoming more balanced over time. To do so, weidectwo parameters: alternating transitive
triangles and alternating independent 2-paths.|dter, paths of length 2, represents a precondfto
triangle formation. A significant effect of trans k-triangles in the presence of the parameter for 2-
paths thus implies that triangles are more likelp¢ formed than would be explained by randomly
adding edges to a graph containing many pathsngthe2. Again, we include penalty functions to
reduce the chance of observing a degenerate sol2tg.

Table 1 shows the results of our model for the firse point. Most of the parameters for network
characteristics such as reciprocity, transitivaiyg popularity are not easy to interpret direaitpi
statements about the probability of an edge forminigreaking, as the exact effect of the valuethef
parameters i onq in Equation 3 depends on the state of the netv&irkilarly, the magnitudes of
these parameters cannot be compared to each otaeatiaightforward way. That said, whether the
parameters are positive or negative and signifigalitferent from zero does give useful information
about whether these configurations affect the graph

Table 1. Parameters Estimated Using an ERGM for Questioariai

Parameter Knowing Well Advice
Roommates 3.509* 1.731*
(.459) (.339)
Same Project Group 1.08* .756*
(.13) (.15)
Same Gender -.005 174
(.12) (.14)
Both Chinese or Both .704* .58*
Foreigners (.12) (.15)
Same Age Group .239* .280*
(.13) (.13)
Reciprocity 2.32* 2.24*
(.26) (.32)
Alternating transitivek- .070 .150
triangles (transitivity) (.07) (.10)
Alternating out-2-stars 1.88* 1.48*
(density) (.24) (.19)
Alternating in-2-stars 147* -.223
(popularity) (.51) (.35)
Alternating independent 2- | -.182* -.093*
paths (.03) (.04)

* Indicates that the parameters are significanitfieent from zero with 95% confidence.

In short, we find that both reciprocity affect theéds of knowing someone well and asking them for
advice, while transitivity does not. Popularity teas$ for familiarity but not personal advice; ifnet
words, if a number of people know some actoell, another actgris more likely to also state that
they knowi well, whereas the number of people who wouldidsk advice has no bearing on whether
j will choose to askfor advice. The control for density is unsurprigingignificant: ties are more

likely to be observed in dense graphs.



Figure 2 translates the attribute-related cont@ald homophily parameters into first differences.

Circles denote point estimates, while the red dod lines denote confidence intervals. Being
roommates has an enormous effect on familiarityef@mple: respondents who are roommates are, all
else being equal, 33 times more likely to staté tivey know each other well compared to respondents
who are not roommates.

Change in Probability of a Tie at
Time of First Survey
Associated With the Following Traits

_._
Roommates
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Same Project Group
+
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Same Age Group
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Same Gender
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Figure 2. Effect of Shared Attributes on the Log Odds of Oieservation for Questionnaire 1.

2. Evolution of the Networks Over Time

Our second analysis models how the “knowing wetld &gpersonal advice” networks change between
the first and second and second and third sur¥@ggdid not make use of the fourth survey due to a
low response rate. We then test the four theouded above within the same model, using the same
controls and parameter estimates. One limitatiovutoanalysis is that the new specifications for
Exponential Random Graph Models in May 2007 haudiaen extended in SIENA to the Stochastic
Actor-Oriented Model, so we are somewhat concethatiwe are running into degenerate solutions.
That said, the picture we see is of a network tlaatreached an equilibrivhigure 3 shows that actor
attributes such as age, gender, and nationalitg haweffect on network change. Even roommates or
members of the same project group who had notdrsaid they were familiar with each other at the
time of the survey only slightly tend to name eatier as alters in later surveys. Reciprocityils st
significant, indicating that new ties tend to foasia form of reciprocation. The negative effect of
density appears to be an artifact of the surveigdeas respondents could only name up to eight
people on the survey, at a certain point densitplmes a constraint on selecting new people asalter

* As further evidence that the network was reachimgquilibrium, we also observed that the ratematarp for the period
between the first and second surveys was greaartttat for the interval between the second amd thirveys; individuals
were presented with about five choices to chanig @uring the first interval compared to aboutthduring the second.



Table 2. Parameters Estimated Using an ERGM for Questioariai

Parameter Knowing Well | Advice
Reciprocity 1.0963* 1.0951*
(0.1840) (0.1830)
Density -1.8201* -1.7056*
(0.3014) (0.3062)

Roommates 0.6081* 0.5710
(0.2837) (0.2945)

Groups 0.3215* 0.3049*
(0.1418) (0.1438)

Balance 4.7378* 4.9407*
(1.2070) (1.4567)
Transitive 0.0973* 0.0935*
Triplets (0.0383) (0.0394)

Alter’s Popularity 1.1375 0.8461
(1.2167) (1.3543)

Same gender 0.0827 0.0665
(0.1476) (0.1350)

Same age 0.2017 0.1856
(0.1468) (0.1441)

Both Chinese or Both | 0.2123 0.1899
not Chinese (0.1468) (0.1451)

* Indicates that the parameters are significanifferent from zero with 95% confidence.

Here we use transitive triangles as a control &aice: just as two-paths were used to identify¢aé
effect of transitivity in the first analysis, heme use transitive triangles to separate the pramfess
actors forging or breaking ties in order to haamsitive relationships from the process of changing
current configurations to make them more balanééalfind that the effect of balance appears to be
huge (although the effect of the parameterg anEquation 3 depends on the state of the gragh.) A
the very least balance is strongly significantjéating that either actors indeed are changing thei
relationships to decrease cognitive dissonancesdnave a degenerate solution. This is the sort of
situation where some additional qualitative reseaauld inform our results, although we did not
follow up by asking individuals if their relationgls changed based on their friends’ opinions oérgth

First Difference in
Odds of Observing a Tie Form Over Time
Associated With the Following Traits
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Figure 3. Effect of Shared Attributes on the Log Odds of Qigservation Over Time.



CONCLUSION

We find that early tie formations and subsequeanges tend to take place as a result of reciptati
Preferential attachment only explains tie formatatrthe outset, and then only for familiarity bt n
advice. In addition, homophily increases the likebd of relationships initially but not over time,
while balance shapes relationships over time butimbally. We are somewhat concerned that our
model is overestimating the effect of balance otwogk dynamics, given the potential for the
estimation algorithm to become trapped in degeeemaiutions.

Friendships appear to be established early onerCitmplex Systems Summer School — Beijing 2007,
with 'nationality’ having greater significance thaither age or gender. If the purpose of arranging
Chinese and a non-Chinese as roommates is to s&creangling across nationalities, then the plan
apparently worked and may be justified given theepbed homophily effects.

A wide variety of networks can be modeled usingrttethods presented above; however, each network
would depend on a different set of actor charasties. Because the conditional dependence
assumptions imply that only one particular model“esrrect” in order to satisfy the Markov
assumption, this research approach relies heamith@ory. In the absence of a strong theory infogni
research, we recommend supplementing surveys iglthwork for more accurate results.

FUTURE WORK

Much still needs to be done to reduce the dangeobdfining degenerate estimations of model
parameters for stochastic models of network dynamitodel parameters estimated with Bayesian
methods are also often more robust than their eppatts, and running such analyses would serve as a
good check against reporting degenerate paramstienates. We also recommend supplementing the
surveys with actual field work for more accuratsulés.
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