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This book provides an introduction to the major theories, methods,  models, 
and fi ndings of social network analysis research and application with atten-
tion to medical and public health topics. It is designed to be accessible to 
anyone interested in network analysis but also is designed for use in gradu-
ate introductory courses on social network analysis. The fundamental dis-
tinction of social network analysis research is that relationships—who is 
connected to whom—are of paramount importance in explaining behavior. 
Relationships and the pattern of relationships have a large and varied infl u-
ence on individual and group action. Research on social network analysis has 
been conducted within the scientifi c community for over 70 years, although 
recent advances in computing and communication technology have dramati-
cally altered the science.

This book is divided into three sections. Chapters 1 through 4 comprise 
Part I, “Models.” Chapter 1 introduces the major areas of study and research 
questions with which social network analysis is concerned. Chapter 2 pro-
vides a historical review of the fi eld and an introduction to how social net-
work analysis complements existing behavior change theories. Chapter 3 
presents a typology of the fi ve different methods of network data collec-
tion, each of which has a general and a specifi c form, yielding 10 different 
research methodologies that  constitute network data collection. Chapter 4 
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describes personal and ego-centric network effects and the many hypotheses 
tested using personal network data. Part II, “Methods,” provides informa-
tion on methods used to calculate concepts and metrics from network data. 
Centrality measures provide a means to locate the most important nodes 
in the network, and this is covered in Chapter 5. Chapter 6 presents meth-
ods used to defi ne groups within a network, Chapter 7 presents methods 
used to identify positions within a network, and Chapter 8 presents network-
level measures such as density, average path length, and clustering. Part III, 
“Applications,” discusses the applications of social network analysis to behav-
ior change in Chapters 9 through 11. In this section, individual behavior 
within the context of social network connections becomes important. Three 
application areas are reviewed and developed: stochastic network estimation 
or exponential random graph models, diffusion of innovations, and network 
interventions. Part III ends with a book summary in Chapter 12.

Every attempt has been made to make the text clear, concise, and com-
prehensible to a lay audience. Occasionally some chapters and sections will 
contain short mathematical formulas for some key indicators or concepts. 
Readers less mathematically inclined should be able to skip these equations 
with no loss of comprehension or fl ow. Readers more mathematically inclined 
may be a bit disappointed in the superfi cial treatment of these concepts. My 
apologies to both mathematically and non–mathematically inclined readers 
with this attempt to balance these sometimes competing needs.

My hope is that this book will enable researchers interested in understand-
ing social network analysis to adopt this method in their research and/or prac-
tice. The fi eld of network analysis offers many exciting tools and techniques 
useful in research and practice that can be applied to any situation ranging 
from organizational improvements, understanding risk behaviors, coordinat-
ing coalitions, or the delivery of health care services. The only barrier to 
widespread use of social network analysis has been people’s understanding 
and training of how network analysis works. This book aims to make some 
progress in removing that barrier and helping us all become better network-
ers and network analysts.
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3

This book presents social network models for understanding human 
 behavior—particularly health behaviors. It provides a general introduction 
to the many theories, methods, and models of social networks and how 
researchers use social networks to understand and change human behav-
iors. The models show that social networks and the communication among, 
within, and between people and groups exert their infl uence and constrain 
behavior in myriad and complex ways. The network paradigm focuses on 
relationships, or connections, among people. Social networks are measured 
and defi ned as connections among people, organizations, political entities 
(states or nations), and/or other units. Social network analysis is a theoretical 
perspective and a set of techniques used to understand these relationships 
and how they affect behaviors.

Relationships Matter

Relationships infl uence a person’s behavior above and beyond the infl uence 
of his or her individual attributes. Attributes such as sex, age, educational 
level, income, occupation, and ethnicity are very important and infl uence a 
person’s attitudes, beliefs, and behaviors. These attributes also infl uence who 
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people know and spend time with: Their social networks. Although  individual 
attributes are important and can in part determine a person’s social network, 
network analysis focuses on the types of relations people have and how these 
relationships infl uence behavior. As Borgatti (2009) notes, “One of the most 
potent ideas in the social sciences is the notion that individuals are embed-
ded in thick webs of social relations and interactions” (p. 892).

Social networks are most often composed of who knows whom or who 
talks to whom within a community or an organization. Network models 
are constructed to show how these relations infl uence attitudes, beliefs, and 
behaviors. There are also networks that connect organizations and networks 
of computers, organic cells, streets, power stations, and just about anything 
one can think of. Networks are ubiquitous and varied. Networks describe 
relationships between people and between people and things. By studying 
relationships, network researchers add another dimension or set of factors 
that can explain human behavior. Throughout this book, many new terms 
will be used, and a glossary of relevant network defi nitions is provided in 
Appendix A.

Figure 1–1 shows a network based on friendships in one sixth-grade class 
in a California middle school. We asked students to name their closest friends 

Figure 1–1. The network of friendship choices among six-grade students who named 
their fi ve closest friends in the class. Girls are depicted as circles and boys as squares. 
The data can be used to identify positions in the network such as isolates, central mem-
bers, group members, bridges, and so on. In addition, the network can be characterized 
as dense or sparse, centralized or decentralized, and so on. Grey shaded students are 
susceptible to smoking. (This graph and others were generated with Netdraw, 2006.)
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by selecting them from a class roster. There was a unique  identifi cation (ID) 
number (1 to 34) for each student that they wrote on a form (a copy of the 
survey is given in Appendix B) and the form included a space for their own 
ID number. The list of ID numbers was entered into a spreadsheet, and the 
friendships then were mapped using widely available social network analysis 
software. Each circle or square represents a student; boys are depicted as 
squares and girls as circles. The ID number for each student is shown next to 
his or her circle or square, and lines connecting them indicate who nominated 
whom. In this example, the boundary of the network is the classroom, whereas 
in other cases it might be a grade in school or even the entire school.

The lines have arrows indicating the direction of the nomination. For 
example, 27 named 3 as a friend, but 3 did not name 27. The length or width 
of the arrows in this graph does not have meaning, although it is possible to 
make graphs that vary line properties (width or style) to represent strength 
of relation or type of relation. The graphs are usually drawn with the peo-
ple who are most central in the center and then their connections are placed 
near them. There are many different ways to place people in the graph and 
many different techniques to arrange everyone in the graphing space. Colors 
or shapes can be used to represent different properties of the people. There 
are up to four attributes of the nodes that can be included in a network graph 
by using color (or shading), shape, labels, and size, and two attributes of the 
relations can be indicated using line size and style.

There are specifi c positions in a network and most people instinctively look 
to see who is at the center of a network. There are, however, deceptively 
numerous ways to defi ne and hence identify central members (see Chapter 5). 
It might also be useful to determine isolates (people with no connections) 
or peripheral members (people with one or few links on the outside of the 
network). It should be emphasized that while many people equate being on 
the periphery or isolated in a network as a negative quality, often peripheral 
members have connections to other people and other networks in which they 
may occupy important positions. It is also true that peripheral members may 
act as bridges connecting different networks. In Figure 1–1, we can iden-
tify people (numbers 3 and 27) who occupy bridging positions within the 
network.

In this network, there are also two groups defi ned by sex (boys and girls). 
It is possible to categorize people as being members of specifi c groups, and 
here again there are numerous ways to defi ne a group and hence partition 
a network into groups (see Chapter 6). Network analysts have also devised 
ways to partition a network into distinct positions. People occupy similar 
positions in a network to the extent they have similar relations to others in 
the network (see Chapter 7). Consequently, people may be in the same group 
but in different positions and vice versa.
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This book provides the techniques and tools used to analyze social 
 networks and to learn how ideas and behaviors spread through them. The 
considerations of centrality, bridging, groups, and positions in the past few 
paragraphs can infl uence how behaviors are distributed in networks.

In the network in Figure 1–1, no students were smokers in the sixth grade, 
but some were susceptible to smoking (indicated by refusing to state they 
would not smoke in the future) (Pierce et al., 1998). Susceptibility to smok-
ing increased from three to eight of these students within 2 years. Eight 
students became susceptible to smoking during the study period indicated 
by gray shading. There is clustering in the pattern of susceptibility since 
everyone who became susceptible was connected to someone who already 
reported being susceptible.

The overall confi guration or pattern of relationships can also be impor-
tant. Although each person’s connections may affect his or her behavior, the 
infl uence of these connections may vary depending on the overall pattern of 
relations in the whole network. The pattern of links in the whole network 
is referred to as the network structure, and structure matters. For example, 
this network can be described by its density (the number of links in the 
network expressed as a proportion of the total possible links), the amount of 
reciprocity, the number of subgroups, and so on. The network analysis fi eld 
has created a standard set of metrics to use when describing a network (see 
Chapter 8). Describing networks by these metrics is interesting, but it is also 
possible to study whether these network properties are associated with out-
comes. For example, does behavior spread more rapidly in a dense or sparse 
network (Valente, 1995)? Once network data are collected, researchers can 
extract individual- and network-level measures and study how ideas, opinion, 
attitudes, and behaviors are distributed in that network. This book presents 
the techniques to understand these considerations and more.

Random Sampling Is Not Enough

Traditional methods and approaches in the social and behavioral sciences—
random sampling in particular—are not adequate for measuring network con-
cepts. In fact, random sampling often limits the kind of research questions 
that can be asked and studied. Random sampling removes individuals from 
the social context that may infl uence their behavior. Some have called for new 
approaches and methods that complement existing knowledge and yet provide 
new ways to tackle health problems (Needle et al., 1995). Network analysis has 
emerged as a new paradigm useful for complementing other research methods, 
while at the same time offering a new set of assumptions, methods, tools, and 
techniques useful for addressing many social and behavioral issues.
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When random sampling designs are used, it is possible to collect network 
data using egocentric techniques (see Chapter 4). Egocentric data collection 
techniques are used to measure the local or personal network environment, 
typically from the ego’s (the respondent’s) perspective. Although these data 
are somewhat limited in terms of network information, they provide consid-
erable explanatory power when trying to predict individual behavior.

Literature Overview

The scientifi c study of social networks has been ongoing for decades, and 
the past few years have seen tremendous growth in its application and pub-
licity. Increasingly, network analysis is used to study the Internet and other 
electronic communications. Network analysis concepts and techniques have 
found wide application across a number of scientifi c disciplines including 
anthropology, business, communication, computer science, economics, edu-
cation, marketing, medicine, public health, political science, psychology, and 
sociology, to name a few. Accompanying this growth and proliferation of 
network studies is the need to understand the procedures and limits of net-
work analysis studies. While networks are everywhere, there is a set of prec-
edents, techniques, and models that constitute the network paradigm, which 
has grown considerably in recent years.

There are numerous introductions and reviews of network methods and 
theory (Boissevain, 1974; Burt, 1980; Burt & Minor, 1983; Carrington, Scott, 
& Wasserman, 2005; Degenne & Forsé, 1999; Harary et al., 1966; Knoke & 
Kuklinski, 1982; Knoke & Yang, 2008; Luke & Harris, 2007; Marsden, 1990; 
Marsden & Lin, 1982; Rogers & Kincaid, 1981; Scott, 2000; Valente, 2007; 
Wasserman & Faust, 1994; Wellman & Berkowitz, 1988). There are also texts 
that address social network application to specifi c domains such as collec-
tive action (Diani & McAdam, 2003), marketing (Van den Bulte & Wuyts, 
2007), organizational behavior (Monge & Contractor, 2003; Nohria & Eccles, 
1992), social infl uence (Friedkin, 1998), and substance abuse (Coyle et al., 
1995), among others.

One primary reason social network research has grown in recent decades 
is that scholars have become dissatisfi ed with attribute theories of behav-
ior. For example, theories that show attitudes toward a behavior are associ-
ated with the behavior often do not help us understand how to change those 
attitudes. In general, many attribute theories have not explained why some 
people do things (e.g., quit smoking) while others do not. Social network 
explanations have provided good explanations of behavior as seen in the 
 example of smokers who quit when their important social ties (e.g., a spouse) 
exerted pressure on them to quit (Christakis & Fowler, 2008).
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Every health topic can be viewed through the network perspective. Major 
areas of network study have been the transmission of HIV/STDs via sexual 
contact networks (Morris, 2004; Rothenberg et al., 1998); substance abuse 
(Valente et al., 2004) including injection drug use (Friedman et al., 1997; 
Neaigus et al., 2001); smoking (Alexander et al., 2001; Ennett & Baumman, 
1993, 1994); suicide (Bearman & Moody, 2004); romantic relationships 
(Bearman et al., 2004); physician behavior (Gross et al., 2002); contraceptive 
use (Entwisle et al., 1996; Valente et al., 1997); obesity (Christakis & Fowler, 
2007); and many others. In addition to individual behaviors, many have used 
network analysis to study interorganizational collaborations (Harris et al., 
2008; Provan et al., 2003) and communication in the delivery of health ser-
vices (Kwait et al., 2001).

A second reason social network analysis has grown recently is that many 
social activities today are inherently network activities. The spectacular growth 
in electronic communications, cell phones, the Internet, and email has made 
networks and networking a prominent part of everyday life. The availability of 
motorized and jet transportation and increased travel has changed social net-
works in profound and unforeseen ways. Social networks of most people on the 
planet 200 years ago were constrained to family members and others in their 
community. Today, most people’s networks are more diverse and expansive 
than their ancestors of only two or three generations ago. Most of us feel that 
we are defi ned in large part by the company we keep: we have recognized that 
our social contacts—our networks—are an important part of our identity.

A third reason for the growth in network analysis has been that comput-
ing and graphical display software has become available in the last decade. 
Analysis of social networks in the past was cumbersome and lacked the conve-
nience of graphical displays to highlight network features and properties. The 
advent of sophisticated computing technologies created the platforms for major 
analytic advances to proceed. Today, there are dozens of social network com-
puter platforms researchers can choose from (Huisman & van Duijn, 2005).

Finally, the promise of network analysis is that it provides an in-depth 
understanding of how behaviors are distributed in a network and the factors 
associated with behavior change. Network information can be used to accel-
erate behavior change or reduce the negative consequences that occur when 
bad behaviors spread (see Chapter 11). For example, network analysis can 
be used to fi nd naturally occurring opinion leaders and recruit them to be 
champions of a new product or idea (Valente & Davis, 1999). Network data 
can also be used to fi nd bridges that might be responsible for spreading dis-
eases between groups. Network research has grown considerably in the past 
decade, and while it is impossible to keep up with all the advances, there are 
several major research advances that have characterized and will continue to 
characterize the network fi eld in the near future.
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Major Research Advances

As network research has grown, a number of major research fronts have 
been forged in which scholars focus their energies. While there are many 
different types of models and researchers that occupy the scientifi c study 
of social networks, this volume focuses on how these studies, fi ndings, and 
models affect human behavior. This section describes some of the major 
areas in which network research has advanced in recent decades.

Small World Networks

The small world phrase was initially coined by researchers trying to estimate 
how many steps it would take for strangers to relay information to one another 
(Box 1–1). A small world network is formally defi ned as a network in which 
most nodes (people) have few connections yet the overall distance between any 
two people in the network is shorter than expected by chance (Watts, 1999). 
Small world networks are characterized by local clustering, which indicates 
dense pockets of interconnectivity. There are, however, bridges that connected 
these subgroups and these bridges enable people to connect to seemingly dis-
tant others by fewer steps than would occur in a random network. Pool and 
Kochen (1978) formulated many of the reasons small worlds exist and what 
data existed in studies of human networks to postulate properties of human 
contact networks. Small world networks garner popular attention because the 
“small world” phenomenon is familiar to most people.

Box 1–1. The Milgram Small World Experiment

When two people meet for the fi rst time, they might learn they have a 
place or event in common. A person might say, “I lived in such and such 
town” or “I used to work at such and such place or went to a particular 
school.” If the other person happens to know someone who lived in that 
town or went to that school, he or she might ask “Oh, do you know so 
and so?” At times, people discover they have an acquaintance in common 
or they both know the same person. This discovery is often accompanied 
by the remark, “Gee, what a small world!” Many of us have our favorite 
small world story or a story about seeing someone we know in a strange 
or different place.

The small world phenomenon can be generalized as a social structural 
phenomenon and generalized with the following research question: What 
is the likelihood that two people, chosen randomly are connected by

(Continued)
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Box 1–1. Continued

1, 2, 3, . . . . K ties? To answer this question, Stanley Milgram, a social psy-
chologist at Harvard University,1 conducted a study published in 1969 
(Milgram, 1967; Travers & Milgram, 1969).

Milgram selected a “target” person who was a Boston stockbroker and 
then selected 3 random samples of about 100 people each: (1) residents 
in Nebraska randomly selected, (2) residents in Nebraska randomly se-
lected who owned blue chip stocks, and (3) residents in Boston randomly 
selected. Study participants received a packet that they were asked to 
send to the target person by giving it to a friend or someone they knew 
who might be able to eventually get it to the target. Once people sent the 
packet to a friend, they were instructed to mail a postcard attached to the 
packet with data about themselves and who they gave the packet to.

Of the 296 packets, 217 (73.4%) were passed to at least one person. 
Of these, 64 (29.5%) eventually made it to the Boston stockbroker (a 
21.6% completion rate). The average number of steps for the completed 
deliveries was 5.2. The list of names from the initial person to the target 
person is a chain. The average length of completed chains for those who 
used professional links (passing the packet to another stockbroker) was 
4.6, but the chain length was 6.1 for those who passed the packet to 
acquaintances based on geography (getting it to someone who knew 
someone in Massachusetts). These data, coupled with one of Milgram’s 
earlier studies, led to the popular conception that only six steps separate 
everyone in the world—that is, “six degrees of separation.”

There is some debate in the network fi eld as to whether the small world 
number really is 6 and studies have been conducted to replicate the study 
using modern electronic communications (Liben-Nowell & Kleinberg, 2008).

Milgram is perhaps better known as the scientist who conducted experiments on 
how people respond to authority. He had research subjects administer electric shocks 
to other people they thought were also research subjects when in fact they only pre-
tended to be shocked. Study subjects increased the dosage to near what appeared to 
be lethal levels. Milgram discovered that people were quite willing to cause consider-
able pain and suffering in others if they thought they were supposed to.

There are at least three different types of small world occurrences: (1) 
when two people meet for the fi rst time and discover a common link via a 
third person (or place), (2) when a third person discovers a link between two 
of his or her contacts, and (3) when two people who know one another meet 
unexpectedly somewhere (e.g., at an airport). Most people have a favorite 
small world story; mine occurred in Los Angeles, where we live. Once we 
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threw a large house-warming party at our house to which we invited many 
guests, including some work colleagues. One guest at the party is a fi rst 
cousin of mine who also happens to live in Los Angeles even though our 
families are based on the East Coast of the United States (approximately 
2,500 miles away). One of my close colleagues who was also at the party has 
a daughter who played soccer. To my surprise, my work colleague knew my 
cousin as “Coach Jordan.” “Small world,” huh? Yes, we are all connected. I 
would never have known my colleague knew my cousin, even though he had 
talked about his daughter on numerous occasions in the past, and of course 
I have known my cousin for a lifetime.

There are countless stories of two strangers who meet and discover a friend 
or acquaintance in common or, as in my case, a party or dinner conversation 
at which people discover mutual acquaintances or even close friends in com-
mon. Regardless of the type of small world phenomenon experienced, we are 
often surprised (and reassured, and sometimes even relieved) when it occurs. 
The small world effect occurs for two reasons: (1) networks are not random 
but in fact are structured by the social position and choices people make and 
(2) people know their friends but do not have much information about the 
friends of their friends, or the friends of their friends’ friends. Networks are 
clustered and yet each of us only has vague ideas of their friends’ friends 
and the subsequent global network structure to which we are all connected. 
In other words: we can only see so far into a network. Small world networks 
are important and interesting, but they leave unanswered the question, How 
do networks become small world networks? Attempts to answer this question 
have led to the discovery of scale-free networks.

Scale-Free Networks

If networks have a noticeable structure, how do they get that way? Another 
way to ask this question is: Do individuals (or nodes) have preferences 
for certain others they link to when joining an existing network? Barabási 
(2003) studied a number of different types of networks and discovered what 
he called their scale-free property. By “scale free,” Barabási (2003) meant 
that there is a predictable distribution in the number of connections to and 
from each person and this distribution is not normal but instead is highly 
skewed. Many people will have one link, predictably fewer will have two, 
still fewer will have three, and so on, so that there will be one person with 
hundreds of connections, or in some cases thousands of them.

Barabási (2003) hypothesized that the scale-free distribution occurred 
because people prefer to connect to the network at its most central locations. 
This is particularly true with Internet growth. If someone creates a new web-
site and wants lots of people to visit that site, the best strategy is to link the 
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site to the most central site that is relevant. Thus, as the network grows, sites 
that are most central retain their central position and those on the periphery 
continue to struggle to increase their popularity. This is sometimes referred 
to as “the rich get richer,” network speaking.

Social networks are also likely to show preferential attachment. When a 
new adolescent joins a school, he or she can quickly determine who is the 
most popular person in the school. The new student may attempt to become 
friends with that person to enhance his or her own popularity. The leader’s 
reaction to the new person may determine the new student’s position in the 
social hierarchy. Scale-free networks and preferential attachment suggest 
that networks will—to some extent—be rigid, thus having predictable and 
stable structures. But to what extent do networks remain stable, and to what 
extent do they change?

Network Dynamics

The fi eld of network analysis has begun investigating the dynamic proper-
ties of social networks, at both the individual and the network level (Banks & 
Carley, 1997; Doreian & Stokman, 1997). New members can join a network, 
and people can leave it. Within a given network, links can be added or de-
leted, and the nature of relationships can change, for example, from being close 
friends to acquaintances. These dynamics create formidable analytic chal-
lenges because the set of people involved in the relationship may change. 
Given the inherent problem with comparing apples and oranges, changes in 
people, most social network dynamic research compares the same people or 
the same organizations over time.

In networks, change occurs at two levels: the individual and the network. 
Individuals add and lose connections, and individual indicators of centrality, 
personal network density, and reciprocity (as well as other indicators) change 
over time. At the network level, the overall network density, centralization, 
and transitivity (as well as other indicators) change over time. Researchers 
often need to choose whether they will study changes in individual indi-
cators over time or study network evolution. Network dynamics have been 
important because research has shown that networks can provide access to 
resources and information.

Social Capital

Traditionally, economic or material success was thought to be a product of 
one’s intellect (aka human capital) and existing wealth (aka material capital) 
(Borgatti et al., 1998; Coleman, 1990). Lately, scholars have realized what 
every businessman knows: It is not what you know, but who you know. And 
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further, it is not just who you know, but how well one uses his or her social 
resources. These social resources are referred to by some as social capital, 
which is the quality and quantity of resources available in a person’s social 
network (Lin, 2001). A person with high social capital has an impressive 
Rolodex.

Social capital provides access to job opportunities (Granovetter, 1973, 
1974) and information on the job that provides advantage. Social capital also 
can be used to provide access to health information or access to better or 
more appropriate health care. It has also been defi ned as the trust and/or the 
desire and ability to join civic groups. Putnam (2000), credited with popular-
izing the social capital concept, argued that social capital has been in decline 
in the United States because people are less inclined to join civic organiza-
tions, such as the Rotary Club, and more likely to spend their leisure time 
watching television.

Many have measured social capital as the trust they have in their 
 neighborhood (Moore et al., 2005). This has lead to research on how to defi ne 
and identify social capital and to considerations of its application to improv-
ing individual and community health. By trying to identify and strengthen 
available assets, social capital provides the opportunity to put a positive spin 
on the dire situation facing many underserved and deprived neighborhoods. 
Even the poorest have social capital manifested as knowledge about who 
has power and resources in the neighborhood. If this social capital can be 
mobilized, then perhaps some of the neighborhood’s problems can be ame-
liorated. Conversely, focusing on social capital puts the burden on the com-
munity without acknowledging the institutional and historical causes that 
may have put communities in this disadvantaged position in the fi rst place.

Homophily

Small worlds, scale-free networks, and social capital are concepts that 
describe mostly networks at the macro level: the big picture network. But 
much of network structure and processes reside at the micro or individual 
level. One of the most salient features of networks is homophily: the ten-
dency for people to affi liate and associate with others like themselves. People 
tend to choose friends, and be restricted in their choice of friends, to oth-
ers of the same sex, ethnicity, socioeconomic status, religion, and, in many 
cases, beliefs, attitudes, and behaviors (McPherson et al., 2006). A person’s 
social network tends to be a refl ection of himself or herself because people 
feel more comfortable being with people like themselves rather than with 
people who are different. For example, in the network in Figure 1–1, boys 
overwhelmingly chose boys as friends and girls chose girls. Specifi cally, 
boys had an average 3.44 male friends, whereas girls had an average of 0.33 
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male friend; girls had an average 4.09 female friends, whereas boys had an 
 average of 0.91 female friend.

The human tendency for homophily also explains why the small world 
effect occurs. Because most people have contacts of the same ethnicity, 
social status, and/or religion, when two people meet, they have social net-
works composed of people with similar characteristics. Thus, the set of peo-
ple from which contacts are drawn is narrowed by these characteristics. So 
the probability that two people have an acquaintance in common is much 
higher than random chance alone would dictate.

The tendency for homophily to occur also means that new ideas and prac-
tices have diffi culty getting a foothold within most social networks. Because 
most people talk to others like themselves, usually those others hold simi-
lar attitudes, beliefs, and practices. Thus, there is little opportunity for new 
ideas to enter networks because most of the time when people talk they are 
in agreement. Generally, people avoid others who do not share their views, 
slowing the spread of new ideas.

Homophily can also speed diffusion (as explained in the next section). 
Because people feel comfortable with others like themselves, there tends 
to be considerable trust in social networks. Interpersonal communication 
between people within homogeneous networks tends to fl ow easily, and 
once a new idea or practice infi ltrates these networks, it can spread quickly. 
Homophily can then speed idea and behavior spread within groups but tends 
to create a barrier between groups because there are few ties between dis-
parate groups.

Diffusion/Contagion

The composition and evolution of networks (whether small world or scale 
free) have helped us understand what social networks look like. Network 
properties also have implications for how ideas, attitudes, and behaviors 
spread. As stated previously, a person’s ideas, opinions, attitudes, beliefs, 
and behaviors are a function of his or her social networks’ ideas, opinions, 
attitudes, beliefs, and behaviors. Diffusion of innovations is the process via 
which new ideas and practices spread within and between communities 
(Rogers, 2003). There is considerable evidence to suggest that a person’s 
adoption of a new idea, attitude, opinion, or practice is strongly infl uenced 
by the behavior of their social network (Valente, 1995). Although this social 
infl uence may account for the spread of new ideas and practices, it is also 
true that the similarity of behaviors among people who are connected to one 
another arises because of selection.

Selection is the tendency for people to seek out friends whose behav-
iors are consistent with their own. A person who smokes is likely to seek 
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friends who smoke because this will reduce any cognitive dissonance that 
may emerge due to behavioral differences between the individual and his 
or her friends. Because smoking and perhaps other behaviors can be mark-
ers for cultural beliefs, a person might select friends based on these overt 
behaviors with the expectation that the friends will hold the same beliefs and 
values as the focal person. Teasing out how social infl uence spreads—how 
an idea spreads through a network—can be complicated because of the way 
networks form (i.e., their homophily). Because people choose friends who 
are like themselves, it is hard to know whether networks infl uence behavior 
or whether people choose friends who engage in behaviors they want to 
emulate (Hoffman et al., 2007).

There have been several notable studies of the diffusion of innovations 
through social networks. Three specifi c studies—medical innovation, 
Brazilian farmers, and Korean family planning—have become classics 
because they contain specifi c data on when people adopted a new behavior 
and who in the community they were connected to via advice-seeking or dis-
cussion relationships. These three studies collected time-of-adoption data so 
the trajectory of diffusion could be plotted (Figure 1–2). The network data in 
these studies permitted the investigation of how network characteristics were 
associated with adoption times (Valente, 1995).

Figure 1–2. Diffusion curves for three studies: MI, medical innovation (given in 
months); BF, Brazilian farmers (given in years), and KFP, Korean family planning 
(given in years). Each line represents the cumulative percentage of adopters over time 
in each study.
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The study of diffusion is further complicated by the long time span over 
which diffusion occurs. Very few new ideas and practices spread rapidly, and 
many adoption decisions are made by market forces beyond an individual’s 
control. Still, networks matter, and whether by selection or infl uence, the 
behavior of one’s peers seems to have a strong effect on one’s behavior, but 
there is considerable variation in how much. It seems that individuals have 
varying thresholds to adoption such that some people adopt an idea when no 
or few others have, while other people wait until a majority of others have 
adopted. The distribution of thresholds governs how an idea or a practice is 
adopted within a network (Valente, 1995, 1996). A population composed pri-
marily of people with high thresholds will be resistant to diffusion and hence 
diffusion will be slowed.

Another network factor shown to affect diffusion is one’s position in the 
network (Becker, 1970). Several studies have found that people in the center of 
the network may be earlier adopters of certain ideas and behaviors (Alexander 
et al., 2001; Rogers & Kincaid, 1981; Valente et al., 2005). Having a central 
position in the network provides an advantaged viewpoint of seeing what other 
people do. It also provides advantage in terms of infl uencing others because 
opinion leaders, by defi nition, infl uence many others’ opinions. Opinion lead-
ers, often measured as central members in the network, both refl ect and drive 
the diffusion process (Valente & Davis, 1999; Valente & Pumpuang, 2007).

Centrality

Because central members are so important in the network and because peo-
ple instinctively want to know who is in the center and who are the leaders, 
network analysts have developed numerous measures of centrality (Borgatti & 
Everett, 2006). Centrality is the extent to which a person inhabits a presti-
gious or critical position in the network. Centrality can be measured simply 
as the number of choices one receives from others in the network. Other 
centrality measures include betweenness, the extent to which a person lies 
on the shortest path connecting others in the network, and closeness, the 
average distance that a person is located from everyone else in the network 
(Freeman, 1979). Chapter 5 explains the many ways that centrality is calcu-
lated and how to decide which centrality measure one might use to answer 
various research questions.

Centrality is related to all of the concepts we have discussed so far. Central 
people are the ones to whom newcomers attach when they join a network, 
giving rise to the scale-free phenomenon. These central members often pro-
vide bridges between different parts of a network to make them small world 
networks, having a short overall path length for a network of a given size. 
Centrality thus tends to be a central concept in the study of social networks 
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because the pattern of central nodes and the behavior of those nodes provide 
the keys to network structure, evolution, and infl uences on behavior. And 
central members can have a signifi cant infl uence on the speed of behavior 
change (diffusion). Given the tendency for homophily, however, why do some 
people become more popular than others?

There is little evidence to show whether popularity and opinion leadership 
are innate or learned characteristics. Most networks have some central mem-
bers while the vast majority are regular members—having neither a large 
nor a small number of contacts. In many interorganizational networks, there 
will be a group of organizations sharing a central position and many other 
organizations on the periphery. Core-periphery analysis can be conducted to 
determine which organizations are in the central core and which are on the 
periphery and how well a core-periphery describes the pattern of links in 
the network (Borgatti & Everett, 1999). Yet being in the periphery may be a 
function of the network boundary: people on the periphery of one network 
can be integrated or central members of another network.

To some extent, organizations or people choose these positions by aspiring 
to be involved or popular, while others choose to be on the periphery. On 
the other hand, these positions may be derived from innate characteristics of 
the organizations, individuals, or cultural norms of the community. Social 
network analysis involves understanding the factors that determine the extent 
of core-peripheriness and who is in the core or periphery, as well as the 
consequences of these network patterns for interorganizational effectiveness 
or performance.

Small worlds, scale-free networks, core-periphery structures, and other 
models have thus far been postulated to infl uence the ability of ideas and 
behaviors to spread within these networks. At the same time, central mem-
bers of the networks have been postulated as infl uential regardless of net-
work structure and, indeed, as covered in this book, many network factors 
infl uence behavior change. A question often posed then is: Can optimal or 
effi cient network forms be discovered and created?

Effi cient Network Forms

As scholars have discovered so many important properties of networks and 
their importance in everyday life, a reoccurring question has emerged in 
some circles: What is the most effi cient network structure for reaching group 
goals? A naïve view might propose that the more communication there is—as 
in greater network density—the more effi cient is the network. Research on 
diffusion of innovations has argued that innovations diffuse more quickly in 
dense rather than in sparse networks (Valente, 1995). But empirical evidence 
suggests that this may not always be the case. Too much density creates 
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redundant communications and reduces the ability of people in the network 
to access outside sources of information and infl uence (Valente et al., 2007). 
As Granovetter (1973) noted in his strength of weak ties argument, connec-
tions to outside sources of information and resources can be very valuable. 
So the optimal density level for an organization to achieve certain outcomes 
might be diffi cult to determine.

The association between performance (e.g., overall productivity) and net-
work density is likely to be curvilinear with a certain density threshold being 
necessary to achieve certain outcomes and too much density being redun-
dant or even harmful. Optimal density is also likely to vary over time, with 
higher levels of density being necessary early in a network’s development 
but lower levels of density needed as the network matures. Of course, the 
optimal level of density is also highly dependent on the nature of the task 
being attempted and abilities of the persons involved.

Linking network structure to organizational performance has clear appeal 
in terms of profi tability or function. Other outcomes, however, are also 
important to study. For example, certain network forms may be more sus-
tainable or more robust than others. For example, Krebs (2002) notes that 
terrorist networks are characterized by little centralization so that they are 
less vulnerable to attack. A decentralized network cannot be easily crippled 
because one would have to remove many links to cripple communications. 
On the other hand, a centralized information network can be disabled by 
removing the most central nodes.

A simple answer to the question of what is the optimal level of density for 
an organization or group will be elusive. Network researchers are beginning 
to compile a set of results indicating how the association between network 
measures and performance varies with these and other characteristics. Other 
network characteristics such as centralization (see Chapters 5 and 8) may 
also be investigated in terms of their relation to performance and optimal 
confi gurations.

Interventions

One of the challenges facing the new science of networks is whether and 
to what degree networks can be changed and optimized for performance. 
If optimal network forms are discovered, can they be created? Cross and 
Parker (2004) conducted a number of studies using network data to discover 
gaps in organizational communication structure and then creating inter-
ventions to close those gaps. Results have shown that once organizational 
managers are presented with network data, they are keen to implement such 
changes. The outcome of such efforts can be measured by observing changes 
in communication structure or, ultimately, changes in performance.
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There are several approaches to applying network data to organizational 
or health promotion interventions (Valente & Fosados, 2006). The most 
common approach has been to identify opinion leaders using social network 
methodology and to have these opinion leaders act as change agents (Lomas 
et al., 1991). Another approach is to identify subgroups in the network and 
approach them with behavior change promotions, or locate the leaders within 
the subgroups and enlist their assistance (Buller et al., 1999). Valente and 
Davis (1999) proposed identifying leaders fi rst and forming groups around 
those leaders based on the social network nominations. To date, evidence 
indicates that network data can be quite helpful in behavior change efforts 
(Valente et al., 2003, 2006, 2007). Network data can also be used to identify 
groups and positional hierarchies and change efforts directed or tailored to 
these groups.

It is also possible to deliberately change networks so that bridges are cre-
ated or strengthened. Network data in organizations can be collected so holes 
or gaps in the network can be spanned or divisions that become revealed can 
be mended together via deliberate relationship building. It might also be the 
case that network analysis reveals one person or a set of people who are overly 
taxed and burdened with requests or communications, which makes the orga-
nization vulnerable should that person or persons leave or become ill. These 
diagnostic tools provide many ways for managers and employees to become 
empowered about organizational change. Network data may also be collected 
at the community or market level to identify appropriate change agents.

One of the challenges for network interventions is to incorporate network 
and behavioral data. It may not be suffi cient to fi nd opinion leaders; rather, 
it may be necessary to fi nd opinion leaders who hold appropriate opinions 
about the behaviors being promoted. For example, getting employees to adopt 
a new billing system may require using network data to fi nd the appropriate 
change agents in the organization, and it may be necessary for these change 
agents to be both critical and supportive of the new system.

Agent-Based Modeling and Simulation

The growth in network applications has been fueled in part by the avail-
ability of sophisticated computer technology and programs that can simulate 
how networks function (Epstein, 2006). Early research on the fl ow of ideas 
and behaviors in networks was simulated using a cellular automoton model 
in which people were linked as in a grid to four neighbors (Bak, 1996). The 
researcher would then vary the conditions under which ideas and practices 
can spread in that grid by varying the number of initial adopters, the percent-
age of adopters in one’s neighborhood necessary to trigger adoption (indi-
vidual thresholds), and how well adopters persuade  nonadopters to adopt.
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Lately, scholars have been able to increase considerably the typologies 
of networks modeled, allowing for variation in the reciprocity of ties, the 
amount of centrality, whether the network is a small world network, and so 
on. These models are also quite useful for contingency planning to explore 
“what if” scenarios. For example, bioterrorism and infl uenza (fl u) epidemic 
preparedness dictates that action plans are needed to prepare for population-
level threats such as virulent fl u strains. Agent-based model programs can 
establish parameters on what level of fl u virulence under what conditions of 
population connectivity will give rise to epidemic conditions. Other models 
can be run to determine who should be vaccinated fi rst and the effects of 
vaccination sequences on epidemic spread.

Computer simulations can also be used to explore theoretical develop-
ments in hypothetical network analysis. For example, Figure 1–3 shows a 
hypothetical network diffusion simulation comparing differences in diffu-
sion in an empirical network compared with hypothetical diffusion in a ran-
dom network. In the network condition, we assumed 5% of the population 
adopted a new idea, and we assumed new adopters would adopt it when 15% 
of their personal network did so. The random condition used randomly gen-
erated networks of the same size and density as the empirical one, but with 
ties distributed randomly. The simulation in the network condition shows 

Figure 1–3. Hypothetical network diffusion simulation comparing differences in diffu-
sion in an empirical network compared with hypothetical diffusion in a random network. 
In the random network, the process is smooth and continuous; in the empirical network, 
pockets of interconnectivity accelerate diffusion.
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unevenness in the diffusion process, with the adoption rate accelerating 
within pockets of interconnectivity in the network. The diffusion rate levels 
off from time periods 27 to 41 as the innovation attempts to travel from one 
pocket of interconnectivity to another (Valente, 2005). The diffusion rate is 
smooth in the random condition, indicating that network structure does not 
affect the rate of diffusion.

Algorithms and Measures

While research continues on many scientifi c fronts, many network researchers 
continue to refi ne and expand on algorithms and measures of core constructs 
in the fi eld. For example, to date at least eight centrality measures have been 
published and used in network research, but scholars continue to develop more 
effi cient algorithms to calculate these measures (Brandes & Erlebach, 2005; 
Newman et al., 2006) and to expand discussion of existing centrality algo-
rithms (Koschützki et al., 2005). Since the basis of network theory is math-
ematics, these developments are likely to continue unabated for decades.

In addition to new algorithms, network scholars devote energy to calculat-
ing validity and reliability statistics for measures (Marsden, 2005; White & 
Watkins, 2000) and determine how robust network measures are under con-
ditions of missing data (Costenbader & Valente, 2003; Borgatti, et al., 2004). 
Understanding validity, reliability, and missing data issues is critical to the 
science of social network analysis as they lay the foundation for expanded 
use of social network concepts in many other scientifi c fi elds. In addition, 
there are at least a few commonly used social network software platforms, 
creating a robustly competitive environment for tool development (Huisman & 
van Duijn, 2005).

Perhaps the most signifi cant development in the network fi eld has been 
the advent of exponential random graph modeling (ERGM) and the actor-
oriented co-evolution model discussed in Chapter 9. Statisticians have devel-
oped the underlying distributions of network properties well enough to create 
computer programs that permit statistical testing of network dynamics and 
evolution. This is analogous to the developments that occurred in the 1950s 
and 1960s in terms of understanding the basics of probability so that infer-
ential statistics could be developed.

Individual- and Network-Level Measures

The previously outlined major research advances in understanding homoph-
ily, small world networks, scale-free networks, and other network proper-
ties have implications for understanding how innovations diffuse through 
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networks. To explain this process, however, requires an understanding of 
network measures and the complex interaction between individual- and 
 network-level measures.

Individual-level measures provide information about each person in the 
network based on the relationships reported by the members of the network. 
For example, each person can be categorized as being an isolate in the net-
work or as being connected to the network. Measures of centrality can be 
calculated that indicate the extent to which each person is in the center or the 
periphery of the network. Individuals can be classifi ed as bridges between 
subgroups or as members of such groups. In short, everyone, in response to 
a survey, indicates to whom they are connected, and the pooling of these 
responses enables the researchers to classify every person according to his 
or her position in the network. Moreover, once behaviors are included, indi-
vidual exposures to behavior can be calculated.

Network-level measures provide information about overall properties of 
the network. For example, the network can be described as dense or sparse. 
Dense networks have many links sparse ones few. There are other network-
level measures such as centralization which is the degree links are concen-
trated among one or a few nodes. Reciprocity, the proportion of reciprocated 
ties, and transitivity, proportion of transitive triangles are also commonly 
used network-level indicators. These terms—density, centralization, reci-
procity, transitivity, and many others—will be given precise defi nitions in 
later chapters. Network-level measures provide indicators for the overall 
structure of a network. Network diagrams provide a visual sense of the over-
all network structure, but diagrams have their limitations. Large networks 
are hard to examine pictorially, and it is hard to compare different networks 
using only graphs.

When a network is measured, three types of information can be calcu-
lated: (1) individual measures of local relations are used to characterize a 
person’s social network (e.g., how many friends are female), (2) individual 
measures of social network position (e.g., how central is each respondent in 
the network), and (3) network-level measures of the overall structure of the 
network (e.g., whether the network is dense or sparse).

Behavior

This rich tapestry of models and research questions has been applied to 
social behavior, organizations, power grids, traffi c systems, earthworms, 
food webs, and many other diverse arenas of life (Watts & Strogatz, 1998). 
Everything is connected, and the science of this connectedness has become 
a popular fi eld of research (Barabasi, 2003). But how do these models apply 
to human behavior, specifi cally the health and well-being of individuals 
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and populations? For starters, small world properties provide pathways for 
 disease, ideas, and behaviors to spread more rapidly. The bridges that make 
networks small world networks provide pathways critical to information, dis-
ease, and behavior spread.

The small world phenomenon affects global–macro/network structure, 
which creates a changed environment at the micro/individual level. If bridges 
did not exist, then people in a small town on one continent would not be 
at risk for diseases that originate in another continent. Bridges provide the 
pathways for diseases to spread to new populations, yet also create diffu-
sion of modern technology and new cultural ideas. The advent of modern jet 
travel, trade fl ows, and political interconnectedness means that no population 
can isolate itself from health threats that emerge elsewhere. A contagious 
disease can spread globally almost as easily as it can spread locally.

Isolation from global threats would not be desirable because it would 
make the community vulnerable later. It is best to allow communities to be 
exposed to disease threats and develop appropriate prophylactic protections 
rather than attempt isolation. Further, while exposure to diseases or other 
threats may feel risky, in exchange, communities and their populations are 
also exposed to many benefi cial ideas and opportunities, making them more 
resilient to other threats. Because we cannot isolate ourselves and because 
connectedness is a necessary condition of life in the modern age, it is best to 
fi nd ways to maximize the advantages accrued to being connected.

As scale-free research has shown, most people and most communities 
do not have control over their position in a network. For most people, the 
likely sets of connections that are developed derive from the familial, 
socioeconomic, geographic, and cultural contexts into which they are born. 
Choose your parents wisely, we are told, because they are likely to provide 
the context within which you will fi rst begin developing your social net-
works. Throughout the life course, these social networks provide primary 
socializing agents and, during adolescence and young adulthood, the con-
text for health risk networks as well as opportunities for career and life 
growth.

Adolescents increasingly turn to peers as sources of information and infl u-
ence as they attempt to separate from their parents and establish their own 
identities. Adolescent social networks play an important role in young peo-
ple’s lives as they form deep bonds and engage in making independent deci-
sions for the fi rst time, which sometimes entail risk taking. Popular students 
are often seen as those most likely to succeed, and their superior socializing 
ability puts them at an advantage for career success. In some settings, how-
ever, popularity is a risk factor for higher rates of tobacco and substance 
use, as popular students attempt to emulate the perceived norms of their 
 communities (Valente et al., 2005).
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During young adulthood, social contacts provide companionship and are 
the source for early career decisions and contacts. Success at fi nding gainful 
and productive early career employment can often depend on having con-
tacts that allow one to get “a foot in the door” at a prestigious or profi table 
organization. The “old boy” network is alive and well and increasingly is 
being seen as simply the “network.” The importance of networking has never 
been stronger as more and more people fi ght for white collar, information 
industry jobs.

Thus, social capital—the resources available in one’s network—has become 
as critical as human or material capital. Having friends in high places pro-
vides early exposure to the “ins and outs” of how a business works. It is 
no surprise that the offspring of Hollywood stars have a better chance of 
becoming stars than do others. They have seen from an early age how the 
industry works and have the contacts to gain auditions and screenings not 
available to the aspiring actor. Wall Street tends to reproduce itself, and the 
names of Washington politicians are eerily repetitive.

Can we change our social capital? It is not easy. Young men and women 
born into poverty in underprivileged households have few opportunities to 
build contacts and networks that will provide access to high-paying jobs. 
But networks provide the key to untangling this predicament by encourag-
ing the development of positive social capital. Communities can identify the 
contacts and connections they possess collectively to change their neighbor-
hoods. Policies and programs designed to improve the lives of people living 
in underserved communities can succeed only if the social capital inherent in 
these communities is identifi ed and strengthened through programs designed 
to create positive network environments. Communities that can identify the 
assets within their own communities increase the likelihood they can transi-
tion to healthier neighborhoods.

Because networks are so often governed by homophilous ties, they tend to 
be closed. As mentioned, getting new ideas and behaviors to spread through 
these networks is diffi cult unless one fi nds the right bridge to connect com-
munities and engages opinion leaders to be drivers for change. Adoption of 
new behaviors, whether they be risky or protective, tends to occur within the 
context of close strong ties. It is weak ties at the macro level, however, that 
affect globally whether the new ideas can penetrate closed core groups.

The promise of social network research is that it will provide a deeper 
 understanding of human behavior on several levels. First, by modeling 
human relations, researchers can measure people’s strong and weak ties 
and show how they infl uence behavior. Second, social network analysis can 
be used to model explicitly the contact networks through which diseases 
are transmitted. Third, social network analysis can link macro- and micro-
level structural infl uences by, for example, investigating whether personal 
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network characteristics are differentially important based on network-level 
 characteristics. Fourth, by understanding how diffusion occurs, network 
interventions can be created to accelerate diffusion or curtail disease spread. 
Fifth, social networking technology has made the management and mainte-
nance of social networks easier and more multimediated than ever before. 
Finally, interesting questions about how and with whom people interact and 
communicate can be posed and answered. There are many fundamental 
properties of social interaction just now beginning to be addressed in the 
network paradigm. This book will provide the background necessary to con-
duct research on social network infl uences on behavior and performance.

Summary

This chapter has outlined some of the major research fronts and principles 
under study in the network analysis fi eld. Although the research topics are 
diverse and have been applied to a diverse set of phenomenon, they have all 
been fundamentally interested in connectedness and how the set of social 
relations can be studied. These various research topics shed some light on 
how these diverse areas of investigation have implications for studying human 
behavior, how people gain access to resources and jobs, and how social net-
works infl uence individual and system behavior. This book will delve deeper 
into social network models and how they infl uence human behavior. In par-
ticular, we will be interested in how health risks and protective behaviors 
spread, to answer the following question: How does an understanding of 
social networks help us understand the spread of disease and risk behaviors 
at the individual and population levels?
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This chapter provides a brief introduction to the history of social network 
analysis research and notes that network research development was delayed 
in part by an overemphasis on inferential statistics within the social science 
community. The chapter then reviews how major behavioral science theories 
have used social network concepts. The chapter closes with a brief litera-
ture review section on the public health and medical applications of network 
analysis.

Freeman (2004) wrote an informative history of the social network analy-
sis fi eld, in which he acknowledged that some early sociological research 
was social network research. For Freeman, social network research consists 
of research with at least the following four qualities: (1) considers the whole 
network structure, (2) makes arguments about how network structure infl u-
ences individual action, (3) uses graphical displays, and (4) uses mathemati-
cal formalism. Research with these four qualities can be considered social 
network analysis.

Freeman discussed the work and lives of many of the early social network 
analysts. Particular attention was paid to Jacob Moreno (1934), who was one 
of the fi rst to develop a program of research studying social networks and 
outcomes. Moreno developed a methodology in which he asked youth (usu-
ally elementary school students, ages 6–12 years) to write down the names 
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of other students who would be ideal in various roles such as leader, friend, 
enemy, and so on. Moreno could then classify students in the class based 
on the pattern of sociometric ties in the data. Students who received many 
nominations as leader or friend were often thought to be socially popular 
and mentally and socially healthy. Developmental psychologists still use 
these techniques today to measure social well-being among children (e.g., 
Cairns et al., 1988).

By the 1950s, various research groups had begun to create a fi eld called 
social network analysis or sociometry. There was a group dynamics cen-
ter at the University of Michigan that is credited with training excellent 
scholars on the early uses of graph theory to understand social networks. 
Several noted social psychologists such as Heider, Cartwright, Homans, and 
Festinger, as well as many others, conducted studies on social networks in 
the workplace and in communities.

Scott’s (2000) history identifi es two different social network analysis com-
munities that had developed centers of network research by the beginning of 
the 1960s. The fi rst community was the Manchester Anthropologists (from 
Manchester, United Kingdom) consisting of Barnes, Bott, Boissevain, and 
Mitchell, who conducted a series of studies in Africa on the network structure 
of communities in small villages. Several classic books and studies emerged 
from this group showing that there existed patterned structures of interac-
tion that affected everyday life in these villages. The second community was 
centered around sociologist Harrison White, in the 1960s, then at Harvard 
University. White began training a series of graduate students in sociology 
who later became the leaders of the social network fi eld. These scholars 
included Bonacich, Boorman, Breiger, Carley, Granovetter, Wellman, and 
others who were defi ned as structuralists because they studied network 
structure. The Harvard structuralists became the foundation for establishing 
a network paradigm in the United States that spanned several disciplines.

By the mid-1970s, two meetings were held in Hawaii in an attempt to 
bring together the various disparate scholars interested in studying social net-
works. These meetings culminated in the launch of the International Network 
for Social Network Analysis (INSNA) and a commitment to hold an annual 
meeting starting in 1981. The journal Social Networks was launched, as was 
the bulletin/journal Connections. Thus, a professional community of schol-
ars was born. INSNA provided a venue to develop social network analysis 
methods, theories, and applications and to support the growth of network 
scholarship. In the 1980s, there was concern over how to keep a professional 
academic discipline alive when there were few academic departments that 
openly supported the fi eld.

According to Knoke and Kuklinski (1982), the two central insights of 
network analysis are that connections (networks) are nonrandom and that 
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the pattern of connections in a network can often be reduced to a set of 
 functionally equivalent positions (see Chapter 7). These two insights provided 
a basis for the burgeoning science of networks and a preoccupation with fi nd-
ing mathematical descriptions for network properties and analysis. By the 
mid-to-late 1980s, network analysis scholars had begun to develop a library 
of social network algorithms for measuring key constructs and a culture of 
scientifi c exchange, collegiality, and cooperation. UCINET was fi rst released 
in the mid-1980s, which provided a platform for social network analysis.

The advent of the AIDS epidemic and infl ux of public health research-
ers eager to use these tools for investigating important public health issues 
helped bolster the viability of the network community in the early 1990s. 
Now no longer a nascent community, the network fi eld began to develop 
more powerful and user-friendly computer tools and programs. The explo-
sive growth of the World Wide Web, Internet, and computer communications 
made networks and networking both explicit and ubiquitous. Thus, the net-
work fi eld suddenly discovered it was relevant and central to investigations 
in a number of disparate disciplines.

As we entered the twenty-fi rst century, network analysis seemed to be 
relevant to many disciplines. Disciplines such as computer science, physics, 
and biology discovered the importance of connectedness, relationships, and 
networks. One discipline that stormed the network fi eld in force was physics. 
Networks are inherently mathematical, and a number of physicists revisited 
old network questions and raised new ones (Bonacich, 2004). Suddenly, net-
work analysis was being discussed in science publications, periodicals, and 
the popular press with surprising frequency. New companies were created to 
store and use social networks, and social networking was a hot new pastime. 
At the same time, network analysis began to become accepted as a legiti-
mate and necessary tool to answer research questions posed in many fi elds.

History Reconsidered

While this received view of the history of network analysis is largely 
accepted, a few caveats and notes are warranted. First, the reason social 
network analysis did not become more widely adopted as a scientifi c method 
in the 1950s and 1960s is perhaps attributed to the ascendance of computer 
statistical packages such as SAS (SAS Institute, Cary, NC) and SPSS (SPSS 
Inc., Chicago, IL). These programs were created to make population param-
eter estimates from a randomly selected sample of respondents. Precision in 
predicting polling data was considered more important than understanding 
how social interaction and networks infl uenced those opinions. Regression 
became the tool of choice to understand whether one variable caused another, 
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and the social scientifi c enterprise became a study of people’s attitudes 
and behaviors measured by Likert-type scales. Virtually all social science 
research consisted of recruiting random samples and interviewing respon-
dents, with little consideration of their social context.

Social scientists wanted legitimacy, and the best way to achieve it was 
to assume a mantel of scientifi c investigation. The statistics of populations 
and inference were the tools being promulgated to “even the playing fi eld” 
between the social and physical sciences. Social scientists were trained to 
collect random samples and administer population surveys. The surveys 
typically included questions to assess knowledge, attitudes, and practices, 
and because the measures were drawn from a randomly generated sample, 
inferences to the population could be made. Scientists overwhelmingly were 
trained in the importance of random sampling and inferential statistics. Few 
social scientists were trained in linear algebra or matrix manipulation, the 
techniques needed to understand the procedures being used in a network 
study. The study of human behavior then typically became one in which 
people were removed from their social and interpersonal contexts.

A further barrier to wider use of network analysis in the 1960s occurred 
within the study of the diffusion of innovations. By the late 1950s, hundreds 
of studies of diffusion had been conducted and a general paradigm emerged 
that underscored the importance of interpersonal communication and social 
networks in the diffusion process (Valente & Rogers, 1995). In a conver-
gence of politics and science, the mid-1960s witnessed a backlash against 
unchecked diffusion of innovations in farming practices that were having an 
adverse affect on the environment. Many scholars had used diffusion theory 
to show how new pesticides and farming practices were being adopted, but 
now advocates wanted this diffusion to stop. So diffusion theory was impli-
cated in the success of the diffusion of new technology and its subsequent 
negative environmental impacts. The study of diffusion became synonymous 
with cultural imperialism and was largely abandoned (Valente & Rogers, 
1995). The study and application of diffusion theory, which would have gen-
erated considerable network research, was somewhat curtailed as a result of 
these developments, so the opportunity for network research to fl ourish at an 
earlier time was missed.

Finally, because the social network study of diffusion was not a methodol-
ogy available to most scholars, diffusion theory seemed moribund as an area 
of scientifi c investigation. To most scientists, it probably seemed as if the 
interesting diffusion questions had already been answered without realizing 
that an entirely alternative set of tools, in the form of social network analy-
sis, was needed to answer the many unanswered diffusion questions.

Recent developments in statistical analysis have now come to appreciate 
the importance of context and the nonindependence of most human data. 
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Statisticians realize that the truly random independent sample is a rarity and 
they have developed statistical tools to account for the nonindependence of 
observations. Two survey interviews conducted at households in the same zip 
code are likely to elicit responses that are more alike than those from two 
different zip codes. Thus, individual respondents are not independent but 
rather are often clustered based on geography or some other criteria (Murray, 
1998). The extensive attention to clustered designs in statistical analysis is 
now converging with the importance of social network analysis in terms 
of understanding the importance of context and nonindependence. So while 
network analysis has become widely accepted as part of social and behav-
ioral theory today, it has had a slow and contentious adolescence.

In sum, the use of application of social network analysis was slowed by 
an overemphasis on individual explanations of behavior and disenchantment 
with diffusion of innovations of theory for political and cultural reasons. The 
gradual appreciation of nonindependence of most human data, however, has 
led to a convergence of social and behavioral research that underscores the 
importance of environment and particularly interpersonal relationships as an 
infl uence on behavior. Today it “appears then that social network analysis is 
fi nally succeeding in providing an alternative to the traditional individualism 
of most mainstream social research” (Freeman, 2004, p. 167).

Behavioral Science

Theories serve many functions, including how they defi ne and channel the 
types of research questions that get asked and the kinds of research meth-
ods used to answer them. Theories guide our thinking about how the world 
works and how humans interact and behave. It guides our choices of data 
collection, what questions we ask, and how we ask them. The following sec-
tion discusses how networks have been incorporated into behavioral theories 
and studies, providing a general review of the literature.

Homophily and Selection

Birds of a feather fl ock together. This simple conception is not much more 
than an observation that people tend to cluster together based on shared 
outcomes or beliefs. Most researchers agree that people who engage in a 
particular behavior are often surrounded by friends, family members, and 
associates who also engage in the behavior or approve of doing so. There are 
numerous empirical examples (Hoffman et al., 2006). Studies have shown 
that an individual adolescent’s substance use is associated with, and perhaps 
causally linked with, substance use by their friends. In the case of smoking, 
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for example, having a best friend who smokes (Urberg et al., 1997) and 
 having friends who smoke (Alexander et al., 2001; Aloise-Young et al., 1994; 
Botvin et al., 1993; Bauman & Ennett, 1994; Ennett et al., 2006, 2008; Flay 
et al., 1994; Kirke, 2004, 2005; Urberg et al., 1997) is associated with smok-
ing. There is cross-sectional evidence that suggests that among high school 
adolescents, peer involvement in illicit drug use (Rai et al., 2003; Windle, 
2000) and alcohol use (Windle, 2000) are associated with one’s own involve-
ment in these behaviors.

Longitudinal evidence linking peer and individual use also exists (Ennett 
et al., 2008; Pearson & West, 2005; Rice et al., 2003). Other studies have 
examined the association between the number of friends who use substances 
and the individual’s substance use (Donato et al., 1994; Meijer et al., 1996; 
Wang et al., 1997). There is evidence that the number of friends who use 
illicit drugs (Jenkins & Zunguze, 1998) and smoke cigarettes (Wang et al., 
1997) is positively associated with one’s own illicit drug use and smoking, 
respectively. Unger and Chen (1999) provide longitudinal evidence that sug-
gests that individuals who have friends who smoke are more likely to start 
smoking themselves. Ennett and Bauman (1994) found that membership in a 
friendship group was associated with smoking. Nonsmokers who associated 
with people in cliques composed of smokers were more likely to become 
smokers than were those who associated with people in nonsmoking cliques. 
Friedman and others (1997) showed that being connected to a large group of 
people who use drugs is associated with drug use.

Alexander and others (2001) found that adolescents with a majority of 
friends who smoke were almost twice as likely to smoke themselves. Studies 
have also found a positive association between smoking and the proportion 
of friends who smoke (Botvin et al., 1993; Urberg et al., 1997). Sieving and 
others (2000) examined adolescent friendships longitudinally for 3 years 
and demonstrated that, over time, higher levels of friends’ drug use led to 
increased alcohol use. Estimates are that a personal network change from no 
adopters or users to one completely fi lled with adopters or users (0% versus 
100% exposure) increases the likelihood of the focal person being an adopter 
or user by 200%. How does this homophily occur?

Social Learning Theory

The “birds of a feather fl ock together” notion is simplistic. One would want to 
understand the mechanisms underlying this network clustering. One theory 
that might be invoked to provide an explanation of this clustering is social 
learning theory. Social learning theory (Bandura, 1986) posits that involve-
ment in a behavior is the result of modeling signifi cant others’ behaviors 
and the social reinforcement that comes from that. Social learning theory 
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suggests that people gain an interest in behaviors by watching others get 
rewarded for those behaviors. For example, a child who sees a peer get a 
present by screaming for it will mimic that behavior. This vicarious exposure 
and reward might consist of exposure to behaviors via the mass media such 
as movies, TV, DVDs, and magazines. Vicarious exposure can also come 
from others one observes at a distance in the neighborhood, community, 
school, or organization. Finally, much of that vicarious exposure is likely to 
come from close friends and trusted colleagues and associates. Behaviors 
are observed, and in some cases overt instruction and pressure can incline a 
person to try the new behavior.

Selection

Both diffusion of innovations and social learning theory assume that people 
engage in behaviors because they are infl uenced by their peers. However, 
there may be a different explanation: People may select friends based on the 
similarity of attitudes and behaviors between the focal person and a potential 
friend. For example, Donohew and others (1999) posit that individuals who 
are high on sensation-seeking tend to select friends who are also high on 
sensation-seeking and more likely to experiment with alcohol, marijuana, 
and other substances. Consistent with this assertion, Pearson and West (2005) 
used Markov models to show that people who became substance users tran-
sitioned from belonging to non–risk-taking groups to risk-taking groups.

Ennett and Baumann (1994) conducted a study to determine whether the 
homogeneity of smoking behavior within groups was caused by social infl u-
ence or friendship selection based on smoking behavior. This study was 
motivated, in part, by the need to understand how much of the correlation 
between adolescent smoking and that of their peers is due to infl uence and 
how much is due to selection. They conclude, “Although our fi ndings con-
tradict the popular wisdom that peer group infl uence is largely responsible 
for adolescent smoking, they substantiate previous research that found that 
both infl uence and selection processes contribute to smoking homogeneity 
among peers” (Ennett & Baumann, 1994, p. 660). Kandel’s (1985) longitudi-
nal study of high school students also found that models that included both 
selection and peer infl uence explained initiation into marijuana use more 
fully than did either factor alone.

Other studies have also attempted to disentangle infl uence from selection 
(Engels et al., 1997; Fisher & Bauman, 1988). Fisher and Bauman (1988) 
looked at stable dyadic friendships and showed that the two persons became 
similar in their smoking behavior, suggesting infl uence. On the other hand, 
dynamic friendship dyads also showed similarity, indicating an effect of 
selection. Engels and others (1997) also found support for both infl uence 
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and selection. In a more recent study, Urberg and others (1997) included 
 assessments of the peer group behavior and friend’s smoking reports. They 
found that “the amount of infl uence over the school year was very modest 
in magnitude and came from the closest friend for initiation of use” (Urberg 
et al., 1997, p. 840). Michell and Amos (1997) showed that girls who belonged 
to groups where smoking was common were more likely to smoke. Indeed, 
the authors showed that girls began smoking to enhance their prestige in the 
community. Many girls initiated smoking early to demonstrate their status 
as being more mature. In sum, both social infl uence and peer selection are 
responsible for the similarity of smoking behavior among friends, and each 
suggests different causal mechanisms for how peers contribute to smoking 
onset and maintenance.

Hall and Valente (2007) suggested that infl uence and selection could be 
measured based on the direction of the relationship. They suggested that 
ties emanating from a person (out-degree) represent selection as it indicates 
whom they select as friends, whereas ties going to a person (in-degree) indi-
cated infl uence as that is who might try to infl uence a person. Hall and 
Valente (2007) showed that selecting smokers as friends in the sixth grade 
predicted both smoking and smoking susceptibility in the seventh grade. It 
is also clear that separating infl uence from selection may not be possible 
given the dynamics of friendships and relationships. As it is, most studies 
fi nd selection and infl uence to be approximately equal as explanations for the 
similarity of individual behaviors and those of their peers.

Norms

From the earliest days of behavioral science, studies have shown that percep-
tions of what others believe and do affect individual choices. Solomon Asch 
(1956) conducted infl uential experiments in which subjects were shown three 
lines on a wall and asked to indicate their relative length (e.g., whether they 
were the same size, shorter, longer, etc.). Asch (1956) showed that study par-
ticipants would bias their reports of line length to be consistent with other 
participants in the study.

The Theory of Reasoned Action in its simplest form posits that one’s 
perceptions of (peer) social norms, one’s willingness to comply with those 
norms, and one’s expectations regarding the cost and benefi ts of engaging 
in the behavior will infl uence one’s own intentions to act. These intentions 
often lead to behaviors (see Fishbein & Ajzen, 1981). This constellation of 
normative beliefs is strongly infl uenced by interaction with peers. Like social 
learning theory, norms are learned from observing peers’ behaviors and/
or hearing what their friends tell them. In some cases, the pervasive infl u-
ence of peers leads to gross inaccuracies in one’s social perceptions of what 
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is normative for different reference groups. For example, a person whose 
friends use certain substances may believe it is normative for everyone to use 
these substances even though only a small percentage does.

Theory of reasoned action states that behavior is infl uenced in part by 
perceived peer norms (Fishbein & Ajzen, 1981). One fi nding from research 
on adolescents has been that youth often misuse substances because they 
incorrectly believe that it is normative to use them. Adolescents often over-
estimate the prevalence of smoking, drinking, and drug consumption in 
their schools. For example, Sussman and others (1988) found that regard-
less of smoking status, eighth- and ninth-graders overestimated weekly 
use of cigarettes among youth their age. However, nonsmokers made gross 
underestimations and regular smokers made overestimations of smoking 
among their age group. This fi nding has been used in substance use pre-
vention programs to “re-norm” these perceptions. In an intervention study, 
MacKinnon and others (1991) found that change in perceptions of friends’ 
tolerance of drug use was the most substantial mediator of program effects 
on drug use.

One potential research question is whether youth overstate drug use in 
general or base their general inaccurate judgments of use on accurate per-
ceptions of use by signifi cant others. If youth overestimate drug use in gen-
eral, then one might confront youth with actual use rates among persons they 
know or others in their physical environment to instruct and correct the over-
estimate (and, hence, reduce perceptions that one should use drugs because 
“everybody else does”). However, if overestimates of friends are accurate, 
one would need to expose these youth to wider social use norms and perhaps 
counteract deviant infl uences among friends. Ianotti and Bush (1992) asked 
students to name their three closest friends and to state whether they thought 
each smoked, drank alcohol, or used marijuana. They found that respondent 
reports of their friends use did not correlate well with those friends’ self-
reports. Ianotti and Bush (1992) found that perceptions of friends’ use was 
more highly associated with one’s self-reports of use. Similarly, Rice and 
others (2003) found that high school student reports to a general question 
regarding friends’ use did not correlate with the self-reports of their friends. 
Perceptions of friends’ use may refl ect projection and implicit cognitions 
(Stacy et al., 2004) rather than environmental infl uence.

In a related study, Valente and others (1997) found that women in volun-
tary organizations in Cameroon misjudged their friends’ contraceptive use. 
They found however, that perceived friends’ use was associated with one’s 
own use, regardless of those perceptions’ accuracy. There is a need to deter-
mine factors that are associated with discrepancies between peer reports 
and self-reports of health risk behaviors. The data suggest that people do 
not accurately know their friends’ behaviors, with errors of estimation in 
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a direction consistent with their own behavior, such as smokers overstating 
that their friends smoke.

Perceived Social Consequences

There is also a need to distinguish between peer use and perceptions of 
peer approval of use. Many adolescents believe that desirable social conse-
quences, such as peer acceptance or peer support, will occur as a result of 
using substances and therefore are motivated to initiate substance use. For 
example, Jenkins (2001) found that among non–substance-using high school 
students, peer pressure was the most frequently cited reason why refusing 
beer, marijuana, and drug use offers was diffi cult. Among continuation 
(alternative) high school students, Sussman and others (1995) also found that 
perceived peer pressure was a reason why at-risk students use drugs other 
than tobacco.

Furthermore, other studies have shown that among high school boys, drug 
use (Luthar & D’Avanzo, 1999) and cigarette smoking (Alexander et al., 
2001; Vega et al., 1996) are associated with peer acceptance of such use.

Life Span Approaches

It should be noted that the effects of peer infl uence, peer selection, perceived 
peer norms, and perceived social consequences may differ among people at 
different ages, due to changes in the structure and importance of peer rela-
tionships during the life span. In a longitudinal study, Feiring and Lewis 
(1991) found that peer networks were larger by age 13, and the number of 
same-sex friends increased. By high school age, youth spend more time away 
from adults and their lives become less dominated by social interactions with 
small groups of same-sexe peer groups. Concomitantly, they become exposed 
to a wider range of unsupervised social gatherings, which consist more of 
interactions with crowds, more dyadic relationships such as dating, and more 
“weak” ties (liaisons) than in earlier years (e.g., Dunphy, 1963; Gavin & 
Furman, 1989; Shrum & Cheek, 1987). Of course, social-situational factors, 
including same-sex peer group relationships, remain quite important predic-
tors of behavior during middle and late adolescence (Sussman et al., 1995).

However, other fi ndings suggest that the infl uence of specifi c friends may 
become attenuated during adolescence, due to the development of one’s 
self-concept. For example, Clark-Lempers, and others (1991) suggest that 
the importance of various people, including one’s same-sex best friend, 
decreases from early to late adolescence. Hence, intervention studies on ado-
lescents should also target individual characteristics, such as motivation to 
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resist substance use and social skills to resist substance use offers (Sussman 
et al., 2006). In sum, network analysis has been a component of social and 
behavior theories and explanations for human behavior, and network analysis 
has enjoyed extensive application in public health, particularly adolescent 
risk behaviors.

Public Health and Medical Applications

In addition to these studies on adolescent substance use, applications of net-
work analysis to health issues can be divided into at least fi ve areas:

Social support and its infl uence on mortality and morbidity represent (1) 
the largest area of application (Albrecht & Adelman, 1987; Gottlieb, 
1985; House, 1981; Knowlton, 2003; Sarason et al., 1983).
AIDS/STDs and family planning research have benefi ted from network (2) 
theory and modeling (Aral, 1999; Klovdahl, 1985; Kohler, 1997).
Community health projects have used network analysis to improve (3) 
message dissemination and program implementation (Stoebenau & 
Valente, 2003).
Interorganizational collaboration, cooperation, and exchange studies (4) 
have been conducted to improve understanding of health service pro-
vision (Harris et al., 2008; Kwait et al., 2001; Wickizer et al., 1993; 
Valente et al., 2007a).
Understanding and improving health care provider performance (Lomas (5) 
et al., 1991; Soumerai et al., 1998). 

Social Support

Social support consists of an objective appraisal of an individual’s set of net-
work contacts and the functions these contacts perform. Social support also 
consists of a subjective appraisal of the resources and reactions an individ-
ual’s network provides to him or her. Social support represents one type of 
affect that is transmitted through social networks and represents an important 
means in which social networks infl uence health (Albrecht & Adelman, 1987; 
Berkman & Syme, 1979; Cassel, 1976; Cohen & Syme, 1985; Gottlieb, 1985; 
Hammer, 1983; House, 1981; Knowlton, 2003; Orth-Gomer & Unden, 1987; 
Sarason, et al., 1983; Turner & Marino, 1994; Vaux, 1988). Many social support 
studies have been conducted on the relationship between social support and 
stress and coping, and there have been a number of studies on the relationship 
between social support and general health and well-being. There are at least 
four types of social support: (1) emotional, (2) instrumental, (3) informational, 
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and (4) appraisal (Barrera, 1983; Barrera & Ainlay, 1983; Cutrona & Suhr, 
1992; House, 1981). Emotional support is provided by friends and family 
who express sympathy, concern, care, and empathy with the focal individual. 
Instrumental support is the provision of aid, resources, money, goods, equip-
ment, and services at a time of need. Informational support is the provision of 
advice, knowledge, suggestions, and tools useful to the individual. Appraisal 
support is the feedback and analysis that allow the focal individual to evaluate 
his or her situation.

HIV/STDs

HIV/STD network research represents an important area of application 
because HIV/STDs are transmitted by sexual contact (Klovdahl, 1985; 
Morris, 1995, 2004). Klovdahl (1985) analyzed sexual contact data collected 
by the Centers for Disease Control and Prevention (CDC) to demonstrate 
that HIV was transmitted via sexual networks. Klovdahl further argued that 
improved travel technology creates the possibility of global epidemics and 
showed how understanding network structure improves the understanding of 
epidemics. Other studies have been conducted to demonstrate how networks 
channel the spread of HIV/STD infection (Fisher et al., 1988; Friedman 
et al., 1995, 2001; Havanon et al., 1993; Klovdahl et al., 1994; Obbo, 1993; 
Treboux & Busch-Rossnagel, 1990; Rothenberg et al., 1998). For example, 
Bettinger and others (2004) showed that core and bridge adolescents per-
ceived themselves at lower STD risk than isolates and, as a result, they were 
less likely to use condoms. Some scholars rely on mathematical models and 
computer simulations to understand how HIV/STDs spread (Anderson & 
May, 1992; Wallace, 1994).

Recently, network analysis of factors associated with contracting sexually 
transmitted infections (STIs), tuberculosis (TB), malaria, and many other 
infectious diseases has begun (e.g., Aral et al., 1999; Klovdahl et al., 2001). 
Because contagion occurs via person-to-person contact, it makes sense to 
use network methodology to analyze the spread of these communicable dis-
eases. Health departments have used contact tracing methods for decades to 
treat infected individuals and to fi nd core groups. These methods and ideas 
are now being combined with network graphing and analytic tools to combat 
the spread of infectious diseases.

Intravenous drug users (IDUs) have been a focus of numerous studies that 
show that drug users form networks to support drug acquisition (Neaigus 
et al., 1994) and to establish community norms and a sense of belonging 
(Needle et al., 1995). For example, Latkin and others (1998) found that IDUs 
with dense and multiplex personal networks were more likely to share nee-
dles than were IDUs in nondense and nonmultiplex networks.
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Family Planning and Reproductive Health

Family planning (FP) programs have benefi ted from network models and 
analysis techniques. Interpersonal communication is an important channel 
for FP information and infl uence (Bhatia et al., 1980; Rosenfi eld et al., 1973; 
Valente et al., 1994, 1997). An early study of networks and family planning 
was conducted by Rogers and Kincaid (1981; Park et al., 1974) in Korea in 
1973 that analyzed data collected in 24 Korean villages among women of 
childbearing age. The network questions solicited the names of up to fi ve 
other women in each village with whom the respondents discussed general 
information, child’s education, consumer goods, health, family planning, 
and abortion. These data continue to be extensively reanalyzed (Granovetter, 
1978; Montgomery & Chung, 1999; Valente, 1995) as they represent the best 
data available on networks and family planning use. Scholars have studied 
the diffusion of the idea of fertility regulation as well as the adoption of 
specifi c methods of contraception.

Community Health

Community health interventions benefi t from network tools to the extent that 
community interventions rely on opinion leaders and other network structure 
characteristics for message dissemination. For example, Kelly and others 
(1991) used key informants to locate opinion leaders who acted as informa-
tion disseminators. Kelner and Wellman (1991) showed how individuals use 
their networks to obtain information concerning medical treatment alterna-
tives with regard to back pain. Information fl ow within a community is often 
dependent on both individual and group network properties. Risk behav-
iors occur within a sociocultural context, and public health programs can 
be made more effective by understanding the characteristics of this context 
(Trotter et al., 1995).

Information seeking, giving, and referral represent a nice overlap between 
networks and health. Information seeking has been investigated in areas such 
as back pain (Kelner & Wellman, 1991) and family planning (Rosenfi eld 
et al., 1973). These network studies have shown that individuals rely on oth-
ers from similar backgrounds yet slightly higher socioeconomic status for 
information regarding appropriate care. They also show that physicians are 
considered as credible sources of information, yet trust is more likely to be 
found in their peer networks.

While most community interventions focus on behavior change among 
individuals, other studies have focused on behavior change among physi-
cians and other health care providers. Because physicians and other health 
care providers have a signifi cant impact on health, it is sometimes important 
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to understand how provider networks infl uence the type of care given. For 
example, Coleman, Katz, and Menzel (1966) studied the networks of physi-
cians in four Illinois communities to show how interpersonal networks infl u-
enced these physicians’ adoption of a new drug. They found that physicians 
who were more integrated into the medical community were earlier adopters 
of a new drug (tetracycline). They also found that early adopters were infl u-
enced by physicians in their advice and discussion networks, while those who 
adopted later were infl uenced by physicians in their friendship networks.

Interorganizational Relations

There have been many studies of how health, health care, and other agen-
cies are connected via formal agreements, client referrals, collaboration, and 
cooperation (Galaskiewicz, 1985). Some have studied how clients are passed 
through the health system in a type of exchange (e.g., Beniger, 1984), while 
others have used these data as measures of collaboration and interconnected-
ness between these service organizations. Wickizer and others (1993) used 
network indices to show how an intervention may increase interorganiza-
tional collaboration and cooperation (also see Provan et al., 2005). The fl ow 
of resources, materials, personnel, and information between health sector 
organizations is still further complicated by the presence of government and 
policy issues, third party payers, and technological change.

Chapter 11 discusses how network analysis can be used to identify key 
players and opinion leaders to act as change agents to improve provider per-
formance. For example, Lomas and others (1991) used network analysis to 
identify physicians in selected hospitals. These leaders were then trained in 
the promotion of a vaginal birth after a fi rst cesarean (VBAC) birth, which 
was a practice recommended by guidelines released at that time. This study 
showed that, compared with control hospitals, using opinion leaders as 
change agents was an effective way to increase VBAC rates. Network analy-
sis can be conducted in many types of health care settings to identify key 
players and network characteristics that can be used to change provider and 
organizational performance.

Summary

This chapter provided a brief review of the history of social network analy-
sis. The fi eld has its roots in the social sciences, particularly anthropology, 
sociology, and psychology. The fi eld was generally developed by scientists 
in these fi elds who favored mathematical and computational approaches 
to studying human behavior within these disciplines. Like most fi elds, 
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fi ssures occasionally develop that separated scientists along substantive or 
 methodological lines.

One unique aspect to the social network story is how its development was 
stymied in the 1950s and 1960s, in part by paradigmatic and political rea-
sons. The development of advanced computing and the rise of polling and 
random sampling lead scientists to developing methods that treat people as 
atomized individuals divorced from their interpersonal contextual environ-
ments. Scholars did not appreciate the power of social networks and this led 
to a marginalization of the network approach. Ironically, the development 
of social networking software has created enthusiasm for the science of net-
work analysis, perhaps more than is deserved.

Social networks have been an integral part of many social and behavioral 
theories and applications, and for years scholars have studied the distinction 
between selection and infl uence as explanations for the similarity between 
individual behavior and that of their peers. Most of the major behavior 
change theories include a component to represent social network infl uences 
and the role of norms. The chapter closed with a review of the many medi-
cal and public health applications of social network analysis. Studies of HIV/
STD, substance use, family planning and contraceptive use, social support, 
and interorganizational relations have all fi gured prominently in the past few 
decades.
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This chapter provides an overview of the fi ve main network analysis data 
collection techniques. For each type, both a general and a specifi c version 
are presented. The chapter then provides an introduction to data management 
techniques and the distinctions between relational and structural measures, 
as well as the distinction between individual- and network-level variables. 
This chapter describes network data collection and management procedures 
so researchers can make informed choices regarding network data collection 
and management procedures. It is critical that researchers select the right 
method for their research questions.

Network data can be collected in various ways, each of which provides a 
different type of data with unique management and analysis requirements. 
The variety of data collection techniques, and their aspects and limitations, 
can cause confusion in how to apply network analysis to various substantive 
areas and how to understand the network paradigm. Figure 3–1 illustrates 
four different survey sampling techniques. Figure 3–1a shows a random 
sample, each node representing an individual who is interviewed. Notice 
that the nodes are clustered; they are not randomly distributed in the space. 
This illustrates that most survey protocols do not recruit subjects randomly 
but rather select clusters randomly, and then select subjects randomly within 
clusters. For example, a national telephone survey will select a subset of area 
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codes randomly and then select random numbers within each area code (see 
Murray, 1998; Valente, 2002, for more on this point). Thus, most survey data 
are not random but are clustered. Still, data from the respondents, aside from 
the clustering, are presumably independent.

Figure 3–1b depicts an egocentric sample. Here, four initial respondents 
are selected (via random selection or other recruitment method), and dur-
ing the interview they are asked to name up to fi ve (or some other number) 
friends they “discuss important matters with.” The respondent then provides 
information on each of these friends. The data provide information on each 
respondent’s personal network from the respondent’s perspective.

Figure 3–1c depicts a “snowball” or sequenced sample. Here, four initial 
respondents (called indexes) are selected and they provide information on a 
number of their contacts. The number of contacts can be few or many. In snow-
ball sampling, the contacts, or some sample of them, are interviewed so that 
nodes 5, 11, 14, and 18 are also primary respondents. In sequenced sampling, 
the member of some random subset of the named contacts are interviewed.

Figure 3–1d depicts a sociometric sample in which all respondents are 
interviewed and asked about their contacts within the community of study. 
Here, the entire community, or as many as possible, are interviewed. Everyone 

Figure 3–1. An illustration of four different survey sampling techniques: (a) random 
selection (although clustered), (b) egocentric, (c) sequenced or snowball, and (d) census.
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is a respondent and also possibly a contact named by the respondents. It is 
possible to combine different types of data collection techniques in the same 
survey. For example, a researcher might use a sociometric design comple-
mented with egocentric techniques to measure contacts within and outside 
the network boundary.

Table 3–1 reports the fi ve network data collection techniques: (1) survey, 
(2) egocentric, (3) sequenced, (4) census, and (5) two-mode. These fi ve tech-
niques usually represent studies with increasing levels in their ability to mea-
sure social structure and decreasing levels in their generalizability. Each of 
these fi ve measurement techniques has a (a) general and a (b) specifi c version 
in terms of the level of specifi city required by the respondent. The remainder 
of this section describes each of these 10 data collection techniques.

Data Collection Techniques

Survey Data

Survey network data consist of asking individuals whether they talked to or 
consulted anyone about some topic. For example, general survey questions 
may be asked such as “Have you spoken to anyone about prenatal care?” For 
such questions, usually a list of social roles are presented as the response cat-
egories, such as mother, father, teacher, doctor, etc. More specifi c questions 
such as “Have you spoken to your spouse about prenatal care?” or “Have you 
consulted Dr. Smith about prenatal care?” Although not typically referred 

Table 3–1. Network Analysis Data Types

 General Specifi c

1. Survey Standard survey questions Standard survey questions
2. Egocentric Social roles (father, mother, brother, 

sister, etc.)
Network alters are limited to social 
roles (e.g., Sarason et al., 1983)

Name generators and questions 
on the interaction between those 
named (e.g., Burt, 1984; Marsden, 
1987; Marsden et al., 1993)

3. Sequenced Random-walk: Index cases name 
alters and a random subset of those 
alters interviewed (Klovdahl, 1989)

Snowball: Index cases name alters 
and all alters are interviewed 
(Goodman, 1961; Palmore, 1967)

4. Census Nominations: All members of a 
community are interviewed and 
asked one or several network ques-
tions (Valente, 1995, 1996)

Roster: All members of a com-
munity are interviewed and given 
a list of everyone and asked one or 
several network questions (Valente 
et al., 1997)

5.  Two-mode 
or joint

Nominations of events attended or 
organizational membership (Breiger, 
1974; Davis et al., 1941)

Enumeration of membership 
lists such as company boards 
of directors (Mizruchi, 1992)
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to as network questions, these types of survey questions represent the most 
rudimentary indicators of network concepts.

Egocentric Data

Egocentric data (also referred to as local network) consist of asking indi-
viduals to name others with whom they talk to about important matters or 
whom they talk to most frequently about a topic (McCarty et al., 1997). 
The specifi c question asked is called a name generator, because it is the 
question used to generate names (Campbell & Lee, 1991). An example of 
an egocentric questionnaire is presented in Appendix C. These data provide 
relational information in terms of the kinds of people individuals interact 
with most frequently. General egocentric questions ask that the respondent 
provide information on social roles, such as, “How often do you talk to your 
father?” With general egocentric questions, a list of social roles is usually 
presented as the response categories, for example, mother, father, brother, 
sister, and so on, and the respondent provides information on how often he 
or she talks to each.

Specifi c egocentric questions ask for specifi c names, nicknames, fi rst 
names, or initials, and then ask the respondent to provide further informa-
tion on each specifi c person. Demographic information, such as sex, age, 
occupation, religion, and type of relation, is collected for each tie. It is also 
advisable, when possible, to ask the respondent whether the persons named 
know one another, in order to measure personal network density.

The difference between egocentric data and simple survey questions (level 
1) is that egocentric questionnaires collect data on the characteristics of the 
persons named, on the respondent’s personal network. The additional net-
work information is collected on the relations between the respondent and 
the persons nominated, and also on the relationships between the persons 
nominated. This additional information provides some insight into personal 
network characteristics and their potential infl uence on behavior. The most 
well-known study of this type is the set of egocentric questions included 
the 1985 version of the annual General Social Survey questionnaire admin-
istered by National Opinion Research Corporation (Burt, 1984; Marsden, 
1987; McPherson et al., 2001).

Researchers can use egocentric survey techniques in any study. For 
 example, in the evaluation of a Bolivian mass media campaign to promote 
contraceptive use, egocentric survey questions were used to determine if the 
effects of the campaign were contingent on respondents’ personal networks 
(Valente & Saba, 1998). The campaign was more effective for those who 
had a minority of contraceptive users in the personal network (so-called 
low-threshold adopters). Measuring personal networks enabled a test of 
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the so-called two-step fl ow hypothesis, which states that some people pay 
 attention to the mass media or other sources of information and then pass 
on information from those media channels to others through their personal 
networks (see Chapter 10).

Egocentric data provide measures of an individual’s personal network in 
terms of the kind of people each respondent interacts with or is related to. 
These data, however, do not provide connected groups of respondents that 
can be mapped. Because the respondents are chosen randomly and no exact 
names are elicited, there is no way to link specifi c individuals named with 
others that may be interviewed in the same study.

It is conceivable that a researcher could construct a virtual or imagi-
nary network from the egocentric reports. For example, one could create 
 archetypical alters based on an average from the types of alters named by 
the respondents. These archetypes then become cases to which multiple 
respondents link. If the archetypes matched respondents, then they could 
also have links coming from them. To date, no studies have attempted to 
create imaginary alters or nodes from egocentric data, but it might make an 
interesting study.

The next three types of data collection techniques collect data in which the 
persons named are also respondents and so can be linked to one another.

Sequenced Data

Sequenced data (also referred to as partial network) consist of interviewing 
either all or some portion of the people nominated by a respondent (Klovdahl, 
1989; Klovdahl et al., 1994). Snowball sampling represents the most com-
mon type of sequenced data collection, in which all the nominees of a given 
respondent are included in the sample (Bogue, 1967). Snowball sampling 
entails interviewing all the people whom the index person nominated and is 
the specifi c version of sequenced data. Some researchers have used sequenc-
ing to develop respondent driven sampling (RDS) methodologies, useful 
for recruiting subjects into health promotion programs (Heckathorn, 1997). 
Research has shown that the respondent-driven approach provides a more 
diverse and more cost-effective means of reaching “hard to reach” popula-
tions than traditional outreach methods (Salganik & Heckathorn, 2004).

General sequenced data consist of taking some random sample of those 
nominated and interviewing only that sample (Klovdahl, 1989; Klovdahl 
et al., 1994). The advantages of general sequenced data over snowball sam-
pling are that general sequenced data (Klovdahl et al., 1994) (1) are less 
likely to end in a social cul-de-sac; (2) provide more points of entry into the 
community or society; and (3) provide better population parameter estimates 
of social structure. Sequenced sampling is a method of cluster sampling in 
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which the researcher samples social clusters rather than geographic ones 
(Klovdahl et al., 1994). A study using general sequenced data could be con-
ducted to measure how quickly and to whom a rumor was spread.

These fi rst three types of data collection techniques (survey, egocentric, 
and sequenced) are amenable to random sampling selection procedures. The 
researcher starts with a sample (preferably random) of respondents selected 
from a given population and the results are then generalizable to the popula-
tion. One shortcoming with sequenced data, however, is that network indices 
are highly dependent on the persons initially selected to generate the names. 
The two fi nal data collection techniques are less frequently used with ran-
dom sample data but instead are often used to provide more in-depth under-
standing of network and community structure. Census data are the type most 
people refer to when they discuss network analysis methods.

Census Data

Census (or saturation) sampling consist of interviews conducted with all (or 
almost all) members of a community or population. Census sampling is also 
referred to as complete network data. Organizations, schools, and rural com-
munities represent the most common sampling frames used in this type of 
data collection (Rogers & Kincaid, 1981; Valente, 1995; 1996). Census sam-
pling is preferred when the researcher can enumerate all members of the 
community such as all nations in the world, all organizations in an industry, 
or all employees of an organization. The advent of more powerful computing 
has greatly expanded the size of networks that can be studied using a cen-
sus approach. Due to computing limitations, prior to the 1990s, most census 
studies were limited to networks of no more than a few hundred (and often a 
few dozen). Currently, researchers are analyzing networks with thousands of 
nodes and tens of thousands of links.

General census data collection consists of survey questions that ask for the 
names of those people with whom the respondent talks to in his/her com-
munity. These names are then recorded either by their study ID numbers or 
names since they represent other individuals included in the census sample. 
A classic study using census data was Rogers and Kincaid’s (1981) inves-
tigation of the communication networks of Korean women from 25 rural 
villages in the 1970s. All the married women in each village were asked to 
indicate to whom they went for advice about family planning. Rogers and 
Kincaid (1981) mapped these networks and showed how the network of com-
munication infl uenced the spread of contraceptives in these villages.

Specifi c census data collection entails obtaining a roster of all the mem-
bers of the community and asking the respondent to check those he or she 
knows (and/or how frequently the respondent communicates with each). 
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There is little difference in the specifi city level between census nominations 
and that collected with a roster. Roster census data usually result in many 
more nominations (limited only by the number of people on the roster), 
whereas nominations are usually limited to fi ve or seven close ties. The main 
challenge to census sample studies is defi ning the boundary of the commu-
nity (Laumann et al., 1983). The roster method is quite commonly used in 
organizations in which the size is less than 100 or so. Quite often rosters are 
distributed as an aid for the nomination question. For example, in one study 
class rosters were distributed to six-graders in 16 southern California schools 
(84 classes), and students were asked to write down the ID numbers of their 
fi ve closest friends. In school research, however, the network boundary can 
be the classroom, grade, or entire school depending on the research setting 
and school size.

Census data provide a complete map of the communication network so 
that researchers can study how information or behavior spreads through the 
network. This can be critical for organizational behavior studies in which 
knowing who communicates with whom is fundamental to organizational 
performance. Network data also provide a mechanism to change organi-
zations either by realigning the communication network or by identifying 
change agents within the organization (see Chapter 11).

In some cases, the researcher may have the choice between using a nom-
ination method or a roster one (Doriean, 1992). For example, in an organi-
zation, the researcher can give respondents a list of all the employees and 
have them check the frequency with which they work with each one or have 
them write the names of those they work with. The advantages of the nomi-
nation method are (1) it is an unaided recall; (2) may be less demanding for 
the respondent because he or she does not have to read every name on the 
roster; (3) the rank order of the nomination can be preserved and used as a 
proxy for tie strength; (4) the number of alters allowed for each respondent 
can be varied (i.e., selecting only the fi rst fi ve or four nominations); (5) the 
data entry and management are easier (i.e., the fi ve ID numbers of those 
named can be stored easily with the attribute data); and (6) it is more likely 
to identify individuals outside the imposed boundary of the network.

The advantages to the roster method are (1) weak ties are measured as 
well as strong ones and (2) there is no ambiguity regarding the boundary of 
the network, everyone on the list is in the network. The roster method will 
usually record more links since respondents scan the list and indicate all 
of those network contacts, not just the top fi ve or seven that occur to them. 
The strength or frequency of communication and contact can be measured 
with a roster, and this information used to reduce the number of links. For 
example, next to each name the researcher can ask the respondent to circle 
the number that represents frequency of contact and in the analysis decide 



48  MODELS

to retain only those links in which the frequency is greater than some value. 
Often the best approach is to use the nomination format but provide a roster 
for the respondents to refer to. The roster can include names and ID numbers 
with the respondents instructed to simply write the ID numbers of his or her 
network nominations.

Two-Mode or Jointness Data

Two-mode data (also referred to as jointness or duality data) consist of 
recording instances in which individuals participate in or attend the same 
events. One well-known example of two-mode network data is that collected 
on intercorporate interlocks by recording the names of individuals who are 
on the board of directors for each organization in an industry. Since many 
individuals sit on numerous boards, they function as a network connecting 
these various organizations (Pennings, 1980). The two-mode methodology 
has been used to construct a large interlocking directorates database of the 
Fortune 500 companies (Mizruchi, 1982, 1992).

Two-mode data are often collected from archival sources, such as annual 
reports, and then converted to a network using matrix algebra. The original 
data consist of a table in which the rows are individuals and the columns 
are the organizations or events. This table is a matrix, which can then be 
transposed (rows and columns are switched) and postmultiplied to yield an 
individuals-by-individuals matrix representing the number of joint member-
ships (see Chapter 8). The transposed matrix can be premultiplied (placed 
fi rst) to yield an organizations-by-organizations matrix. Thus, one dataset 
provides two different networks an individual-by-individual network indi-
cating joint participation in activities or organizational membership and an 
organization-by-organization network indicating the number of members in 
common (Breiger, 1974).

Figure 3–2 shows a small hypothetical example of two-mode data. Here, 
the rows in the table (or matrix) are people and each column represents an 
event the people attended. If person 1 attended event A, there is a 1 in the 
cell; otherwise it is 0. The data in Figure 3–2 show that person 1 attended 
events A and C; person 2 attended events A and B; and so on. We can trans-
pose matrix A and fl ip the rows and columns, so that the rows are the events 
and the columns are people. By multiplying A by A’ (A transpose), we get a 
matrix in which both rows and columns are people and cell entries indicate 
the number of events in common. We can also multiply A’ by A and get a 
matrix in which both rows and columns are events and the cell entries indi-
cate the number of people attending each event.

The classic two-mode study was the Southern Women study originally 
conducted by Davis, Gardner, and Gardner (1941), who extracted newspaper 
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reports of social event attendance of 16 women at 12 events. These data 
constituted a 16 row–by–12 column table. Breiger showed how this table, 
treated as a matrix, could be pre- and post-multiplied with its transpose to 
return the women-by-women and event-by-event networks. Breiger’s analysis 
showed that there were two cliques of women based on who attended which 
events together.

These fi ve network data collection techniques are shown in Table 3–1 in 
order of increasing levels of relational information and decreasing levels of 
generalizability. That is, egocentric data provide more relational information 
than simple survey questions and sequenced data more relational informa-
tion than egocentric, census data still more, and two-mode data provide the 
most relational information, since they provide an individual-by-individual 
matrix of connections, and also an organization-by-organization matrix.

While more relational information is provided at each level, there is usu-
ally some loss of generalizability when one uses the census and two-mode 
techniques. The fi rst three techniques are often used with random sample 
selection procedures and thus can provide population parameter estimates. 
Snowball sampling, however, provides parameter estimates dependent on the 
starting nodes and dependent on the ability of follow-up with those named. 
Census and two-mode approaches retain some generalizability when com-
munities (and organizations/events) are selected randomly. In addition, the 
characteristics of the communities sampled can be compared with known 
population estimates to determine the representativeness of studied com-
munities. Increasingly, scholars are using the Internet and electronic forms 
of communication to gather communication network data. These data may 
come from tracking e-mail communications and provide a large repository 

Figure 3–2. A small hypothetical example of two-mode data. Matrix A is the affi lia-
tion matrix indicating which events or organizations each person attended. On the right, 
matrix A’ is matrix A transposed (fl ipped so the columns are rows and rows become 
columns). These matrices are now conformable, the number of columns in A equals the 
number of rows in A’, and can be multiplied, yielding a person-by-person matrix indicat-
ing the number of shared events.

Event A

Matrix A Matrix A' (transpose)

1Person 1
Event A 1

1
0

1

0
1

0

0
1

0
Person NPerson 3Person 2Person 1

1
0Event B

Event C

1Person 2

Person 3

Person N

0

0

0

1
1

0

1

0
0

1

Event B Event C



50  MODELS

of interpersonal communication. In addition to these fi ve survey data collec-
tion strategies, network analysts often rely on data collected from archival 
sources.

Archival Sources

While the data collection techniques mentioned so far rely primarily on ask-
ing respondents to report their network, network data are often collected 
from archival sources such as computer logs, diaries, and telephone logs. For 
the Southern Women data, Davis et al. (1941) examined newspaper reports of 
women’s attendance at social events over a 9-month period. These data were 
used to illustrate the two-mode network data methodology (Breiger, 1974). 
Diaries have been used to report size and composition of networks (Bernard 
et al., 1984). E-mail networks have also provided a direct tally of interper-
sonal communication behavior (Dutton, et al., 1987; Rice, 1982). Bibliometric 
network analysis consists of examining reference lists from publications to 
see who references whom. A network is then constructed to determine the 
structure of a scientifi c specialty (Harris et al., 2009; Hummon & Carley, 
1993; Rice, Borgman, & Reeves, 1988). In short, aside from asking people 
directly about their networks, researchers have found many creative ways of 
uncovering this relational information.

The advent of social networking sites such as Facebook, Myspace, and 
LinkedIn has created a vast archive of social connectedness of large popula-
tions. Although much of these data remain in the private domain, researchers 
have begun creating large-scale networks of communications and connected-
ness in bounded populations such as universities (Kossinets & Watts, 2006; 
Lewis et al., 2008). Although few behavioral studies have emerged, there 
is considerable promise these investigations will yield considerable insights 
into the behavior change (see Christakis & Fowler, 2008, for an excellent 
example).

Data Management

Network analysis is often conducted by asking respondents to name other 
individuals with whom they discuss important matters. This name-generating 
technique elicits the names or ID numbers of the respondent’s personal net-
work. Data collected with survey and egocentric methods are analyzed using 
standard statistical packages such as SPSS, SAS, and STATA. Statistical 
analysis of egocentric data usually consists of the creation of various net-
work measures such as the average, heterogeneity, and range of the personal 
network characteristics. For example, the General Social Survey (GSS) is a 
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random sample questionnaire administered annually to track certain socio-
logical variables. In 1985, this survey included a battery of egocentric ques-
tions designed to have respondents name up to fi ve people with whom the 
respondent discussed personal matters. The respondent was then asked, 
among other things, to give the sex, religion, and age of these people. These 
data were then used to describe American discussion networks in the sense 
that the average age and the variation in religion could be calculated (as well 
as many other characteristics) (Marsden, 1987).

Egocentric data are often reshaped such that each tie or relation is treated 
as a case in the dataset. Such a permutation means that an individual who 
nominated two others contributes two cases to the new dataset and an indi-
vidual who nominated four people contributes four. Once reshaped, the 
data are referred to as dyadic, and analysis proceeds by studying the dyads. 
Caution, of course, must be exercised when interpreting statistical tests 
since the usual assumption of independence is violated. Analysis of dyadic 
data is much easier, however, and standard statistical techniques such as 
multilevel (hierarchal) modeling exist to adjust for the nonindependence 
 created by reshaping the data. For example, dyadic analysis permitted a test 
of the hypothesis that showed that participants in a needle exchange program 
were more likely to engage in risky behavior (sharing syringes) with friends 
they named fi rst or second rather than those named third, fourth, or fi fth 
(Valente & Vlahov, 2001).

In sequenced and census studies, the ID numbers of the nominees (also 
referred to as alters) are entered in the database. The respondents’ ID and 
the ID numbers of the alters they nominated are then output separately into 
a “node-list” format fi le consisting of respondent and nominee’s ID num-
bers. The node-list format is consistent with standard survey data storage 
formats in which each row represents a respondent. The network data may 
also be stored as “link-list” in which each row is the ID of the respondent 
and the ID of the alter. Other relationship information can also be included 
such as the strength or duration of the relationship. The link-list format is a 
dyadic format in which the number of cases is equal to the number of links. 
These data, either node list or link list, are then read into specialty network 
computer programs such as UCINET, Pajek, ORA, Visualizer, Infl ow, or 
NEGOPY for analysis (see Appendix A).

These network computer programs convert the node-list or link-list data 
into a matrix in which the rows and columns represent the respondents in 
the study (see Huisman & van Duijn, 2005, for a comparison of network 
software). These programs also provide graphic displays of the network as 
well as calculation of common network indicators (Chapters 5 through 8). 
The network computer programs also convert the input data to program-
specifi c format.
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Some researchers study only one or few networks, either one  community 
with multiple networks (e.g., advice, leadership, and friendship) or the 
same network in a few communities (friendship in three schools). For these 
researchers, the specialty programs mentioned earlier are excellent tools for 
analysis. And the output from these programs can be merged with other data 
the researcher might have available. Some researchers, however, study mul-
tiple networks—for example, friendships within multiple schools or interor-
ganizational collaboration in multiple communities. For these researchers, 
computer programs that permit creating loops to cycle through each net-
work are needed to do the analysis. Researchers can use SAS-IML or other 
matrix language programming modules available in statistical packages or 
programs designed to manipulate matrices such as R, GAUSS/SNAPS, or 
STATNET or write batch programs for UCINET or Pajek.

The choice of software is dictated in large part by the data. If the data 
are egocentric, then a statistical package (SAS, SPSS, STATA) is suffi cient. 
If the data are census, then the choice depends on the number of networks. 
If three or fewer networks, the standard social network programs (UCINET, 
Negopy, ORA, Pajek, Visualizer) are preferred as they offer a much wider 
set of network measures and visualization features. With many networks to 
analyze, however, a programming language allowing repetition of network 
calculations will be necessary. (UCINET, Negopy, and Pajek have batch pro-
cessing capabilities and so multiple networks can be analyzed using these 
computer packages, but the interfaces are less intuitive.)

For example, Figure 3–3 shows a simple 5-by-5 matrix where row 1 rep-
resents the ties between respondent one and the other four individuals in 
the group (usually the rows and columns both represent individuals). The 
rows represent the individuals sending the nominations and columns repre-
sent the individuals receiving the nominations. The fi rst row represents the 
nominations of person one in which a “1” is put in the column of the person 
nominated. Each matrix cell indicates whether there is a tie between the two 
network members. For example, the “1” in row 1 column 2 indicates that 
person one knows person two, and the “1” in element 2,1 indicates that per-
son two knows person one.

Matrix representation of networks enables quick computation of network 
properties. For example, a common measure of opinion leadership is the 
number of nominations received. Summing the columns of a matrix provides 
a score of how many nominations each person received. Figure 3–3 shows 
that person one received the most nominations (three) and hence may be an 
opinion leader in this network. These network scores are often output from 
the network computer package and merged with the original attribute dataset 
to compare network scores with other variables.
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Sociograms

One of the unique features of network data compared with other types of data 
is that a diagram depicting relationships can be drawn. Earlier chapters have 
presented several examples of network graphs. Figure 3–4 shows a graph of 
the friendships between students within one classroom of a southern California 
middle school. Students were asked to name up to fi ve of their closest friends in 
the class by writing their number from a roster. Each circle represents a student 
and the lines indicate who named whom as a friend. The arrowheads indicate 
direction of relationship since some people will name a friend who may or may 
not select them in return. For example, numbers 10 and 23 chose each other 
as friends, whereas number 3 named number 23 but number 23 did not name 
number 3. The lengths of the lines do not have meaning. People are placed on 
the graph based on how well connected they are; for example, those with many 
connections, such as number 9, are usually placed in the center and then other 
nodes arrayed around them. The graphic programs try to make the pictures 
readable by moving the nodes away from each other so there is space to see the 
nodes and the labels (the numbers) while at the same time trying to keep nodes 
that have similar links near one another. There is no one correct way to draw a 
sociogram since the position of the nodes is somewhat arbitrary.

Network diagrams are useful for showing the structure of a network and 
there are a variety of techniques and computer programs available for graph-
ing networks (Blythe, McGrath, & Krackhardt, 1996). Drawing network 
diagrams is one of the most attractive features of social network analysis 

Figure 3–3. Small hypothetical example of a network of ties and its associated graph.
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as it provides a visual depiction of the overall structure of communication 
(Freeman, 2000; McGrath et al., 2002). Once network data are collected, 
organizations, coalitions, and communities enjoy seeing their data reported 
back to them and viewing network diagrams, because most people know 
their own personal networks, but no one can see the overall network struc-
ture unless the data are aggregated.

In sum, there are three different types of studies one can conduct with 
network data. First, one can conduct an egocentric study with data on a per-
son’s personal network as reported by the survey respondent. These data can 
be analyzed on the respondents or the relationships by converting the data to 
dyadic. Second, one can conduct a sociometric study (either sequenced, cen-
sus, or two-mode) with one or a few networks analyzed entirely in a network 
program (i.e., UCINET). Network variables derived from the analysis are 
often merged with a dataset containing other non-network information such 
as the age, gender, or education of the respondents. Third, one can conduct 
a sociometric study with many different networks analyzed in a program 
that permits the construction of “do” loops so the researcher can process 
multiple networks. Network variables derived from the analysis are often 
merged with a dataset as above, but now it is critical the researcher keep 

Figure 3–4. Sample social network in which students were asked to name their fi ve 
closest friends in the classroom.
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track of the unique identifi ers for the networks (i.e., the ID numbers for the 
specifi c classes or schools).

Data Characteristics

Networks have been measured on kinship, marriage, advice, love, friendship, 
dislike, and countless other relations. The network question asked defi nes 
the type of network. A typical network would be created by asking a ques-
tion such as, “Name fi ve other people you talk to about important matters.” 
Network data can be collected on a wide variety of substantive issues. For 
public health, it is advised to ask network questions such as, “Name fi ve other 
people who you talk to about a health topic.” General questions can be fur-
ther funneled to ask the respondent to name those who he/she talks to about 
a particular health issue such as what contraceptive method to choose.

Network data are also directional so that ties may be symmetric (John talks 
to Mary and Mary talks to John) or asymmetric (John talks to Mary but Mary 
does not talk to John). Symmetric ties are reciprocal, whereas asymmetric ties 
are unreciprocated directly but may be reciprocated indirectly through inter-
mediaries. Indirect reciprocation occurs when John talks to Mary, and while 
Mary does not talk to John, she does talk to Maria, who talks to John. Some 
networks are inherently asymmetric while others are symmetric. For example, 
if people are asked to indicate who they had lunch with, that suggests a sym-
metric/reciprocated relationship. On the other hand, advice seeking is asym-
metric: the people I seek advice from may not seek advice from me.

Network data may be binary or valued. That is, network nominations 
can be used to record the presence or absence of ties but also may record 
how frequently individuals communicate with one another. For example, a 
researcher might be interested in determining how often members of a com-
munity talk to one another by asking if the respondent talks to his or her 
friends (1) less than once per month, (2) monthly, (3) weekly, (4) a few times 
per week, or (5) daily. In this manner, values can be attached to the ties cor-
responding to the frequency of interaction. Thus, a network link is composed 
of three components: its meaning (friendship, advice, etc.), its direction 
(whether symmetric or asymmetric), and its weight (the value of the link).

Network Variables

The network variables created from network data consist of two types: relational 
and structural. Relational variables are those that are constructed from the 
respondent’s set of direct ties. One example of a relational variable is personal 
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network density, or the degree to which a respondent’s ties know one another. 
Structural variables are those that are constructed from the entire network of 
connections. One example of a structural variable is positional equivalence, or 
the degree two individuals occupy the same position in the network (White, 
Boorman, & Breiger, 1976). Table 3–2 provides a description of the distinction 
between relational and positional measures (see Burt, 1980, for further discus-
sion). In a sense, the division between relational and structural variables is not 
rigid since relational and structural measures are often highly correlated.

Examples of relational variables include connectedness, reach, number of 
nominations received or sent, personal network density, constraint, reciprocity, 
group membership, and system density. Connectedness and reach measure the 
degree any member of a network can reach other members of the network. 
Number of nominations sent and received measures how many others an indi-
vidual nominates and the frequency an individual is nominated, respectively.

Personal network density measures the degree an individual’s set of ties 
know and nominate one another. Constraint is the extent to which a person’s 
personal network inhibits him/her from reaching others in the broader net-
work. Reciprocity measures whether a person’s nominations are reciprocated, 
and group membership refers to network analysis procedures that determine 
who belongs to which groups in a network. Network density measures the 
proportion of ties in a network relative to the total number possible. Group 
membership and network density variables use the entire network for their 
computations and hence are more structural measures and lead to a more 
complex analysis of the structure of a network.

Examples of structural variables include centrality and positions. Centrality 
can be measured a variety of ways (Freeman, 1979)—for example, number 
of nominations sent and received are measures of centrality out-degree and 
in-degree, respectively. Centrality betweenness measures the degree an indi-
vidual lies between other individuals in the network. Centrality closeness 
measures the degree an individual is near all other individuals in the net-
work (Freeman, 1979). Centrality power measures the degree an individual 
can exert control over the network (Bonacich, 1987), and centrality fl ow 
(Freeman, Borgatti, & White, 1991) and information (Stephenson & Zelen, 

Table 3–2. Relational and Positional Concepts of Network Structure

 Relational Positional

Individual Personal network density Central or peripheral 
individuals

Group Clique formation based on direct ties Hierarchical partition based on 
tie similarity

Network Dense vs. sparse networks Set of positions; centralization

Adapted from Burt, 1980.
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1989) measure the capacity of individuals to carry information within the 
network. Chapter 5 will describe centrality measures.

Positional analyses report the hierarchical structure of a network by par-
titioning individuals based on the degree of similarity in their network ties. 
Positional analyses do not provide individual measures but rather provide 
indicators of equivalence (similarity) for all pairs of individuals in a net-
work. The simplest positional measure computes the proportion of common 
ties for each pair of nodes in a network. This measure presents the percent of 
links each pair of nodes has in common. The similarity criterion can then be 
used to form groups within the network based on their similarity scores.

Individual and Network Level

Many of these relational and structural variables exist at both the individual 
and system level. For example, personal network density may be measured 
for each respondent and may also be measured for the whole network. The 
various centrality measures can be computed both for individuals and for the 
whole network. Network centrality, referred to as centralization, measures 
the degree a network is centralized (the nominations are concentrated on one 
individual or a group of individuals).

Sometimes there can be many steps involved in the processing and man-
aging of network data to extract the types of measures needed to answer 
substantive questions. The diagram in Figure 3–5 provides some assistance. 

Figure 3–5. Illustration of the data management fl ow for a typical network study 
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In a complete network analysis with sociometric data, there are a number of 
steps in the process. This example has an original set of survey data from 
617 adolescents in 17 classrooms (in four schools). Respondents were asked 
to name friends in the class and to write the number from a roster they 
were provided. These data were then converted into a dyadic dataset that had 
one case for each relationship—the respondent and the identifi cation number 
(roster number) of the person named as a friend. If a person named three 
people, then he or she contributed three cases to the dyadic dataset.

The dyadic dataset can then be read into a specialty computer program 
written in R, GAUSS, SAS-IML, STATA/MATA, or any other matrix 
level programming language. This program creates a data fi le that has the 
respondent’s unique ID, the alter’s ID, and any data needed for the alters. 
For example, the researcher may want to know the sex, ethnicity, age, and 
outcome variables for each person named. Specifi c relationship information 
may also be ouput for each tie such as whether the person was named fi rst, 
second, third, fourth, or fi fth; whether they reported doing any activities 
with that person; and so on. This dyadic data can then be used for analysis 
to determine if any relationship characteristics are associated with behavior. 
For example, it might be hypothesize that behaviors are similar between the 
respondent and friends named fi rst or those of the same ethnicity.

The dyadic dataset can also be used to calculate the respondent’s personal 
network composition and exposure variables. The dyadic dataset is “col-
lapsed” on the respondent’s ID. This converts the dyadic back to a regular 
attribute dataset but now it can have the average (or other statistic) scores for 
the network partners. For example, it is possible to calculate the percentage 
of the friends who are male and female, percentage of each ethnicity, and 
the number or percentage who engage in various behaviors. These variables 
can be used in analytic models to predict individual behavior based on aver-
age personal network attributes or behaviors. For example, adolescents with 
smoking friends might be more likely to smoke.

The GAUSS program (#3 in Figure 3–5) also creates individual network 
measures such as number of nominations sent and received as well as more 
complicated measures covered in later chapters (see Part III). These individual 
network measures can then be merged with the original attribute fi le and used 
as variables in analysis. For example, students who receive many nominations 
as a friend from other classmates (popularity) might be more likely to smoke 
(Valente et al., 2005). Currently, the GAUSS program is being translated for 
use in STATA/MATA to make them available to a wider audience.

The GAUSS program also creates network-level measures such as density 
or centralization (see Chapter 8). These network-level measures can then be 
merged with the original attribute fi le and used as variables in analysis. For 
example, peer infl uence on substance using behaviors may be stronger in 
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densely connected school friendship networks than sparsely connected ones. 
Similarly, interorganizational diffusion of information might be faster in a 
densely connected network than in a sparsely connected one.

Effi cient data management often requires knowing the right terms to use 
to get computer programs to perform the desired functions. In this case, the 
data were expanded to create a dyadic dataset and collapsed to create an 
attribute dataset. The average (or other statistic) of the alter data were calcu-
lated to compute average exposure. The dyadic data are in long form and the 
attribute data are in wide form. In STATA, the “reshape” command can be 
used to create long and wide forms of the dataset (Box 3–1).

Box 3–1. Reshaping Data from Wide to Long

Steps to Reshape Egocentric Data to Dyadic (Wide to Long)

Make a backup of the dataset.1. 
Read the data and save it with a name specifi c to the network and 2. 
alter. For example, for network 1, alter 1 save the data as net1_1.
Generate a variable called network and set it equal to 1.3. 
Generate a new variable called “alter” and set it equal to 1.4. 
Drop all network variables for alters 2 through 5.5. 
Rename all network variables to be non-rank specifi c. For example, 6. 
“sex1” should be “sex.”
Save the dataset7. 
Repeat steps 2 through 7 for each network and each alter. (A survey 8. 
with 3 networks and up to 5 alters generates 15 new datasets.)
Append all the newly constructed datasets.9. 

10.   Tabulating the network and alter variables provides a count of how 
many dyads (relationships) were measured in the study.

Another, more elegant way to achieve the same result is to reshape the 
dataset from wide to long. In a wide dataset each observation is con-
tained in a row with a unique ID number. A long dataset may have the 
same observation span many rows with an indicator for the unique con-
tribution of each row. For example, to reshape the data in the STATA sta-
tistical package, one can use reshape command such as:

“reshape long reshape long net1_ID net1_age net1_educ net1_behavior, 
i(ego_name) j(alt 1-5)”

This last command reshapes the data from wide to long format creating 
fi ve new cases for each unique value of “ego_name.” The data will also 
consist of the values of the variables net1_ID, net1_age net1_educ and 
net1_behavior for each alter named.
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Summary

This chapter provided an introduction to social network data collection and 
management methods. The chapter introduced the idea that network data 
provide measures at both the individual and the network level. Individual 
measures indicate a person’s position in the network relative to others in 
the network. Individual measures also indicate network effects in terms of 
the properties of others a person is connected to, such as whether his or her 
friends are smokers. Network-level measures describe overall properties of 
the network such as its density or centralization.

The chapter then reviewed fi ve types of network data collection techniques 
(survey, egocentric, sequenced, census, and two-mode), indicating their uses 
and advantages and disadvantages. The different types of computer software 
used to analyze these data were discussed as well as some general properties 
of graphs. The chapter closed with a discussion of relational versus struc-
tural network measures. The network paradigm is thus made up of these four 
components: (1) network data collection and management, (2) network data 
characteristics, (3) the distinct levels of analysis, and (4) network variables 
derived from the data.
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This chapter shows how researchers can collect network data from randomly 
drawn samples. The data only represent the respondent’s personal network, 
usually from the respondent’s perspective. The chapter then details the vari-
ous measures derived from personal network data and the research questions 
and hypotheses that have been tested. A comparison between egocentric and 
sociometric data is presented. Although egocentric data are somewhat lim-
ited, they still provide powerful measures of interpersonal infl uence that are 
strongly predictive of behavior.

The network perspective emphasizes that individual attitudes, beliefs, and 
behaviors are often a function of the attitudes, beliefs, and behaviors of their 
friends, family, colleagues, and associates. Personal network exposure is the 
number or proportion of ties holding a particular belief or engaging in a 
particular behavior. Generally, network exposure is associated with adop-
tion, and the degree of exposure required for adoption is a personal net-
work threshold. Most of the evidence for network exposure and threshold 
effects comes from egocentric data, in which data on a person’s social net-
work are gathered by asking the focal individual and not necessarily inter-
viewing his or her network contacts. Analysis of egocentric data is usually 
done with standard attribute-based statistical programs such as SAS, SPSS, 
and STATA.

4

Ego- and Personal-Network Effects
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Social networks are important infl uences on behavior for many reasons. 
First, social contacts provide information about opportunities, resources, 
products, and about everything people want or need. Word-of-mouth com-
munication is frequently cited as one of the most frequent channels people 
report on how they fi rst heard about something or what they know about it 
(Van den Bulte & Wuyts, 2007). Information about a job or service travels 
readily through interpersonal channels. Second, social networks also provide 
resources typically referred to as social capital. The resources available in 
networks often consist of how-to information such as how to perform a work-
related task or get something done.

Social networks also provide role models for behaviors. It is easier for 
people to adopt a new behavior once someone they know has done so 
because they see how it is done. Role modeling is an important component 
of vicarious learning and building the self-effi cacy needed to engage in new 
behaviors (Bandura, 1986). Finally, social networks can provide the support 
needed to continue adopting a new behavior even when it becomes diffi cult 
or challenging to do so. Thus, measuring social networks provides an impor-
tant tool needed to understand human behavior. Personal networks can be 
measured using egocentric techniques and sociometric ones. This chapter 
explains the egocentric techniques.

Burt (1984) proposed a set of egocentric questions that were included in 
the General Social Survey (GSS), fi elded in 1985 by the National Opinion 
Research Corporation. The survey consisted of a random digit dial sample of 
U.S. households and included for the fi rst time a measure of social networks. 
After extensive pilot testing, Burt proposed the survey items reproduced in 
Appendix C. These questions were designed to measure Americans’ close 
personal networks derived from responses to the name generator “Who do 
you talk to about important matters?” There are other questions one might 
use to generate egocentric names such as “Who do you talk with most fre-
quently?” or “Who are your closest friends?” depending on the specifi c 
research questions and settings. The respondent only need provide the fi rst 
names, nicknames, or initials since the researcher will not attempt to contact 
the persons named. The named persons are often referred to as alters.

Once the names are generated, the researcher asks a series of questions 
about each person named. For example, researchers generally measure 
sociodemographic characteristics of each alter, such as their gender, ethnic-
ity, age, marital status, and how the respondent, ego, is related to each alter 
(e.g., family, friend, or colleague). The researcher can then assess substantive 
issues specifi c to the research, such as whether the person supports a politi-
cal candidate, is a smoker, uses substances, practices safe sex, supports gun 
control legislation, or other research issue. Once the personal networks have 
been measured, the researcher can characterize people’s immediate close 



Ego- and Personal-Network Effects  63

social networks and determine whether the network characteristics are asso-
ciated with substantive phenomenon.

For example, the GSS 1985 data were used to characterize Americans’ 
core social networks (Marsden, 1987). Marsden (1987) showed that 
Americans generally had 3.0 (standard deviation [SD] = 1.7) close contacts 
and these contacts were quite homogeneous in the sense that people associ-
ated with others of their same ethnicity, age, and education levels. Marsden 
also showed that urban Americans had more heterogeneous networks than 
rural ones.

When constructing an egocentric survey, it is typical to measure the fol-
lowing characteristics:

Strength of relationship (e.g., closeness, acquaintance, stranger; how 1. 
long known)
Frequency of interaction (e.g., how often talked to, how often 2. 
consulted)
Type of relation (e.g., family, friend, coworker)3. 
Socioeconomic characteristics (e.g., educational attainment, wealth, 4. 
income)
Demographic characteristics (e.g., age, residential location)5. 
Substantive characteristics (e.g., smoke, practice safe sex, practice fam-6. 
ily planning, support a candidate)
Content of communication (e.g., discuss politics, health, child rearing) 7. 
or risk behavior (e.g., unprotected sex, share syringes) 

Table 4–1 shows the kinds of measures derived from egocentric data. 
Typically, these measures are of one of two types: compositional measures 
and variance ones. Compositional measures are those derived by counting or 
taking the average of egocentric network variables. For example, the number 
or proportion of males in the personal network is a compositional variable. 

Table 4–1. Egocentric Network Measures

Level of Measure Example Composition Variance 
(Heterogeneity)

Population-Level 
Variance

Binary (0/1) Smoking Percent in posi-
tive category

IQV

Nominal Ethnicity Percent in ref-
erence category

IQV

Ordinal Education Average SD Mean of SD
Interval Age Average SD Mean of SD

SD, standard deviation.
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For a behavioral example, the number of smokers in the personal network is 
a compositional variable. Variance measures are those derived by calculating 
the variance or SD of the egocentric network variables. For example, the SD 
of the age of the alters is a variance measure.

All of the measures taken on personal networks can be collapsed into 
compositional and variance measures. For example, the number or percent-
age of females and the IQV of the gender variable can be calculated. Each 
individual in the data can be characterized as the degree his or her personal 
network is female and the sample characterized as the extent to which the 
percent female varies. For relation type, the proportion or number of the per-
sonal networks who are family members and the diversity of that proportion 
can be calculated.

For binary variables, the proportion and variance will be highly correlated 
(although not linearly) since the variance is greatest when the networks are 
similarly distributed across the categories. For example, suppose a person 
has four friends—two male and two female. The personal network compo-
sition is 50% female with a maximum IQV. For other respondents with a 
larger percentage who are female, IQV decreases. For nominal, ordinal, and 
interval variables, the compositional and variance measures are independent. 
Ethnicity, for example, might be calculated as the percentage of the per-
sonal network who are Hispanic/Latino and the variance measure indicates 
whether the distribution of alters across other ethnicities is evenly distributed 
(high variance) or skewed to one or few other categories (low variance).

Likewise with interval-level variables such as the network alters’ age, 
researchers calculate the average age of the network and its SD. These net-
work variables can be used to explain individual behavior. For example, 
it might be hypothesized that adolescents with older and more varied (on 
age) personal networks are at greater risk for substance use or other risky 
behaviors. Adolescents with older friends, and some much older friends, are 
probably exposed to more risk behavior such as smoking friends or having 
friends who engage in unprotected sex.

Table 4–1 also has a column labeled population-level variance. This col-
umn indicates that the mean of the SD is a measure of the overall population 
variance. That is, the average of the personal networks’ SD indicates how 
much the population network varies. A large average SD indicates that over-
all people are quite varied in the ages of their friends, whereas a small aver-
age SD indicates that people named others who all had similar ages.

In sum, the egocentric network nominations are used to characterize 
individual’s personal networks. There are seven types of network questions 
asked to gauge these personal networks. Compositional and variance mea-
sures from these seven types are derived from these variables, and they can 
be used to describe personal networks of respondents and determine whether 



Ego- and Personal-Network Effects  65

personal networks are associated with behaviors. In addition to the composi-
tional variables, there are several standard measures calculated from the per-
sonal network data. Typical egocentric variables are size, personal network 
exposure, tie strength, concurrency, density, and constraint.

Measures

Size

A basic yet critical variable in network analysis is individual network size. 
Some people have small networks, while others have quite large ones. 
Although techniques exist for measuring a person’s network size (Bernard 
et al., 1987), in egocentric research, size is simply a count of the number of 
names or nicknames provided in response to the name generator. Often size 
will vary from zero to 5 or 6 since name generators often limit the number 
of persons named, because each name will also require additional informa-
tion to be recorded. Providing more names lengthens the survey and naming 
too many names can make a survey prohibitively long.

Some researchers have suggested allowing the respondent to name as many 
persons as he or she can or at least increasing the limit to 15 or 20 to mea-
sure size better. It may also be desirable to increase the size and only ask one 
substantive question for all alters named, and then administer the full bat-
tery of network questions to the fi rst fi ve named. This allows the researcher 
to characterize the close personal networks in detail and also understand 
the attitudes or behaviors of a larger number of the respondent’s network, 
including the behavior of weak ties. It has also been suggested to allow the 
respondent to name many alters and then ask the network questions for a 
random sample subset of those persons named. This later technique enables 
the research to study network effects beyond the close (strong) ties.

Personal Network Exposure

Personal network exposure is the degree to which a focal individual’s alters 
engage in a particular behavior. Egocentric data can also be used to show that 
people who engage in certain behaviors are more likely to have close per-
sonal network associates who also engage in those behaviors. For example, 
in a study of factors associated with the adoption of contraceptive methods 
in Bolivia, people who reported using a current contraceptive method had 
63% of their personal networks who also used contraception, while those 
who did not use reported only 37% of their personal network used contra-
ception (p < .001, N = 5,691). This difference persisted but diminished when 
the respondent’s partner was removed from the calculation (54.4% versus 
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38.3%, respectively; p < .001, N = 4,156). The overall rate of contraceptive 
use (both traditional and modern methods) in these data was 55.7%. Thus, 
those who use contraception to limit their family size are more likely to have 
people in their network who also use contraception. This fi nding is not sur-
prising given that people usually associate with others like themselves (the 
homophily principle) and that information about contraceptive availability 
and use would pass through social networks. Egocentric data can tell us 
something about how networks infl uence individual decisions. (Commands 
for calculating network exposure using egocentric data in STATA are avail-
able from the author.)

Personal network exposure is a fundamental and critical variable to be 
calculated in network research. It captures social infl uence by measuring the 
extent one’s network engages in a behavior. There is often an assumption that 
the networks infl uence the respondent given that the respondent knows these 
alters engage in the behavior. This social infl uence and the assumption that 
people are infl uenced by their peers can be tested in at least two ways. First, 
social infl uence can be tested by asking the respondent to indicate whether 
he or she was infl uenced by each alter. For example, after eliciting network 
nominations to measure social infl uence on smoking the researcher can ask, 
“Did this person (name) offer you a cigarette?” Second, social infl uence can 
be tested by weighting exposure by tie strength or communication frequency. 
In this case, the behavior of the tie is multiplied by the frequency of com-
munication or contact.

Tie Strength

A classic fi nding in the network fi eld is the importance of weak ties and 
bridges for connecting different groups so that information and behavior can 
spread throughout a community or population (Granovetter, 1973). Strong 
ties, however, are important for disease transmission and behavioral adop-
tion at the individual level. Strong ties are important because people are 
more likely to be infl uenced by those they are close to and have multiplex 
relations with than those to whom they are weakly connected. These weak 
ties are important at the global level but much less so as an individual makes 
a behavior change decision. It should also be noted that weak ties may be 
more important for information spread rather than behavior change since 
it is easy for individuals to accept or learn information, whereas behavior 
change is a more complex and cognitively challenging process. Weak ties are 
effective at transmitting information but less so for transmitting behavioral 
infl uence.

Valente and Vlahov (2001) conducted a study to test the importance of 
strong ties for social infl uence in the evaluation of the Baltimore Syringe 
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Exchange Program (SEP). In that study, participants were asked to provide 
the initials or nicknames of their fi ve closest friends. For each friend named, 
participants indicated whether they engaged in any risk behaviors with each 
friend such as drinking alcohol, having sex, doing drugs, or sharing syringes. 
The last point was of particular concern because the needle exchange pro-
gram is designed to reduce syringe sharing to reduce the spread of HIV. In 
another part of the survey, we also asked whether they had shared syringes 
with anyone in the past 3 months.

As Figure 4–1 shows, the amount of syringe sharing was about 30% at 
baseline and decreased as participants returned to the SEP and completed 
subsequent interviews. The decrease in syringe sharing is evidence of 
program effects for those who repeatedly return to the SEP and received 
behavior education. Figure 4–1 also shows the amount of syringe sharing 
with friends by the rank order of the friends named. The assumption is that 
friends nominated fi rst are the closest friend, and the one named second, the 
next closest, and so on. The data show that syringe sharing—risk behavior—
was more likely with friends named fi rst or second rather than those named 
third, fourth, or fi fth. This makes sense as the Baltimore injection drug users 
established bonds with these close friends and the trust relationship is solidi-
fi ed with syringe-sharing behavior. Further, these close relationships may 
also involve sexual relationships; thus, the syringe sharing is only one form 
of risk behavior for the dyad. Risk behavior among strong ties occurs in 
other studies as well. For example, studies have shown that adolescents are 
more likely to smoke if their best friend smokes (Alexander et al., 2001; 
Urberg et al., 1997).
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Figure 4–1. Reported syringe sharing among injection drug users by the order nomi-
nated (Nom 1 = fi rst named) and survey wave (Time 1 = baseline). Injection drug users 
reported more syringe sharing with those fi rst named, presumably their closest friends.
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Serial monogamy or serial risk taking may seem a reasonable strategy 
to protect oneself from disease, particularly sexually transmitted diseases, 
but there is still some risk associated with the behavior. This is particularly 
true for injecting drug users, who may not have stable residences. In the 
Baltimore SEP, we found that only 29% of the close friends named at base-
line were named 6 months later. This rapid turnover in networks means that 
the rational strategy of engaging in risk behavior only with closest friends 
loses its protective effect when those close friends change often. This keeps 
HIV spreading in the population.

Concurrency

Serial monogamy of course is not always the rule. Kretzschmar and Morris 
(1996; Morris & Kretzschmar, 1997) hypothesized that many people might 
engage in concurrent relationships (Figure 4–2). Concurrency occurs when 
a person is engaged in sexual or other risk behavior with multiple others 
within the same time frame. For example, node 1 in Figure 4–2, who has 
three serial sexual partners, offers less opportunity for disease spread in the 
community than node 2, who has three sexual partners but where the second 
partner overlaps with the fi rst and third.

Concurrency is measured by asking respondents to provide information 
on the duration of the sexual relationships with all of their sexual partners. 
This is not overly burdensome, and many studies have shown this is possible 
(Morris, 2004). The researcher then calculates the relationship intervals and 
the degree of overlap between alters. Each person can then be characterized 
to the extent their sexual relationships overlap. Moreover, the extent of con-
currency for the sample, and hence in the community, can be calculated.

There are other egocentric measures in addition to size, network exposure, 
tie strength, and concurrency. It is common, for example, to ask the respon-
dent to indicate whether his or her friends know one another and how well 
they know one another.

Serial Concurrent

Figure 4–2. Sexual relations can be serial or concurrent. Serial relations occur in 
sequence with no overlap whereas concurrent ones contain overlap.
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Density and Constraint

The survey example in Appendix C asks respondents to indicate which of 
their friends know one another. These data can then be used to construct 
a personal network density variable that refl ects the extent a person’s clos-
est contacts are connected to one another. Figure 4–3 shows two personal 
networks, one that has some interconnectivity among alters (dense), and the 
other with alters that connect to others outside ego’s immediate network 
(radial). Dense personal networks provide reinforcement for prevailing norms 
and practices and can provide protection from outside sources of infl uence 
or risk. Conversely, radial personal networks provide access to more infor-
mation or infl uence that may be circulating in the network. Radial networks 
can be advantageous or disadvantageous depending on the topic or behavior 
being studied and its prevalence in the community or network.

Burt (1992) introduced a personal network measure called constraint that 
extends the personal network density measure by extracting more informa-
tion from the pattern of relationships among the alters. Personal network den-
sity calculates the degree of connectivity among the alters nominated by ego. 
Constraint, on the other hand, measures the connections between alters from 
each alter’s perspective. A constrained ego is one which the alters are connected 
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Figure 4–3. Personal networks can be dense in which the focal person’s friends know 
one another (a) or radial in which they are not connected. (b) Burt (1992) defi ned radial 
networks as those with low constraint.
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to each other and so ego’s actions and perceptions are controlled by his or her 
personal network. In an un-constrained personal network, the alters are not 
connected to one another and so the personal network cannot collude to keep 
information from ego. Constraint is calculated as follows (Burt 1992, p. 55): 

  
(4-1)

The calculation for constraint entails summing the degree to which each of 
the alters is connected to others in the personal network. Conceptually, the 
measures (density and constraint) are similar, but the key distinction is that 
constraint uses more of the information available in the personal network. 
Burt equates low constraint with occupying a position of structural holes. 
People with low constraint can access their networks better and span struc-
tural holes in the networks. Burt (2005) has shown that low constraint is 
associated with professional achievement and better performance.

Statistical Analysis

The measures and analyses mentioned thus far in this chapter are derived 
from data that could be collected randomly; that is, the respondents are not 
connected in a preexisting social network. Statistical analysis of associations 
between network variables and outcomes do not need to control for nonin-
dependence of observations other than what would normally apply to the 
data. In a study of reproductive health practices in Bolivia, respondents were 
randomly selected households in the seven largest cities. Evaluation of com-
munication campaign designed to promote reproductive health services was 
conducted using normal inferential statistical analysis.

In addition, egocentric network data were collected by asking respondents 
to name up to fi ve people with whom they discuss personal issues. A series of 
questions were then asked about those named, including whether the alters knew 
one another, their gender, language spoken at home, frequency of communica-
tion, and whether the respondent thought each practiced family planning. For 
all of these questions, compositional and variance variables can be created from 
the data and treated as individual-level variables in statistical analysis.

Dyadic Data

As mentioned in Chapter 3, network data are often stored or converted to a 
dyadic format. Dyadic data refer to observations in which each case consists 
of the respondent and one network alter. In other words, in dyadic data, 
each case is a relationship pair. Dyads are the respondent (ego) alter pair, 
and dyadic data are the data associated with the respondents and alters. 
Sociometric data are often stored in dyadic format, and this is sometimes 
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Box 4–1. Calculating Exposure

It is possible to calculate network exposure within statistical analysis programs 
such as SAS, SPSS, or STATA without relying on matrix manipulation or spe-
cialty network programs. To calculate exposure, the researcher converts a 
standard dataset to dyadic, or “long” in STATA terminology. The researcher 
then merges the dyadic data on the alter ID number (or name) with a data-
set containing the behavior or attribute of interest. Now the researcher has 
a dyadic dataset containing the ego ID, the alter ID, and the alter’s attribute. 
Converting the dyadic data back to a “wide” dataset and calculating the 
average of the alter behavior provides a network exposure score.

/* start with the original wide version of the dataset 
and reduce to the unique subject ID the attribute of 
interest and alter nominations */

use c:\data
keep net _ id attrib nom1 – nom5
reshape long nom, i(net _ id) j(alter 1-5)
sort net _ id
drop if nom==.
save c:\dyadic, replace

use c:\data
keep net _ id attrib
ren net _ id nom
ren attrib alter _ attrib
sort nom
save c:\ego _ as _ alter, replace

use c:\dyadic, replace
sort nom
merge nom using c:\ego _ as _ alter
sort net _ id
drop if _ merge!=3
drop _ merge
save c:\dyadic _ alter _ beh, replace
reshape wide nom alter _ attrib, i(net _ id) j(alter)
save c:\ego _ with _ alter _ behavs, replace
egen attrib _ expos=rmean(alter _ attrib1 alter _ attrib2 
alter _ attrib3 alter _ attrib4 alter _ attrib5)

referred to as a link-list format. Egocentric data are often converted to dyadic 
format to facilitate statistical analysis. In addition, once in dyadic format, it 
is possible to calculate network exposure by merging on the alter ID and 
reshaping the data back to the original wide format (Box 4–1).
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If the data are converted to dyadic format, the observations are no longer 
independent but are clustered on the respondent. Some respondents may 
have provided information on one alter while others provided information 
on four or fi ve alters. Consequently, the analysis needs to control for clus-
tering on the respondent ID. This is not diffi cult and usually entails specify-
ing a  multilevel or hierarchal model to explicitly account for the clustering. 
Sociometric  studies, on the other hand, use data from a saturated sample 
such as a school or organization and so the statistical issues involved in esti-
mating network effects are more complex (see Chapter 9).

Converting a regular attribute dataset to dyadic has certain advantages 
(Chapter 3 discussed how to do this). Because each case is the respondent 
and the data on the alter he or she named, analysis can be conducted to test 
how relationship characteristics are associated with behavior. For example, 
one might ask survey respondents to name their fi ve closest friends and 
then ask for their gender, age, religious beliefs, and smoking behavior. The 
researcher can test whether people report smoking more with same-gender 
friends versus non–same-gender friendships.

It must be emphasized that dyadic data are not independent, that each 
case is not randomly selected from the population; rather, the cases are clus-
tered on the respondent. In many cases, there may be multiple levels of clus-
tering such that the cases are clustered by survey wave (e.g., baseline and 
follow-up) and the respondents. Researchers should use hierarchical linear 
models or random effects models or some other technique that controls for 
the nonindependence of the data.

Personal Network versus Sociometric Variables

Personal network exposure using egocentric data is usually easy to calculate 
in a statistical package, but this variable can be limiting when the researcher 
suspects that many respondents may not accurately know their alters’ opin-
ions or behaviors. These misperceptions can arise for many reasons. First, the 
respondent may not know his or her alters’ attitudes and behaviors. Second, the 
respondent may purposively provide inaccurate information on his or her alters’ 
attitudes and behaviors. Third, the respondent may misperceive the alters’ opin-
ions and behaviors because he or she wants them to be congruent with his own 
(reducing cognitive dissonance). Fourth, ego may misperceive the alters’ opin-
ions and behaviors because the alters tell ego things to pretend they hold a dif-
ferent opinion than they actually do. For example, people may say they support 
a political candidate in order to avoid an argument over political beliefs.

For example, personal network exposure was calculated on contraceptive 
use for women from voluntary associations in Yaoundé Cameron (Valente 
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et al., 1997). Women were asked to indicate whether they had heard of 
 family planning (FP) and any methods available to delay having children 
and to name their closest friends in their group. For each woman, knowledge 
of FP methods and use of a method (if any) was calculated. The methods her 
friends knew and used was also calculated (network exposure). Women were 
more likely to be aware of the same methods their friends knew and more 
likely to use the FP method their friends used.

Participants were also asked if they knew whether their friends used 
modern or traditional FP methods. Since the friends’ reports of method use 
were also recorded, we could calculate whether the participant was cor-
rect or incorrect in her assessment. Finally, whether the respondent thought 
those friends encouraged them to use methods was also recorded. The study 
showed that perceiving friends to have encouraged use was the variable most 
strongly associated with method use, regardless of whether one’s friends use, 
and regardless of whether one was correct or incorrect in her assessment of 
friends’ use. This study highlighted the importance of perceived peer infl u-
ence and that people may to some extent justify their actions by believing 
that others support and encourage those actions.

These analyses were possible because we recorded the participants’ behav-
iors, asked who their friends were, and had those friends’ self-reports. It is 
desirable to have alters’ self-reports to calculate exposure to behaviors rather 
than relying solely on the participants’ perceptions (Ianotti & Bush, 1992; 
Rice et al., 2003). And as will be illustrated, the basic diffusion model is 
one in which behaviors fl ow through networks such that network exposure is 
the fundamental building block for understanding networked diffusion and 
communicable disease spread. The egocentric results reported here, how-
ever, complicate analysis of personal network effects.

They indicate that tie strength may matter for some behaviors, meaning we 
possibly need to weight the exposure calculations by tie strength (Bauman 
et al., 2007). Weighting by tie strength is computationally easy, but substan-
tively diffi cult because there are so many candidate weights to choose from. 
For example, one could weight ties by the frequency of contact or perceived 
emotional closeness. One could also weight on similarity of personal attri-
butes such as stronger infl uence by those of the same gender, age, socio-
economic status, or any other attribute. There is a nearly infi nite number of 
ways to include tie strength in exposure calculations.

Researchers have also proposed a threshold model in which people vary 
in the degree they are infl uenced by others in their network (Valente, 1996). 
Researchers may have incorrectly concluded there are threshold effects 
because there was an incorrect specifi cation of the exposure that did not 
include correct weights for tie strength. Thus, there is tension between the 
proper exposure specifi cation and threshold effects. If network exposure 
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is not signifi cantly associated with behavioral adoption, it may be due to 
threshold effects or inadequate modeling of exposure weights.

Snowball/Sequenced Data

Egocentric data provide a view of the respondent’s network from the respon-
dent’s perspective. Once the names are generated, however, the researcher 
can create study designs in which the members of the personal network are 
also interviewed. This is referred to as snowball sampling and occurs when 
the researcher asks the respondent to indicate their friends (or other network 
members) and asks the respondent to recruit their friends. Snowball study 
designs are used in two types of studies: (1) when the researcher wishes to 
track behavior or communications among network members and (2) when 
using initial index cases to recruit their network members into an interven-
tion or study.

There are two kinds of “snowballs”—one in which the interview attempts 
to contact and interview every one of the respondent’s alters (all of their net-
work) and the other in which some specifi ed subsample of the personal net-
work is contacted. When all members of the personal network are contacted, 
this is a “true snowball.” The sample sizes in a snowball can grow quite 
rapidly. For example, 10 index cases can provide 10 names yielding a pool 
of 100 subjects who can also provide 10 names, resulting in 1,000 subjects 
in only two steps. Of course, the name generator or network defi nition might 
involve a concept that generates only few connections and this can slow the 
growth of the snowball. For example, the study might measure only current 
sexual contacts, so 10 indexes who have two sexual partners yields only a 
pool of 20 new subjects.

The second type of snowball entails interviewing some subset of each 
respondent’s personal network; this sample can be randomly chosen in an 
effort to make estimates regarding a population parameter. The sample can 
also be defi ned as those who are closest to the respondents, thus capturing 
strong rather than weak ones. Most often, the researcher is interested in a 
specifi c type of tie and will follow up only with those. For example, the 
researcher might want to interview all the drug users in a community and so 
elects to have indexes provide the names of his or her friends who use drugs. 
This provides entrée into the drug-using community, and further interviews 
will yield the structure of the drug using network.

Klovdhahl (1989) suggested eliciting a high number of alters and then 
taking a random sample of them to see how the network grows. Because 
the alters are randomly chosen, study results provide valid estimates of net-
work properties attributable to the network. After one or two generations, 
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researchers will have a large pool of subjects in the study who will know 
one another and hence be linked into a network. If the researcher starts with 
a set of randomly chosen index cases, then the network results provide a 
potentially valid parameter estimate of network structure.

Snowball sampling can be used to verify respondent assessments of their 
network alters’ behaviors. For example, a snowball study of adolescent 
smoking can be conducted in which the ego and alter are both asked about 
their smoking behavior and that of their peers. If these self-report measures 
are validated with a biomarker (say cotinine), the researcher can then deter-
mine whether respondents are accurate in their assessments of their network 
partners’ behaviors. It may also be possible to use snowball sampling to 
follow the trail of a rumor or piece of gossip or information. For example, 
if respondents report that they fi rst heard a news item from people in their 
network, these alters can be interviewed and a trace of the information fol-
lowed. These applications, however, are somewhat limited, and consequently 
few examples of snowball studies exist. More frequently, however, snowball 
sampling has been used to recruit subjects into studies or interventions.

Networks for Recruitment

Snowball techniques can be particularly useful for recruiting people into 
studies or health promotion and disease prevention programs. Network 
recruitment occurs when individuals are identifi ed via outreach, clinical, 
service, or other methods, and these index cases are instructed to identify 
network partners that can also participate in the study or receive some pro-
gram. For example, many studies have been conducted among drug users in 
which people receiving treatment or participating in a study are invited to 
bring their friends or substance using partners to the study setting so they 
can also receive treatment.

The idea of using social networks to identify people at risk for disease is 
not new and dates back to the use of contact tracing by local health depart-
ments. When individuals were diagnosed with a sexually transmitted disease 
(STD), workers at the health department would ask that person to name those 
they had had sexual relations with over the past 3 or 6 months and to provide 
their addresses. The workers would then contact those sexual partners and 
inform them that they are at increased risk for an STD and should be tested. 
These sexual network contacts were then recruited for STD testing and treat-
ment and also asked to indicate their sexual networks if they had an STD.

More recently, interventions have been conducted in which individuals are 
invited to bring their network partners, friends, or close associates into a 
clinical or outreach setting to be given health promotion materials/interven-
tions. For example, Valente and others (2009) set out to determine if a clinic 
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population of HIV-positive patients could be used to create a cohort of high-
risk individuals who might be appropriate to receive an HIV vaccine. Figure 
4–4 displays network linkages among indexes and alters in which at least 
one alter was enrolled in the study (794 links, 59.2%). Squares represent the 
59 index patients; triangles, the 62 enrolled alters; and circles, named but 
not enrolled alters. Links are coded by willingness to invite alters to partici-
pate in vaccine preparedness activities: solid arrows represent willingness; 
dashed arrows, not willing; dash-dotted arrows, absence of a response; and 
dash-dot-dot, enrolled but not named fi rst-degree alter. The study showed 
that these indexes could enroll a cohort with the desired characteristics, but 
the networks were quite diverse.

The rest of this book will cover sociometric data and techniques used 
to analyze data from complete networks. It is wise to remember, however, 
that the complete network is composed of egocentric networks and that the 
sociometric data can be treated as egocentric. The building blocks of the 
sociometric data are the individual egocentric networks.

Figure 4–4. Networks of HIV-positive patients in which at least one alter was enrolled 
in an HIV vaccine preparedness study. Indexes are squares, enrolled alters are triangles, 
and nonenrolled alters are circles. Links are coded by willingness to invite the alter 
to participate in vaccine preparedness activities: solid arrows represent willingness, 
dashed arrows, not willing; dash-dotted arrows, absence of a response; and dash-dot-
dot, enrolled but not named fi rst-degree alters.
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Summary

This chapter presented research on egocentric network data. Egocentric data 
are collected by asking people to name their closest friends or people they 
are connected to in some way. Egocentric data do not provide a connected 
network that can be mapped; rather they provide data that can be used to 
characterize each person’s personal network environment. Egocentric data 
have been used to characterize the personal networks of populations. For 
example, data from the 1985 GSS were used to show that Americans have 
ties mostly to people like themselves (homogeneous) and that networks vary 
by geography (urban respondents had more heterogeneous networks than 
rural ones).

Many hypotheses regarding egocentric variables and behavior have been 
proposed and tested. Researchers have shown that behaviors are infl uenced 
by tie strength. For example, injection drug users were more likely to engage 
in risky behavior with close friends than with those less close and adoles-
cents were more likely to smoke if their best friends smoke. Researchers 
have also shown that degree of concurrent sexual relationships in a com-
munity affects the prevalence of HIV. The chapter discussed how to convert 
egocentric data to a dyadic dataset, thus facilitating analysis and testing of 
certain hypotheses. The chapter closed with a discussion of the application 
of snowball sampling including network recruitment.
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This chapter provides background on the calculation, interpretation, and uses 
of various measures designed to determine which nodes occupy the cen-
ter of a network. The chapter focuses on the three most common centrality 
measures developed by Freeman (1979): degree, closeness, and betweenness. 
Other centrality measures are also listed. The distinction between centrality 
and centralization is made, and extent of correlation among centrality mea-
sures reported. The chapter closes with a discussion of centrality and behav-
ior change and how central individuals may affect the behavior of others.

When people are shown network diagrams, they frequently focus their 
attention on the nodes located in the center. Typically, people view being in 
the center of a network as a positive trait and see it as a good thing. Measuring 
the extent to which a node occupies a central position has been a critical focus 
of the network fi eld. Central people often occupy important positions of pres-
tige and visibility and, as noted in diffusion studies, may be infl uential in the 
spread of ideas and behaviors. Network analysts have developed numerous 
ways to measure centrality in a network (Borgatti & Everett, 2006).

Centrality measures for social networks were fi rst developed in the 1950s by 
Bavelas, Sabidussi, and many other scholars from many disciplines (Borgatti & 
Everett, 2006; Freeman, 1979). The different measures and algorithms were 
summarized, expanded, and developed into an infl uential article by Freeman 
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Centrality



82  MEASURES

(1979), in which Freeman introduced the modern typology of network measures 
by specifying that a centrality measure can have three properties:

It can be calculated on individuals referred to as point or node centrality.1. 
This point centrality measure can and often should be normalized by 2. 
the size of the network so calculations from different networks can be 
compared.
A network-level centralization score can be calculated indicating the 3. 
degree of centralization derived from a specifi c measure.

Degree

The most frequently used centrality measure is degree, and it is an intuitive 
measure, easily calculated and easy to understand. Degree is the number of 
links to and from a person. In a directed (asymmetric) network, in-degree is 
the number of ties received and out-degree is the number of ties sent. Degree 
is characterized as a local centrality measure because it can be calculated 
without reference to the overall structure of the network. In other words, one 
can put a lens over a node’s immediate ties and calculate centrality. Other 
centrality measures require information on the pattern of ties in the entire 
network to be calculated.

In-degree counts the number of times a person is nominated by others in 
the network. To make this measure comparable between networks of differ-
ent sizes, this count is divided by the maximum number possible, which is 
N – 1. Theoretically, a person can be nominated by everyone else in the net-
work. So the maximum possible in-degree is N – 1. The normalized degree 
centrality measure varies from 0 to 1. The formula for normalized degree is 
(Freeman, 1979):
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In-degree is a very useful measure, probably the most useful measure avail-
able to researchers. In-degree identifi es opinion leaders in a network, and in 
friendship networks it indicates popularity. For example, popular adolescents 
are defi ned as those who received many choices as “friends” from their peers. 
In-degree can be used as a measure of social integration and used to identify 
opinion leaders to promote behavior change (see Chapter 11). In-degree is 
also a useful measure because a person can be nominated (and thus have an 
in-degree score) even if he or she does not complete a survey.

Out-degree is the number of names a person provides in response to a net-
work question. Out-degree can be calculated as the total number of names 
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provided or restricted to the number of names provided in the network 
(ignoring ties to people not predefi ned as being part of the network). In nom-
ination studies (see Chapter 3), out-degree is often restricted to some max-
imum number. For example, a survey may ask people to name up to seven 
of your closest friends. In a roster study, out-degree can be as high as N – 1 
(every other person but himself or herself). In a study assessing the number 
of sexual partners, out-degree is the number of sexual partners, which is a 
very important variable for understanding disease risk.

Out-degree is sometimes needed as a control variable in statistical anal-
ysis. For example, analysis showing that a network measure is associated 
with some outcome should include out-degree as a control variable because 
it may be that the measure of interest is related to the outcome because a 
person selected a large number of others in response to the network question. 
Out-degree is also used as a denominator when calculating network expo-
sure or network composition terms to control for the size of one’s network. 
Out-degree measures, to some extent, a person’s socialness or sociality. Out-
degree is often referred to as expansiveness.

Out-degree is also sometimes a useful indicator for personal attributes. For 
example, a network study can ask for the names of others to whom people 
go to for emotional support. Counting the number of others provides a mea-
sure of the size of one’s emotional support network and this variable can be 
expected to correlate positively with health outcomes. Out-degree centrality 
provides a measure of network size, which can be very important. Out-degree, 
like  in-degree, can be normalized by dividing scores by N – 1, the maximum 
possible. Degree scores can be calculated within standard statistical packages 
such as SAS, SPSS, and STATA when the data are dyadic (Box 5–1).

Closeness

Degree, as mentioned earlier, is considered a local centrality measure. Other 
measures of centrality require information on the pattern of links in the entire 
network. Freeman (1979) introduced two other centrality measures: closeness 
and betweenness. Closeness measures the average distance a node is from all 
other nodes in the network. It is calculated by summing these distances and 
then inverting the value to change the measure from a distance one to a close-
ness one. Point closeness then is the inverted sum of the distances, and normal-
ized closeness is N – 1 divided by the sum of distances, making it an average 
closeness measure. Normalized closeness is calculated as (Freeman, 1979):
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Box 5–1. Reshaping Data from Wide to Long and Calculating Degree

Using a simple dataset of nominations, the data are reshaped to dyadic 
format. If there are multiple networks in the data, the collapse command 
below is modifi ed to include a variable indicating the separate networks. 
In this example, the data contain nominations of up to fi ve alters.

/* Make Dyad */
use c:\data
reshape long nom, i(net _ id) j(alt 1-5)
drop if nom==.
sort net _ id
save c:\dyad, replace

/* Calculate indegree from dyad data */
use c:\dyad
gen one = 1
collapse (sum) one, by(nom)
ren one no _ recvd
ren nom net _ id
sort net _ id
save c:\indegree, replace

/* Calculate outdegree from dyad data */
use c:\dyad, replace
gen one = 1
collapse (sum) one, by(net _ id)
ren one no _ sent
sort net _ id
save c:\outdegree, replace

/* Merge In and Out Degree scores with data */
use c:\data
sort net _ id
merge net _ id using c:\outdegree
tab _ merge
drop _ merge
sort net _ id
merge net _ id using c:\indegree
tab _ merge
drop _ merge
save, replace
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The maximum possible closeness score in any network is N – 1. When the 
distances to all nodes are summed and divided into N – 1, it provides a nor-
malized version of closeness that varies from 0 to 1. Closeness has intuitive 
appeal as a centrality measure since someone who is closer to everyone else, 
on average, is in a central position. In geography, for example, St. Louis is in 
a central position in the United States because it is closer, on average, to all 
other U.S. cities. Los Angeles, on the other hand, may be near some cities, 
but it is far from many other cities, making it less central.

Unlike geography, however, social space is non-Euclidian; that is, the 
distance from A to B is not necessarily the same as the distance from B to 
A. Because networks are possibly asymmetric, the path from one person to 
another follows a direction along the lines. If one of those links is asymmetric, 
the path cannot be reversed. So the distance from one point to another may not 
be the same as the distance from that point to the original one (the distance 
from A to B is not necessarily the same as the distance from B to A).

Consequently, closeness centrality has a direction. One can calculate close-
ness based on the links directed to a person (in-closeness) or based on the 
links coming from a person (out-closeness). The calculations are the same 
(Equation 5-2) but are based on the direction of the person’s direct links. The 
highest out-closeness is the person who can reach others in the fewest num-
ber of steps, while the highest in-closeness is the person others can reach in 
the fewest number of steps. Closeness has not been as useful a measure of 
centrality as in-degree and this may be in part due to its calculation.

Inverting the distance sums to calculate closeness is useful, but at the same 
time it can distort the measure in a nonlinear way. For example, a distance 
of 2 becomes ½ and a distance of 3 becomes 1 3 and so on. While inverting 
the distances and dividing into N – 1 (the maximum closeness possible) 
enables comparison between networks of different sizes, it also may not be 
the best way to convert distance into closeness. Valente and Foreman (1998) 
suggested reversing distances to make them closeness scores. Reversing 
distances entails subtracting the distances from the maximum possible in 
the network, N – 1. Valente and Foreman (1998) called this measure inte-
gration when calculated on in-distances and radiality when calculated on 
out-distances. The integration and radialiaty measures were found to corre-
late better with outcomes than closeness calculated by inverting distances.

Distances for Unconnected Nodes

One diffi culty inherent in distance calculations for networks is the calcu-
lation of distances for disconnected nodes. Nodes that cannot reach one 
another in a network are an infi nite distance from one another. Using infi nity 
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for the distance between disconnected nodes creates intractable mathematics 
for whole network calculations, however. Thus, some fi nite number is often 
used to represent the distance between disconnected nodes. The substitution 
of a constant for infi nity is reasonable for several reasons. First, although the 
nodes are not reachable in this particular network, they might be reachable 
if the network was measured again or measured in a slightly different way. 
For example, two people might be connected in a friendship network but dis-
connected (unreachable) in an advice-seeking network. Given that they are 
reachable in another network, it seems logical to consider nodes as reachable 
in all networks.

A second reason to treat disconnected nodes as reachable rather than 
infi nitely far apart is practical. Many network calculations require adding 
or inverting distances. Adding infi nity to anything equals infi nity and thus 
the calculations become meaningless. A third justifi cation is that the lack 
of connectedness may be due to measurement error and the substitution 
minimizes the impact of this measurement error. Finally, on philosophical 
grounds, substituting a number for infi nity may be justifi ed because any per-
son included in the study is thought to be somehow connected to the group 
and not disconnected from it entirely.

In sum, most network analysts treat unreachable nodes as being far away, 
but not infi nitely far. Three obvious measures of distance for unreachable 
nodes are (1) D + 1 where D is the longest distance between connected nodes 
(the diameter) and (2) N or N – 1 (where N is network size). D + 1 assumes 
that two disconnected nodes are one step farther apart than the longest dis-
tance in the network. This works well for many applications because the 
disconnected nodes do not distort the distribution of distances too much. 
The disadvantage of D + 1 is that this distance is not a theoretical maxi-
mum. Another drawback is that since different networks within the same 
community or study may have different diameters, unreachable nodes in 
one network within the same community may have shorter distances than 
unreachable nodes in another. For example, a school friendship network may 
have a diameter of fi ve and advice-seeking a diameter of seven and so stu-
dents unreachable in the friend network may be calculated as closer than 
advice seekers reachable via six steps.

To address the limitations of D + 1, many researchers use N – 1 as the 
distance between disconnected nodes. N – 1 is the theoretical maximum dis-
tance for disconnected nodes because that is the maximum number of steps 
between any two nodes in a network. To understand how N – 1 can be the 
farthest distance, consider a set of nodes arranged in a line as a network that 
has the maximum distance between nodes. The distance from one end of the 
line to the other is N – 1. The drawback to using N – 1 is that average dis-
tances between nodes in a network of even moderate size can become quite 
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large even with only a few unreachable nodes. These larger than expected 
averages hamper interpretation when reporting results and can distort analy-
sis conducted with the metrics (for example, in a regression analysis).

In sum, researchers need to be conscious of the network structure and 
specifi cally aware if the network contains isolates or disconnected groups. 
Researchers needing to analyze the whole network including these isolates 
or dis-connections may prefer using a fi nite number rather than infi nity for 
these distances. D + 1 has the advantage of providing average distances close 
to the existing average in the connected components but cannot be compared 
between networks. N – 1 as a value can be compared between networks of 
different sizes but infl ates distance values considerably and so may perturb 
further analysis of the data (e.g., in regression equations).

Betweenness

The third measure Freeman (1979) proposed was centrality betweenness 
measured as the frequency a person lies on the shortest path connecting 
everyone else in the network. The concept of betweenness is very appealing 
as it measures the degree a node occupies a strategic position in a network, 
somewhat akin to bridging and centrality combined. Like the other measures, 
one can calculate a point measure and its normalized version. Point between-
ness is calculated by counting the frequency a node lies on the shortest paths 
connecting all other nodes in the network. Normalized betweenness central-
ity is calculated as (Freeman, 1979):
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where gij pk counts the number of times point k lies on the geodesic 
 (shortest path) connecting all other nodes (i and j) and gij is the number 

of geodesics in the network. Betweenness is the frequency a node lies on 
the shortest path connecting other nodes in the network. The maximum 
possible value that the numerator [(gij pk)/gij] can reach is n2 – 3n + 2 and 
so this is the normalization factor (Freeman, 1979). Betweenness central-
ity is inherently directional since the geodesic (the shortest path) is direc-
tional. Consequently, separate calculations for in and out directions are 
not needed. Betweenness centrality captures the notion that a person with 
strategic contacts, say nominations received from leaders of two factions, 
inhabits a strategic position in the network even if his or her volume of 
contacts is not large.
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One shortcoming of Freeman’s (1979) betweenness measure is that it relies 
on the geodesic, the shortest path connecting nodes. It may be that some 
nodes occupy critical betweenness locations but not on the geodesic. Another 
criticism is that it takes a long time to calculate betweenness for networks 
larger than a few hundred members. Newman (2005) provided an alternative 
measure of betweenness calculated similarly but, rather than relaying short-
est paths, samples all paths connecting two nodes. Brandes and Erlebach 
(2005) offered an algorithm that is more effi cient for larger networks.

Although degree, closeness, and betweenness measure centrality, they each 
capture slightly different conceptions or functions of centrality. Degree, for 
example, measures local centrality, the extent to which a node is connected 
to many other nodes regardless of the location/position of those other nodes. 
In contrast, Freeman (1979) stated that betweenness centrality captured a 
gate-keeping function—if members high in betweenness opposed an idea, its 
diffusion to other segments of the group might be blocked. Closeness cen-
trality captured a communication role such that people high in closeness can 
communicate an idea to many others rapidly.

The three measures, degree, closeness, and betweenness, often identify 
different nodes as being the most central and of course are not perfectly cor-
related. For example, the networks in Figure 1–1 displays friendship choices 
for sixth-graders in one middle school in southern California. Centrality (and 
other) scores were calculated for this network and the links and measures are 
reported in Appendix C. Students 21 and 7 have the highest degree scores 
each receiving 11 friendship nominations. These two students have the high-
est centrality in-degree. In this study, students were asked to name up to fi ve 
of their closest friends and many of the students named fi ve so they all have 
the same out-degree score. In sum, the three most prominent centrality mea-
sures identify different individuals as being most central and two of these 
measures, degree and closeness, are asymmetric, yielding different nodes as 
being most central depending on the direction of the links. Further, close-
ness and betweenness have several different ways they can be calculated. In 
addition to imperfect correlation, it is also the case that centrality measures 
vary in their robustness to missing data (Box 5–2).

The most central nodes on in-closeness were 29 and 10. These two nodes 
have the shortest average number of steps to be reached by everyone else 
in the network. Closeness centrality is an asymmetric measure; distances 
in one direction can be different than distances in the other direction. The 
in-closeness centrality measure determines the distances “to” each node 
and is based on the ties being directed to each node. Messages from other 
students can reach 29 and 10 more quickly, on average, than they can reach 
other students. Out-closeness centrality is highest for students 35 and 2. 
Notice that 35 makes fi ve nominations and two of these nominations are 



Box 5–2. Robustness of Centrality Measures with Missing Data

One nagging concern in the social network fi eld has been missing data. 
Because sociometric studies use census sampling, it is desirable to inter-
view all members of the community. Each person contributes N – 1 bits 
of information to the data, the ties or non-ties to everyone else. There 
has always been a feeling that response rates of 70% or 80%, although 
high by most scientifi c standards, are inadequate for network analysis and 
might make most network measures invalid.

To assess the effect of missing data on networks measures, a study was 
conducted using social network data from eight studies and 58 different 
networks (Costenbader & Valente, 2003). Centrality measures were cal-
culated on all the networks; then 20% of the people were removed from 
the network, and the centrality measures were recalculated, and then 
correlated with the original measure. The process was repeated 25 times 
at each sampled level to get an average of the correlations. The average 
correlation indicates how well centrality measures assess centrality under 
conditions of missing data, that is, if the response rates were lower.

(Continued)

Figure 5–1. Correlations between centrality measures calculated on the com-
plete network and that calculated on a sample decremented by 10% and repeated 
25 times at each sampling level. Results show that in-degree is the most robust 
when sampled; it is 60% accurate when as little as 10% of the original network 
is used. In contrast, integration, radiality, and betweenness do less well, in part 
because these measures refl ect more of the network structure. Eigenvector cen-
trality seems to do the least well when the network is sampled.
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students 2 and 23, who then link directly to the other group. Messages 
from student 35 can reach other students more quickly than messages orig-
inating from anyone else. In this case, in-closeness and out-closeness iden-
tify different nodes as the ones being most central. Substantively, this can 
be very important depending on whether one is concerned about send-
ing messages or getting messages received or on transmitting infection or 
receiving it.

Betweenness centrality identifi es node 27 as the most central. Student 27 
lies on the shortest path connecting other students more frequently than any 
other node. If all the shortest paths connecting the people in this network 
were written out, student 27 would appear most often. In this case, 27 occu-
pies a strategic position of importance by being the node that messages must 
pass through as they circulate through the network. If one wanted to disrupt 
communication fl ow, student 27 would be a critical person to inoculate with 
a specifi c message. If one wanted to disrupt the spread of infections, person 
27 would be the most logical to immunize.

Box 5–2. Continued

The exercise was repeated reducing the sample (i.e., increasing the 
missing data rate) to 70%, 60%, 50%, 40%, 30%, and 20%. Figure 
5–1 shows the average correlations at decreased sample sizes averaged 
across all the datasets. The centrality measures were surprisingly robust. 
In-degree centrality was the most robust. The actual in-degree score 
and the one calculated on the 30% sample had a correlation of 0.80. 
Closeness and integration, the two distance-based measures, do the next 
best decreasing in the correlation linearly with the decrease in sample 
size. Betweenness does less well, correlating at less than 0.60 with the 
80% sample and decreasing steadily to about 0.30 at 30%. The most dis-
appointing measure was eigenvector centrality which correlated poorly 
with the measure from the full sample at even the highest sampling rate 
and correlated erratically throughout the experiment. The conclusion 
from this exercise is that those centrality measures which tap into the 
structure of the network the greatest are the most vulnerable to missing 
data and that simple measures like degree and closeness are the most 
robust under conditions of missing data.

The empirical analysis showed that no one factor was uniformly associ-
ated with measure instability. Response rate, density, centralization, and 
dummy variables for the various studies were all tested for their effect on 
measure instability. No one factor emerged that affected centrality mea-
sure robustness. Borgatti and others (2006) conducted similar analyses 
with similar results on simulated data.
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In sum, the three most prominent centrality measures identify different 
individuals as being most central, and two of these measures, degree and 
closeness, are asymmetric, yielding different nodes as being most central 
depending on the direction of the links. Further, closeness and betweenness 
have several different ways they can be calculated.

Which students are the most central? There are fi ve: 21 and 7 (in-de-
gree); 29 (in-closeness); 35 (out-closeness); and 27 (betweenness). Each one 
serves different functions in the overall structure of the network and each 
potentially can be used in different ways to mobilize action or accelerate 
change in the network. The different centrality measures might capture the 
different kinds of leaders one would expect to adopt an innovation or be 
used to promote it during different stages of diffusion. For example, since 
people high on betweenness act as bridges, perhaps they could be recruited 
to carry the innovation from the innovative stage to early adopters. Or 
these bridges should be inoculated so that diseases do not get transmitted 
from one group to another. People high on in-degree centrality can then be 
recruited during the early adoption stage to be champions since they are 
role models for many people. High in-degree people act as champions that 
move the innovation from the early adoption stage to the early majority 
stage. They can be proponents that can establish a critical mass in favor 
of the new behavior. As diffusion progresses, people high in closeness 
centrality can be recruited to ensure diffusion spreads to the maximum 
number of people. Although it is unlikely such data would be available to 
implement such a project, in an ideal world this is how diffusion might be 
managed.

One limitation to carrying out such a project is the intensity of the moni-
toring and data collection necessary to complete it. A second is that the three 
centrality measures (degree, closeness, and betweenness) are highly corre-
lated (Valente et al., 2008), and so a person high on betweenness is often 
high on closeness or degree. Still if one wanted to maximize diffusion, such 
a project, or a variation on it, should be considered. (A variation might be 
using high in-degree champions but continuously reassessing the identifi ca-
tion of leaders using the different centrality measures.)

Correlation among Centrality Measures

Although the three centrality measures discussed so far are correlated, the 
correlation is far from 1. To measure their correlation, the centrality mea-
sures degree, closeness and betweenness were calculated on 58 networks 
collected in eight studies (Costenbader & Valente, 2003). The correlations 
among these centrality measures within each network was then calculated 
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and averaged across the 58 networks (Valente et al., 2008). The average cor-
relations are presented in Table 5–1 and are generally pretty high, ranging 
from 0.18 to 0.92. The correlation between in- and out-degree was mod-
est, 0.30, for example. Betweenness centrality was strongly correlated with 
degree and eigenvector (0.64) but not with closeness centrality. Closeness 
centrality was also associated with degree and with eigenvector centrality. 
The overall average correlation among all centrality measures was 0.54, 
indicating that these different centrality measures seem to represent a fairly 
consistent concept, centrality, but with some distinctiveness to the individual 
measures. Overall, degree had the highest average correlation (0.70) with the 
other measures (Valente et al., 2008).

Reciprocity was strongly associated with centrality measure correlations. 
If there were many reciprocated relationships in the network, the centrality 
measures were highly correlated. This strong correlation could be a func-
tion of the symmetry status of the various measures—networks with higher 
levels of reciprocity will have higher correlations between asymmetric mea-
sures than those with lower levels of reciprocity. For example, the corre-
lation between in-degree and out-degree will be one when the network is 
perfectly symmetric because the in- and out-ties are identical. In addition, 
correlations between symmetrized measures were associated with the num-
ber of components and network density, while asymmetric measures were 
not. Symmetrizing matrices before making centrality calculations should 
thus be done with caution and only if justifi able substantively. In addition, 

Table 5–1. Average Correlations between Centrality Measures (N = 58)

 1 2 3 4 5 6 7 8 9 Total

1. In-degree
2. Out-degree 0.30
3. Degree 0.78 0.71
4. Betweenness 0.62 0.54 0.70
5.  Symmetric 

betweenness
0.69 0.50 0.85 0.67

6. Closeness-in 0.55 0.16 0.45 0.37 0.30
7. Closeness-out 0.18 0.81 0.56 0.39 0.38 0.01
8.  Symmetric 

closeness
0.40 0.64 0.66 0.37 0.44 0.42 0.65

9. Eigenvector 0.71 0.69 0.92 0.64 0.72 0.44 0.55 0.63

Average 
 correlation

0.59 0.58 0.70 0.54 0.57 0.34 0.44 0.54 0.67 0.54

Standard 
  deviation of 
correlations

0.21 0.21 0.15 0.14 0.18 0.18 0.26 0.13 0.15 0.14
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un- symmetrized centrality measures might be more distinct in densely 
 connected networks with more components. The fi ndings demonstrated 
that symmetrizing network data creates disparities between symmetric and 
asymmetric centrality measures (Valente et al., 2008).

Other Centrality Measures

Degree, closeness, and betweenness constitute the three main centrality 
measures, but at least seven other centrality measures have been developed, 
including eigenvector centrality (Bonacich, 1972; Seary & Richards, 2003), 
entropy (Tutzauer, 2007), information (Stephenson & Zellen, 1989), fl ow 
(Freeman et al., 1991), power (Bonacich, 1987), and complement (Cornwell, 
2005). All of these centrality measures can be calculated in UCINET 
(Borgatti et al., 2004) and many other software programs (Huisman & van 
Duijn, 2005). Before using these measures, researchers should understand 
the advantages and properties of each measure. Eigenvector centrality is use-
ful because it measures the centrality of a node based in part on the central-
ity of its neighboring nodes. Eigenvector centrality, however, uses symmetric 
data and is not robust to missing data. Power is very useful as a measure 
because it allows the researcher to vary the extent to which the centrality of 
one’s neighbors is included in the calculation.

Link or Edge Centrality

Of interest in some applications is treating the links as nodes and the nodes 
as links. Link centrality analysis enables the researcher to determine which 
connections are most central in the network. Every link will have a degree 
of two (two nodes), but one can calculate closeness, betweenness, and other 
centrality measures based on the network of links. This might be useful if, 
for example, a researcher wants to identify which relationships are the most 
central. For example, a network of sexual contacts may be converted to links 
and the most central relationships might be the ones most effectively elimi-
nated to stem the fl ow of STDs.

In the network of Figure 1–1, betweenness centrality was calculated on 
the links. (Degree centrality is not important as all links have degree one or 
two.) The link (edge) with highest betweenness centrality score was the link 
connecting students 27 and 29. Visual inspection confi rms this is indeed an 
important link as it connects the girls on the left with the boys on the right. 
Removing this link would disrupt the fl ow of communication (or disease 
transmission) more so than the removal of any other link.
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Centrality versus Centralization

Centrality measures can also be used to describe the extent to which a net-
work is centralized. Centralization is the extent to which network links are 
focused on one or a few nodes in the network. A centralized network, some-
times referred to as a hierarchical one, concentrates links on one or a few 
people, while a decentralized network has links evenly distributed among 
the nodes.

A centralized network has most of its links connected to one or a few 
nodes. A star network (Figure 5–2) is a perfectly centralized network, 
whereas a wheel is decentralized. In the star, one node controls all of the 
activity, whereas in the wheel, every node is equally in control and has equal 
access to all others. Centralized networks are characterized by large var-
iance in the individual centrality scores (some large and many small val-
ues), whereas decentralized ones have little variance in centrality measures 
(everyone has the same or similar scores). The star has one node with four 
links and four nodes with one link. In contrast, the wheel network has an 
equal number of links, two, for all fi ve nodes.

One way to measure centralization is to calculate the standard deviation of 
the centrality scores (Wasserman & Faust, 1994). A centralized network will 
have a high standard deviation of centrality scores because some individuals 
have high centrality while many others have low centrality. A decentral-
ized network, in contrast, has a low standard deviation of centrality scores 
because everyone has very similar scores. A network of fi ve nodes in which 
everyone is connected to everyone else is perfectly decentralized and every-
one has the same centrality degree score. In contrast, a network of fi ve peo-
ple in which four of them are all connected to one and the same person is 
perfectly centralized on that person and the standard deviation of the degree 
distribution is high.

A normalized centralization score is possible to calculate by taking the 
difference between the maximum score in the network and all other scores 

Figure 5–2. A perfectly centralized network on the left (a star) and a decentralized 
one on the right (a chain).
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(see Chapter 8). This sum is then divided by the maximum value possi-
ble for a network. This centralization calculation logic is similar to using 
a standard deviation, which is a sum of differences, but instead divides 
by the maximum difference possible so the values range from zero to 1, 
with a perfectly centralized network having a centralization score of 1. The 
important concept to retain here is that centrality refers to the node or 
person-level measure and centralization to the network-level one. In other 
words, a person can have high centrality within a centralized or decentral-
ized network.

Centrality and Behavior

Early studies showed that centrality was linked to task performance. 
Experimental studies showed that centralized groups completed tasks more 
effi ciently than decentralized groups, although the centralized ones reported 
less satisfaction with the task (Shaw, 1971). Organizational behaviorists 
debate the merits of decentralized versus centralized decision-making with 
some industries favoring centralization while others favor decentralization. 
Trade fl ows and traffi c research have an inherent interest in centrality as 
trade centers usually occupy central positions. At the same time, central-
ized traffi c systems are subject to congestion and bottlenecks. Pitts (1979) 
showed that the city of Moscow emerged as an important and large city in 
part because of its position in the river trade network.

City planners need to calculate centrality on traffi c grids to decide where 
to locate fi re stations, police stations, and hospitals, as these should be in the 
center of their catchment areas. Central members can be drivers of diffusion, 
and those at the center of disease risk networks are at greater risk for the 
disease than those on the periphery. Ellen and others (2005) showed that ado-
lescents in high STD prevalence communities who had larger social networks 
were more likely to contract an STD than those with smaller social networks. 
Rogers’ (1962, 2003) studies of the diffusion of innovations concluded that 
opinion leaders, who are often at the center of networks, were more likely to 
be earlier adopters of innovations than were non–opinion leaders.

Rogers and Kincaid (1981) studied the adoption of contraceptive practices 
in 25 Korean villages from data collected in 1973. They found that there was 
usually a certain contraceptive method—IUD, condom, or withdrawal—that 
would become widespread in a village and this method would be the one 
also chosen by the women who received the most nominations as a family 
planning discussion partner. Again, in-degree centrality was associated with 
behavioral adoption, and in this case evidence that perhaps the behavior of 
the opinion leaders was imitated by many others.
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Alexander and others (2001) found that popular students, measured as 
those who received many friendship nominations, were more likely to smoke 
than their less popular peers. Alexander and others (2001) also found that 
popular students were more likely to smoke in schools where the smoking 
prevalence in the school was high and less likely to smoke where the smok-
ing prevalence in the schools was low. This cross-sectional study could only 
show a correlation between popularity and smoking but suggests that pop-
ular students embrace behaviors consistent with cultural norms and in turn 
may contribute to normative persistence.

Valente and others (2005) showed that adolescents popular in the sixth 
grade were more likely to become smokers in the seventh grade. Popular 
students were also more likely to become more susceptible to smoking (as 
measured by their refusal to state they would not smoke in the future) than 
their less popular peers. These effects held for change in smoking status as 
well as when restricted to nonsmokers in the sixth grade (smoking initiation). 
These analyses controlled for the many other factors associated with smok-
ing including parental and sibling smoking, socioeconomic status, ethnicity, 
academic performance, age, and sex.

Why do popular students start smoking before their less popular peers? In 
part this perhaps is a function of the popular students’ frame of reference. 
They anticipate that smoking will become widespread in their schools and 
so want to be earlier adopters of this behavior so they seem “hip” or “cool.” 
They also want to retain their positions of popularity and so need to be 
trendsetters, and smoking will enable them to be seen as the trendsetters. In 
schools in which smoking will be seen as deviant behavior, popular students 
will not be more prone to smoke. It may also be that they possess some other 
characteristics that make them both popular and become smokers.

In-degree centrality is the most frequently used network measure of 
opinion leadership and has been used for decades. As early as the 1950s, 
researchers counted the number of choices each person received and used 
this count to indicate opinion leadership. Rogers and Cartano (1962) con-
ducted an early study comparing the in-degree measure of opinion leader-
ship with other measures such as self-assessment via survey. They found that 
the measures were somewhat correlated (r = 0.35) but not as strong as one 
might expect them to be. In more recent research, we conducted a survey of 
physicians using a validated leadership scale and found it correlated with in-
degree centrality at 0.43 (Van den Bulte, et al., 2008).

The smoking studies showed that opinion leaders, defi ned as popular stu-
dents, started smoking earlier than their less popular peers. These studies, 
and many others, describe a general model in which opinion leaders evaluate 
the relative compatibility and appeal of new behaviors as they are introduced 
into a community. If that new behavior seems to be one that will be embraced 
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by the community, the opinion leader will adopt earlier than most everyone 
else in the community. In other words, if the behavior is culturally compat-
ible, opinion leaders will adopt it early. Subsequently, many others will see 
the behavior of these opinion leaders, which will reinforce the acceptability 
of the new behavior, and its adoption by others will be accelerated.

Central people are in an advantaged position for access to information 
about what is happening in the community. They can scan the environment 
more effectively than others because of the many contacts they have and this 
scanning enables them to judge whether the new behavior will be acceptable 
to the community at large. Once central people sense or believe there will be 
widespread acceptance of the new behavior, they are likely to adopt it.

In turn, because of their central position, many others watch the central 
people to see how they will react to the new idea. The centrals are “on stage” 
more often than their peers and their behavior is monitored by more other 
people than nonleaders. As others monitor and emulate the behaviors of cen-
tral people, their status as leaders becomes enhanced. Often then, widespread 
diffusion hangs in the balance while opinion leaders judge the acceptability 
of the new idea. Their endorsement means more than just another adoption, 
it signals community acceptance. This suggests that degree centrality would 
be an indicator more highly associated with accelerating diffusion than other 
centrality measures.

Not all opinion leaders are equal. Some leaders are local leaders while 
others are regional and still others national leaders. There are some leaders 
who command attention within their local community but not much beyond 
that. Still other leaders have regional infl uence so that they are well known 
and emulated by colleagues locally and regionally. National leaders have the 
most prominence. These leaders are recognized trendsetters and gatekeepers 
on a national level. National leaders may not be seen as local leaders within 
the community precisely because their contacts are outside the community. 
Since many people’s adoption decisions are driven by their close personal 
networks, they may recognize national leaders as leaders, but perhaps will 
not emulate their behavior.

Behavioral diffusion is driven in large part by the behavior of local lead-
ers. National leaders are usually perceived to be too different than those in 
the community and often do not provide the best role models as diffusion 
agents. National leaders function much like the mass media—their behavior 
may spread awareness about a new idea and legitimize it, but they often do 
not have direct infl uence on many others. The people they do infl uence are 
more likely to be regional and local leaders rather than nonleaders.

There is an element of network trust implied in these conjectures. People 
are infl uenced by those they trust. It is diffi cult to develop a trust relationship 
with a national leader whose sphere of infl uence is quite large. Local leaders 
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can develop trust within the community and so their opinions are often more 
valued, and behaviors more often emulated than those of national leaders. 
Trust is often a prerequisite condition for interpersonal infl uence to occur.

Characteristics of Opinion Leaders

Leaders are just like followers, only more so. Leaders are often of slightly 
higher status than their followers but not much higher. National leaders are 
often perceived to be different than everyone else, but local leaders often 
have just a bit higher status than the people they lead in their community. 
Typically, leaders have slightly more education, have slightly higher incomes, 
and/or are somewhat better read on the topic. This happens because most 
people like to look up to others who are like themselves, only a little better 
in some way. It is diffi cult for people to relate to others who are very differ-
ent from themselves. On the other hand, people can relate to others who are 
just one rung above them on the socioeconomic or status ladder.

Research also shows that leaders are more empathetic and good listeners; 
they learn from other people. Leaders are good communicators, enjoying 
interpersonal interaction. They are “people” people. Leaders also attend to 
media more, which provides them with the information they need to lead 
and to stay abreast of what is happening. The importance of opinion leaders 
for behavior change has led to the creation of opinion leader interventions 
designed to accelerate behavior change (see Chapter 11).

It should also be noted that leadership is sometimes distinguished between 
formal and informal leadership. Formal leaders are identifi ed by their occu-
pation (elected offi cials, company presidents, media personalities), whereas 
informal leaders are often harder to identify. At least 10 different techniques 
have been used to identify leaders (Valente & Pumpuang, 2007), and these 
different approaches often yield different types of people who may be dif-
ferentially suited to different tasks.

Leader characteristics and abilities may also depend in part on the overall 
network structure within which the opinion leaders function. Being a central 
node in a centralized network has different implications than being a central 
node in a decentralized network. A central node in a centralized network 
can exercise considerable more power and infl uence than a central node in 
a decentralized network. Moreover, centralization may also infl uence how 
noncentral nodes relate to central nodes because noncentral members may 
feel vulnerable or dependent on the central members’ attitudes. In essence, 
noncentral members may feel more empowered in decentralized networks 
than in centralized ones.
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Summary

This chapter introduced the concept of centrality in social networks. The 
chapter provided the equations for the three most frequently used centrality 
measures—degree, closeness, and betweenness (Freeman, 1979). The extent 
correlation among centrality measures was presented as well as factors that 
infl uence correlations among measures. Overall, the correlation is quite high, 
0.54, but far from unity and varies considerably between measures. There 
are also network properties such as reciprocity that affect the correlation 
among centrality measures. The greater the tendency toward reciprocity in 
the network, the higher is the correlation among measures. Thus, researchers 
should use caution when symmetrizing networks.

The chapter reviewed how each of these centrality measures might func-
tion in the diffusion of innovations and behavior change and discussed 
the roles of opinion leaders in the behavior change process. The distinc-
tion between centrality and centralization was emphasized. The interplay 
between centrality and centralization was discussed. Centrality measurement 
has been a key development in the network fi eld. The central importance of 
central nodes and people in networks means that it is likely to continue this 
prominent role.
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This chapter describes how network analysts defi ne and measure groups. 
Components are the building blocks of group defi nitions and consist of all 
the nodes connected to each other through any number of steps in network. 
Nodes that cannot reach each other are in different components. More com-
plex group defi nitions are then provided, namely, k-plexes and n-cliques, 
which permit variation in the degree of connectivity among group members 
needed to be a group member. The trouble with many group defi nitions, how-
ever, is that individuals can be members of many groups. While this refl ects 
empirical reality, it can complicate statistical analysis. The Girvan-Newman 
(2002) algorithm is introduced, which provides mutually exclusive groups 
and a measure of how well the group defi nitions characterize the data. The 
chapter closes with a discussion of how groups infl uence behavior.

Most people enjoy being in groups. Groups help people defi ne their iden-
tity and provide a sense of belonging. Belonging to a group signals to others 
our identity and how we relate to the rest of the world. Groups also provide 
protection. By belonging to a group a person does not have to defend his or 
her ideas, but rather can adopt those of the group and feel secure that others 
feel the same way he or she does.

Groups also provide the context for socializing, talking, and being with 
others. Humans are social animals; people like to talk and spend time with 
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others and groups can provide an organized, and sometimes not so orga-
nized, way to be with other people. But not just any other people: rather, 
people who have similar ideas, attitudes, opinions, and behaviors. In sum, 
people often join groups to be with others who are a lot like themselves or at 
least share some particular trait.

Scholars have conducted a lot of research on groups, how they form, the 
social pressure they induce, and the tendency for groups to reinforce existing 
beliefs (Moscovici, 1976). Network analysts are concerned primarily with 
providing network defi nitions for what it means to be in a group and how 
to defi ne and analyze groups from a network perspective. The starting point 
is to take data collected on who is connected to whom, then defi ne what it 
means to be in a group in the network, and then create these network groups. 
Whether the network groups match with other defi nitions of groups remains 
a somewhat open research question. For example, to what extent do net-
work-defi ned groups among high schools students correspond to commonly 
labeled groups such as “jocks,” “nerds,” “geeks,” “skaters,” etc. (these are 
often referred to as identities)?

Network analysts defi ne groups as any subset of a network. For example, 
the boys in a network of high school students (assuming it is coeducational) 
can be defi ned as a group within the network. Generally, though, a subset of 
a network is a group if it meets some network defi nition of being a group. 
The simplest such defi nition is a component.

Components and K-Cores

A component consists of the connected nodes in the network, all nonisolates. 
Everyone who can reach everyone else and be reached by everyone else is 
in the same component. One can also defi ne weak and strong components. 
A weak component ignores the direction of the tie, while a strong compo-
nent does not (Scott, 2000). In other words, strong components are nodes 
connected to one another in both directions along every step in the path con-
necting them. A component is a simple concept but can be useful if one has 
a large network that has several separate components. The components can 
be extracted and analyzed as separate networks.

It is also possible to reduce a network by reducing it to only reciprocated 
ties, and this reduction may create separate components. It is also useful 
to describe a network by the number of components. A network with one 
component is quite different than a network with many. Components then 
simply determine whether nodes are connected and defi ne groups based 
whether the nodes can reach one another through any path of connections 
in the network. Once a component analysis is completed, the researcher can 



102  MEASURES

progress to determining the groups, clusters, and cliques within the overall 
network.

There are several different defi nitions of a group in a network, one of 
which creates group defi nitions based on the number of connections the 
nodes have in the network. A component consists of all nodes that have at 
least one connection. This concept of the number of links defi ning a group 
can be generalized by creating K-cores. A K-core is a subset of the network 
in which each node within the K-core is connected to at least K other people. 
Thus, a 2K-core is the set of people connected to at least two other nodes. 
All the nodes with zero or one link are dropped from the network. Similarly, 
we can defi ne a 3K-core as all the nodes with three or more links. As K is 
increased, successive pictures of who is left in the network will look increas-
ingly dense. Once nodes are dropped from the network, the links from and 
to it are also dropped so the K criterion is calculated on the remaining nodes 
and links.

The pattern of node removal as K is increased can be used to describe 
the network structure. For example, some networks have a core-periphery 
structure, which is a network with a set of dense connections among a sub-
set of nodes and another set residing on the periphery with fewer connec-
tions (see Chapter 8). Most of the connections in the periphery are to the 
core and not to each other. Figure 6–1 shows a network of friendship links 
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Figure 6–1. A network of friendship links between students in an alternate high school 
in southern California.
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between students in an alternate high school in southern California. We ran 
the K-core routine in UCINET on this friendship network and it indicated 
that the cluster of friends in the lower middle of the graph constituted the 
K-core. Seven students, numbers 38, 15, 17, 21, 9, 3, 13, and 30, all remain 
connected to each other as K is increased from one to four.

The number of nodes dropped at each unit increase in K can be graphed 
as a histogram or bar graph at each increment of K. If the bars are all the 
same height, it indicates the same number of nodes were removed at each 
increase in K. If the bar graph is uneven or steeply increasing or decreas-
ing, it indicates structural variations in which the number of nodes removed 
from the core changes abruptly. The pattern of this bar graph can provide an 
indication of whether the network has a core-periphery structure. If the bar 
graph is uniform across all bars, this indicates no core-periphery and little 
structure in the network. Conversely, if there is a sharp decrease in the bars, 
this indicates a core-periphery structure or at least considerable structure 
in the network. If there are a few nodes remaining after K is increased to 
a high number, then this indicates a K-core. If K is increased to seven and 
four nodes are left, these four nodes would be a 7K-core, indicating these 
four nodes have at least seven connections in the network. If the number of 
nodes removed is dramatic, such that when K equals three all the nodes are 
dropped, then the network does not have a strong core-periphery structure. 
In general, the greater the percent decrease in nodes left in the core, the less 
a core-periphery structure exists. This is not a strict rule, though, because it 
may be that many nodes drop early but the core retains to high levels of K. 
Suffi ce it to say, it is instructive to look at the K-core collapse, the pattern of 
dropped nodes as k increases.

Although fi nding the core group is important, it is also important to under-
stand how groups are distributed in the network and who belongs to which 
group. For this purpose, network analysis uses the concept of a clique. Strictly 
speaking, a clique is the set of points all directly connected to one another. 
A clique is a dense pocket of interconnectivity with every person directly 
connected to everyone else. Yet this defi nition of clique can be somewhat 
restrictive as it is common to have a group of people one might think of as a 
clique, yet every member is not directly connected to every other member.

The strict clique defi nition can be relaxed to defi ne an n-clique, which is 
the path length at which members of the clique are connected. For example, 
a 2n-clique is the set of people connected to each other within two steps. 
Two people are in the same clique if they are friends of the same friend. The 
n-clique defi nition allows people to be in the same group even if they are 
not directly connected to one another. One can also increase “n” to higher 
numbers such as 3n-cliques and 4n-cliques. Typically, though, values greater 
than two are rarely used because it seems counterintuitive for people to be in 
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the same clique if they are three steps from one another. Table 6–1 reports 
the 2n-cliques for the network in Figure 6–1.

A second clique defi nition is a k-plex, which is defi ned as the set of 
points connected to all but k other nodes in the group. To fi nd k-plexes, the 
researcher sets both “k” and “n” to the size of the groups. The minimum 
size for n, the size of the groups, is set to k − 2 (because values of n close to 
k return trivial groups) For example, 2k-plexes with n = 7 will fi nd all groups 
of size seven in which each person is connected to at least fi ve others in the 
group. If k is increased to three, 3k-plexes, all groups of size seven in which 
each person is connected to at least four other members would be reported. 
So as k increases, the number of groups identifi ed in the network increases. 
In practice, one sets k and fi nds all of the groups as n increases from 
k + 2 to n – 1. For example, with k = 2 and n = 4, the 2k-plexes are all of the 
groups size four and larger in which the members are connected to at least 
two  others. Table 6–2 reports the k-plexes for our sample network.

The K-cores, n-cliques, and k-plexes provide good measures of network 
structure, and as the researcher studies a network, these group identifi cation 
methods provide insight into the pattern of affi liations such that one can 
characterize the network according to who is in which groups with whom. 
UCINET returns a group co-membership matrix in which the numbers in 
the matrix indicate how many groups each person shares with everyone else. 

Table 6–1. List of N-Cliques for the 
Network Given in Figure 6–1

Clique Members

 1: 13 15 17 21 9
 2: 13 15 17 38 9
 3: 13 15 21 3 9
 4: 15 21 3 30 9
 5: 15 16 5
 6: 12 14 24 32
 7: 1 25 26
 8: 1 40 6
 9: 22 33 5
10: 23 40 41
11: 23 40 6
12: 17 24 32
13: 17 24 9
14: 12 24 6
15: 25 26 38
16: 17 25 38
17: 25 33 5
18: 16 28 33 5
19: 16 28 8
20: 21 30 31
21: 17 32 38
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The diagonal of this matrix indicates how many groups (cliques or k-plexes) 
each person belongs to. The group co-membership matrix can be used in 
subsequent analysis, for example, to investigate whether people who share 
many groups have similar attitudes and behaviors. (This would be done, for 
example, by correlating the matrix of shared groups with the matrix of atti-
tude similarity; see Chapter 8.)

One problem with these group identifi cation methods, n-cliques and 
k-plexes, is that they return lists of groups in which many people are mem-
bers of multiple groups. This may refl ect reality and be advantageous in 
some research analysis. On the other hand, for researchers studying behav-
ior it can be diffi cult to conduct analysis comparing group membership to 
behavior because people are not classifi ed in mutually exclusive groups. One 
solution is the hierarchical clustering analysis provided as part of the group 
analysis in UCINET. The hierarchical clustering output indicates group 
assignments at various cutoff levels. There is no rule to indicate where that 
level should be set. Further, when studying multiple networks in the same 
study, one might use different thresholds for different networks, thus cre-
ating potentially biased analysis. Fortunately, researchers have developed a 
grouping technique that partitions a network into mutually exclusive groups. 
This way each person belongs to one and only one group. The method also 
provides a measure of how well the data partition into these groups.

Girvan-Newman Technique

Girvan and Newman (2002; Newman and Girvan, 2004) used a technique 
of deleting selected links from a network to identify components. If one 
link connects two components in a network, then deleting that link would 

Table 6–2. List of k-Plexes for the Network Given in Figure 6–1

Group Members

k-plex
Value of K: 2 (each member of a k-plex of size N has N-k ties to other members)
Minimum Set Size = 5
Input dataset: C:\MISC\DIFFNET\snbh\tprc_4
WARNING: Directed graph. Direction of arcs ignored.
Six k-plexes found.
1: 13 15 17 21 3 9
2: 13 15 17 21 38 9
3: 13 15 21 3 30 9
4: 13 15 3 38 9
5: 15 17 21 30 9
6: 17 24 32 38 9
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yield the two components, and the group structure of the network is nicely 
described by these two components. In this hypothetical example, the net-
work structure is clear—one deleted link created two groups in which all the 
ties are contained within each group and there are no links between groups. 
Measuring how many links are within the groups and how many between 
the groups provides an indication of how well the group defi nitions charac-
terize the network.

The problem now becomes which links to remove that are most likely to 
return separate components. Girvan and Newman (2002) suggested deleting 
those links that are most central in the network, the links with the highest 
centrality. Recall in Chapter 5 that it was mentioned briefl y that centrality 
can be calculated on the network of links. Girvan and Newman suggested 
calculating centrality on the network of links (not the nodes). Every link has 
two nodes, but the location of those nodes affects the centrality calculations 
of the links. By calculating centrality on the links, researchers can identify 
those links that are the best candidates to remove to partition the network 
into mutually exclusive groups.

Grivan-Newman (GN) subgroups are derived by calculating betweenness 
centrality on the links, deleting the link with the greatest betweenness cen-
trality, and then determining if there are any components. Each remaining 
component constitutes a group. After the link with the greatest betweenness 
centrality is located and deleted and any groups are detected, the process is 
repeated until the desired number of groups is reached. One can predeter-
mine the number of groups desired, or the analyses can run until no groups 
greater than a specifi ed size are detected. For example, if a researcher wanted 
to partition a large number of networks into six groups, then the number of 
groups can be fi xed to six. On the other hand, the researcher can set the min-
imum group size, say three, and allow the algorithm to fi nd multiple group 
structures and various group sizes.

The GN technique provides a partition of the network into mutually exclu-
sive groups and it also measures how well the group partition characterizes 
the network. The measure for how well the groups characterize the network 
is called modularity (Newman and Girvan, 2004). Modularity is calculated by 
creating a matrix in which each row and column is one of the newly created 
groups. Each element in this new reduced matrix is the number of links from 
the original network between these created groups. The diagonal elements of 
the network are the number of links within each group. To calculate how well 
the group partition fi ts the data, the percentage of within group ties to between 
group ties is calculated. Newman and Girvan (2004) provides the equation:
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where Tre is the trace of the matrix (the sum of the diagonal elements) and ||e2|| 
is the sum of all the elements in the matrix. Thus, this quantity, Q, indicates the 
percentage of ties in the network that occur within the groupings found by the 
algorithm. A Q of, say, 90% indicates almost all links are to members within 
the groups identifi ed by NG, whereas one of 10% indicates that few are. The 
NG algorithm provides a way to partition a network into mutually exclusive 
groups and an index of how well that partition refl ects the overall pattern of 
ties in the network. Thus, the researcher can choose among many competing 
partitions, selecting the one that best fi ts the data or selecting one with a less 
good fi t but that is preferable for substantive reasons. A similar index, E-I, was 
suggested by Krackhardt and Stern, which takes the difference between the 
within-group and between-group links (Krackhardt & Stern, 1988). Figure 6–2 
redraws the network in Figure 6–1 circling the groups identifi ed by the GN 
algorithm in Netdraw.  For example, 18, 20, 29 and 39 are in a group. From 
the picture the groups seem to make sense. The calculation of Q was 48.4%, 
indicating the 48.4% of the links are contained with the defi ned groups.

In some applications, the GN approach has clear advantages over n-clique 
and k-plex analysis because it provides a unique partition to the network 
and a measure, Q, that indicates how well the partition describes the net-
work. One diffi culty, of course is that networks with a high Q score will also 
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have very distinct clustering results and networks with a low Q score are 
not modular and so are not well described by network partitions or clique/
cluster analysis. The network in Figure 6–2 has a Q of 48%, which is pretty 
high, and so clique/cluster analysis and NG are somewhat descriptive of this 
network. In this example, there is considerable modularity in the network but 
there is no rule currently for what constitutes an acceptable Q value and this 
may vary by applications and research questions.

Groups and Behavior

Logic and empirical evidence indicate that people who belong to the same 
group will engage in the same behaviors. Groups have norms and members of 
the group are expected to uphold those norms. For example, if a person joins a 
chess club it is expected that he or she will play chess, enjoy chess, and value 
it as a game. Chess club members also probably value other games of mental 
acuity such as “Go” or bridge. Conversely, joining a sports team, such as foot-
ball, signals athleticism and competition, which values physical strength.

In addition to these norms, though, groups also exert social pressure, 
sometimes subtly and sometimes overtly. To be a member of a group could 
mean that some members will have to display commitment to the group’s 
values and group members may sometimes communicate to other members 
that they expect everyone to uphold these values. There is pressure to con-
form to group norms for behavior, sometimes overtly. The infl uence of group 
membership occurs both through selection and infl uence. A person selects a 
group to belong to because he or she is interested in the things that the group 
stands for. Once becoming a member, group members may pressure or per-
suade him or her to adopt the groups’ norms.

Disentangling which comes fi rst, selection or infl uence, is not always easy. 
Chance events may incline a person to join a particular group and then over 
time a person may feel pressured or compelled to adopt the group’s norms. 
Moreover, once belonging to a group, the person may not want to risk the 
loss of camaraderie, companionship, solidarity, or belonging that would come 
from nonadoption of group behaviors. Both selection into a group and the 
infl uence of that group on individual attitudes and behaviors are processes 
that result in group members having similar attitudes and behaviors.

Groups also provide opportunities for information, resources, and support. 
Belonging to a group means that information available to the group will also 
be available to the individual and generally people will communicate more 
with group members than those outside the group. This increased communica-
tion means that members will be aware of and have access to whatever com-
munication occurs within the group. It also means members may have access 
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to resources that nongroup members do not have access to. For example, many 
people join a country club so they can network with other members.

In this sense, group membership provides one form of social capital. 
People usually trust others who are members of their group. Social capital 
is the resources available from one’s social networks. Members of the same 
group tend to trust one another more than nonmembers, and because they 
are connected, there is more opportunity for a person to access the resources 
from others within the group. Thus, groups can increase connectivity among 
members and increase social capital.

Groups provide pressure for behavior change in another way. Interdependent 
innovations such as fax machines, email, text messaging, Facebook, and so 
on are innovations in which both parties have to adopt them for them to 
be used. Most (perhaps all) communication technologies are interdependent 
since their value is in the ability to provide communication and connection 
to others. If most members of a group adopt an interdependent behavior, then 
the nonadopters feel pressure to adopt. For example, if a person’s friends 
begin to text message each other, he or she may feel pressure to begin text 
messaging to stay connected to the group.

The graph in Figure 6–2 also indicates whether each student reported 
being a current smoker. The symbols for the nodes correspond to the fol-
lowing: circle, no data; square, nonsmoker; triangle, smoker. Inspection of 
Figure 6–2 shows some clustering. Specifi cally, in the largest group, only 
two of the seven students for whom we have data reported being a smoker, 
whereas fi ve of the seven students in the second largest group reported being 
a smoker. The other four groups report rates in between. We collapsed the 
grouping into three mutually exclusive groups, retaining the largest two and 
combining the other four, and compared the mean rates of smoking statis-
tically. The smoking rates differed statistically signifi cantly between groups 
(mean = 14.3% [SD = 37.8%], 71.1% [SD = 48.8%], and 57.1% [SD = 53.4%], 
respectively; F = 2.79; p = .09).

There is some evidence that belonging to a group is associated with behav-
ior. At the most basic level, isolates have often been the last to adopt new 
ideas and practices across numerous behaviors (Valente, 1995). Isolates have 
few or no interpersonal sources of information or infl uence. Isolates often 
lack emotional and social supports necessary to adapt to changing circum-
stances. Joining groups provides a means to avoid being isolated.

Group Membership and Disease

Although belonging to a group can be advantageous in terms of access to 
information and resources, for disease spread, belonging to a group can 
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increase risk. For example, belonging to a group of people who engage in 
risky sexual behavior may put one at increased risk of contracting a sexu-
ally transmitted disease. In general, group membership can protect one from 
disease as long as the incidence and prevalence of that disease in the group 
are low. Once prevalence reaches a critical threshold, however, being in the 
group puts one at increased risk since the disease will circulate rapidly in 
the closed group.

As long as the group is completely self-contained and has no outside con-
tact, the group will remain immune and risk free. For example, communities 
that live in remote regions or on islands that are infrequently visited report 
being cold and fl u free for some time. Eventually, however, a ship or airplane 
arrives bringing supplies, friends, families, and, of course, colds, the fl u, and 
other illnesses (Gilmore, 1998). Group membership, therefore, can confer 
benefi ts, access to information, access to resources, and protection from dis-
ease if within-group prevalence is low. Conversely, group membership can 
be a liability if that group lacks resources or if disease prevalence is high.

Groups, Density, and Bridges

There is a tradeoff between the desire to form groups that are exclusive and 
consist of dense communications and commitments among its members ver-
sus having a group that maintains substantial ties outside the community. 
Earlier research has shown that community density was associated with 
more rapid diffusion of innovations (Valente, 1995). Dense networks provide 
more pathways than sparse ones, along which communication about new 
ideas and behaviors can fl ow. Sparse networks may not provide suffi cient 
pathways for information to be circulated or for resources to be accessed, 
thus not conferring the benefi ts of the group. Density may also facilitate 
diffusion because dense networks may refl ect a cohesive normative environ-
ment. A network with many links is more likely to have members who share 
common values or beliefs. Thus, a dense network may refl ect a homogeneous 
community, and this homogeneity will facilitate information exchange and 
decision making.

Conversely, dense networks may not be effi cient for several reasons. First, 
higher density may refl ect more formal associations and these formal ties 
may not be as persuasive or trust-enhancing as informal ties (Krackhardt, 
1992). Second, although there is a minimum density level needed for an orga-
nization or community to adopt innovations, once this level is reached, too 
much density may be a liability because it can limit connections to external 
information and resources. The lack of external ties then becomes a liability. 
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Organizational studies have shown that too much density can hurt perfor-
mance (Oh et al., 2004; Uzzi, 1998). Finally, researchers have documented 
the tendency for groups to reinforce the opinions of members so that people 
fail to consider the perspectives of nonmembers. The relationship between 
density and performance, adoption behavior, or other outcomes is likely to 
be curvilinear as in Figure 6–3.

Figure 6–3 proposes that some basic level of density is necessary for 
 organization, coalitions, and groups to function. The relationship between 
density and performance is likely to be nonlinear, the greater the density, 
the better the performance, or the more rapid the adoption of innovations. 
At some critical point, however, this relationship levels off and too much 
density begins to detract from performance. Exactly at which level density 
transitions from being an asset to a liability depends on the kind of perfor-
mance or diffusion being studied and may depend on characteristics of the 
group members.

Support for this hypothesis was provided in a study of the effective-
ness of satellite TV training of community coalitions to prevent substance 
use. Twenty-four community coalitions were randomly assigned to three 
 conditions: control, satellite TV training, and satellite TV plus techni-
cal assistance. The coalitions were expected to adopt evidence-based pro-
grams for the prevention of substance use in their communities. Adoption 
was expected to be greater in dense coalitions and lesser in sparse ones. 
Surprisingly, however, coalitions that increased their density reported lower 
levels of program adoption (Valente et al., 2007). Figure 6–4 illustrates the 
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main fi nding showing that an increase in density was associated with lower 
uptake of practices between year 1 and year 2.

The critical observation here is that too much density may restrict the 
formation of bridges between groups or from a group to outside informa-
tion and resources. Most groups (organizations, coalitions, associations, etc.) 
need to balance the desire to create cohesion against the need to access new 
information and resources. Simply increasing the size of a coalition or host-
ing meetings designed to get everyone on the same page may not be the most 
effective means to create more effective organizations.

In follow-up analysis, we also showed that adoption of effective programs 
was also infl uenced by the centralization of the advice networks, after con-
trolling for density (Fujimoto et al., in press). Decrease in centralization for 
the advice network and increased centralization in the discussion networks 
were associated with adoption. Networks based on friendships showed no 
consistent relationships to adoption. These analysis provide insight into the 
potential for optimizing networks for organizational and system performance. 
We return to this issue in Chapters 8 and 11 when discussing network-level 
indicators (Chapter 8) and network interventions (Chapter 11).
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Summary

This chapter reviewed procedures and approaches to understanding how to 
defi ne a group in network analysis. There are many different defi nitions of 
a group, but most agree that a group is a set of at least three people who are 
more closely connected to each other than to other people in the larger net-
work. The defi nition of a clique was defi ned as a group in which each mem-
ber is no more than n steps from every other member, a so-called n-clique. 
N can be varied to calculate different types of groups. k-plexes were defi ned 
as groups based on the number of other people in the group each person is 
connected to.

One challenge noted in this chapter is that many group defi nitions do not 
necessarily provide a mutually exclusive partition of the network into sepa-
rate groups. That is, n-clique and k-plex analysis return a listing of many 
overlapping groups. This group analysis refl ects the data and real world 
experience that many groups are not mutually exclusive, yet it can hamper 
statistical analysis of the relationship between group membership and behav-
ior. The GN algorithm provides a means to identify groups in a network 
that are mutually exclusive and simultaneously provides an index of how 
well the network conforms to a mutually exclusive grouping pattern. We 
closed the chapter with a discussion of how groups may affect the diffusion 
of behaviors.
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This chapter introduces positional analysis, which is conducted by  defi ning 
positions in a network and reducing a network to these positions and  mapping 
the relations between positions. The chapter also covers individual measures 
of positions in which nodes are defi ned as occupying the same position based 
on their connections to others or the similarity in their distances to others 
in the network. These individual equivalence positions can be used to group 
people into positions and to model the ways in which networks infl uence 
behavior.

Groups are aggregates of nodes/people who communicate or are connected 
to one another at a higher rate than others in the network. A network posi-
tion, in contrast, is a set of nodes that occupy the same place or have similar 
relations with others in the network. Positions are composed of people who 
seem to be in the same space in the network, regardless of whether they are 
directly connected to one another, though they might be. Generally, a posi-
tion is a set of nodes that has the same links to the same others or the same 
types of others.

The theoretical basis for defi ning positions comes from the sociologi-
cal insight that people who occupy the same roles often act similarly. For 
example, fathers are alike even though they are fathers to different children. 
Network-defi ned positions constitute roles in the network and, consequently, 

7

Positions
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people in the same position may behave similarly. Positional network  analysis 
consists of (1) using mathematical algorithms to defi ne distinct positions 
in the network, (2) studying how those positions relate to one another, and 
(3) determining how membership in a position might infl uence behavior.

Hummon and Carley (1993) studied publications in the Social Networks 
journal and concluded that the study of positions was the central theme in 
research on social networks up to the early 1990s. Position analysis has been 
popular in social network analysis because it uncovers macro-level struc-
ture of the network from micro-level analysis of network relations. Structural 
analysis is, to some extent, identifying positions in the network and then 
discovering how those positions relate to one another. Finding groups and 
measuring centrality and other network analysis activities are often consid-
ered less-structural analysis because they do not explicitly examine the inter-
action between micro- and macro-level network properties.

Position analysis is conducted at both the individual and network level. 
Individual position analysis is conducted by creating a measure of how 
equivalent two people are and then assigning a score for each pair of indi-
viduals based on that equivalence. Network-level position analysis is con-
ducted by using mathematical algorithms to fi nd positions in the network 
and then studying the relationships between these positions. Network-level 
position analysis consists of a set of positions and their interrelationships, 
whereas individual position analysis consists of a matrix of positional equiv-
alence scores.

Network-Level Positions

Lorain and White (1971) wrote an infl uential paper in which they proposed 
that the relations between people in a network can be reduced to a set of posi-
tions and the relations between these positions also treated as a network (a 
meta-level network). In some research, the network representing the relations 
between positions is referred to as the reduced-form network. Lorain and 
White (1971) proposed that the network could be reduced to a set of blocks 
and the relations between blocks studied. This was called blockmodeling. 
Network researchers have developed different methods to identify the blocks 
(positions) and determine relations between positions (Doreian et al., 2005). 
The matrix or network that reports how the positions interact is referred to 
as the image matrix, the reduced-form network or matrix.

As in group defi nitions (Chapter 6), a strict criterion can be set for people 
to be members of a position and then the criterion gradually relaxed. As 
the defi nition is relaxed, it is possible to examine the pattern of positions 
created. The pattern of how members join positions can reveal facets of 
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network structure and, of course, many different algorithms can be proposed 
for defi ning positions. In short, positional analysis and blockmodeling can 
get quite complex.

To illustrate how positions are defi ned, we use UCINET 6.0 (Borgatti et al., 
2006) and the network shown in Figure 7–1, which shows who knew whom at 
the start of a course on network analysis. This course had 24 people initially, 
3 of whom were faculty members, 1 who was the primary instructor, and 2 
who sat in on many of the lectures to learn about social network analysis.

The class members were spread across three departments: A, B, and 
C. There were three faculty members in the course with one being the 
Professor, number 23. Casual inspection of the network shows some obvious 
structural patterns: (1) there were three isolates who were people registered 
for the wrong class and never attended; (2) there were three students from 
Department C who enrolled in the course and knew one another but no one 
in other departments; and (3) there might be some clustering based on other 
department affi liations but that is not clear from the graph.

A positional algorithm was applied to the data to determine if the different 
departments or statuses (faculty versus student) constituted distinct positions. 
The algorithm used was an optimization algorithm, which attempts to fi nd 
the positions so that the blocks (the set of links within and between posi-
tions) have the least number of changes required to make the blocks all zeros 
or ones. A network divided into positions such that the blocks are all zeros or 
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Figure 7–1. Network of class participants who knew one another at the start of the 
course. Shapes represent departments: square = A, circle = B, and triangle = C; number 
23 is the Professor.
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all ones is a perfectly partitioned network. This would indicate that all of the 
ties are within positions and there are no ties between positions. Notice the 
similarity between the positional approach and the Girvan-Newman method 
described in Chapter 6. The difference here is that the researcher specifi es 
beforehand (a priori) which nodes belong to which positions.

Figure 7–2 reports the results of a blockmodel analysis of the network 
in Figure 7–1 using UCINET VI (Borgatti et al., 2006). Six positions were 
specifi ed to test whether the four departments and two statuses (student and 
faculty) would yield different positions. Deciding on how many positions 
expected from a positional analysis should be driven by theory so that posi-
tional analysis confi rms hypotheses rather than being treated as an explor-
atory approach in which one specifi es various numbers in hopes of fi nding 
an interesting partition.

The results were interesting in that they partially confi rmed intuition: 
department membership accounted for much of the variation in the network 
ties. Number 23 (B_F3), the instructor, was assigned a position by himself, 
which is not surprising because most of the students knew the instructor 
before the class. Positions 1 and 5 consisted of all Department B students 
(except number 2, A_F1), position 4 consisted of Department C students, and 
position 6 consisted of Department A students, one faculty member, and the 
“other” faculty member. Position 3 was mixed half Department A and half 
Department B.

UCINET also reports the number of “errors,” which is the number of 
links that would need to be added or deleted to have a perfect blockmodel-
ing structure. A perfect blockmodeling structure occurs when each block is 
composed of all ones (links) or all zeros (no links). For example, position 
one has 10 links to other people in position one. Since this value is below 
50% of the total possible [28 = (8*7)/2)], it is more effi cient to delete links 
(rather than add 18) to achieve a zero or one block. There are no errors 
between position 1 and position 2 because everyone in position 1 knew the 
person who occupies position 2. For links between position 1 and 3 through 
6, “errors” consist of deleting links in those blocks as well, for a total of 22 
errors. The errors in position 2 consist of one link within position 1, one with 
position 5, and one with position 6. Positions 2 through 6 had errors of 3, 11, 
0, 8, and 9 for a total of 53 errors.

UCINET provides a display of the blockmodel network, the set of ties 
in the original matrix but with the people (nodes) sorted according to their 
position. One can easily see if there are links within and between posi-
tions; blocks with lots of zeros represent no connection between positions, 
whereas blocks with lots of ones indicate connections between positions. 
To determine how much connection is a lot of connection, a general rule 
is to compare densities within and between blocks with the density of the 



Figure 7–2. Blockmodel results for the network class data.
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whole network. If block densities are larger than the overall network density, 
there is a connection or link between these blocks. In this case, the overall 
 network density is 12.7%. This value (12.7%) can be compared to the den-
sities of the subnetworks indicated by links between positions (the block of 
links indicating connections between positions). If the density between two 
blocks (positions) exceeds 12.7% (the overall average), then the blocks are 
connected. When densities are below the average, the blocks/positions are 
not connected.

It is worth reiterating the approach here. The overall network is partitioned 
into a set of positions. The links in the network are then reconfi gured to show 
the links within a position and between positions. These are the “blocks.” If 
the proportion of links (the density) connecting any two positions (within a 
block) is greater than that which occurs on average in the network (the over-
all density), then a link between positions can be inferred. The network has 
been reduced to a set of positions, and it has been determined at the macro-
level how these positions relate to one another. This network of 27 people 
has been reduced to a network of six positions. The resulting reduced-form 
network is referred to as the image matrix. So the image network or matrix 
is the set of links between positions—in this case, a six-by-six matrix.

In this class example, position 1 is connected to positions 1, 2, and 6, 
because the densities (0.18, 1.00, and 0.22) all equal or exceed the over-
all density of 0.127. Similarly, position 2 is connected to positions 5 and 6, 
and so on. Note the image matrix does not have to be symmetric: relations 
from one position can be directed to another without those relations being 
reciprocated. For example, position 1 is connected to position 2, but 2 is not 
connected to 1.

A substantive aspect of blockmodeling and positional analysis is to label 
the positions and interpret the relations between positions. So rather than just 
say positions 1, 2, 3, and so on, the research can examine the attributes of the 
people in positions to determine if they can be logically grouped. For exam-
ple, in an organizational study, the members of positions may conform mostly 
to organizational roles or task responsibilities (management versus sales, for 
example). Often, if a position is linked asymmetrically to another, research-
ers interpret this relationship as one of power or control. In this example, the 
positions are clearly indicated by department affi liations: Departments A, B, 
and C and the Professor. The positions conform almost exactly to the depart-
ments with the one exception being the mixed department.

Figure 7–3 graphs the image matrix providing a visual display of the 
positional relations. It reveals the structure of the network showing that 
Department C is isolated. It also shows the Mixed position reports knowing 
people in Department B, but those ties are not reciprocated. The Department 
A position has reciprocated ties with the Professor but not with the two 
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Department B positions. A naïve interpretation would lend one to believe the 
Professor is in the most comfortable position having two symmetric ties with 
Departments A and B and one incoming tie from Department B. Department 
B at the top, however, has a symmetric relation with the Professor and two 
incoming links from the Mixed and Department A positions. It is important 
to note that this type of position analysis can be conducted using attributes 
as the positional indicators. For example, the researcher could repeat this 
analysis by assigning four positions based on the department affi liations 
rather than letting the computer generate the positions.

It is perhaps instructive to compare this positional analysis to a group 
analysis (Chapter 6) of the same network. We ran the Newman-Girvan algo-
rithm on these data and selected the best-fi tting model. Some key differ-
ences emerged, including that the Professor was grouped with a new Mixed 
department group, which included students from Departments A and B and 
one other faculty member, and the other two faculty were grouped together. 
Thus, the resulting structure, using the Newman-Girvan group algorithm, 
was quite different from the positional analysis.

A network with several positions and an image network consisting of 
directional links pointing to one of those positions is an example of a hierar-
chical network. In this case, the network analysis has uncovered a situation 
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Figure 7–3. Graph of the image matrix providing a visual display of the positional 
relations. It reveals the structure of the network showing the Department C position is 
isolated while Department B at the top and the Professor occupy positions of power. 
Department B at the bottom reports ties to Department A and the Professor, but those 
links are not reciprocated at the positional (macro) level.
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in which one position holds a high status position and possibly members 
of this position enjoy a position of power. Although such a network is also 
likely to be centralized (see Chapter 5), the positional analysis and resulting 
image diagram provide a different, and possibly more informative, analysis 
of the overall network structure.

CONCOR

One of the most common structural equivalence position generators is 
CONCOR, which is an abbreviation of “converging correlations.” CONCOR 
uses correlation analysis to fi nd positions in a network and uses a square 
binary network as input. The fi rst step is to compute correlations between 
the rows in the matrix. This produces a matrix of correlations with each cell 
indicating the degree of correlation between cases (the degree of similarity 
between two nodes). The rows in the correlation matrix are then correlated. 
This process is repeated successive times. Ultimately, the repeated correla-
tions produce a matrix of all positive and negative ones, indicating cases per-
fectly similar and dissimilar. The network is then partitioned into two sets 
based on the positive and negative ones (the perfect correlations). CONCOR 
has thus produced a partition of the network into two positions. The process 
is repeated to divide the initial two groups into four groups (two for each ini-
tial position) and so on until each position has as few as two members. The 
researcher decides at which point to stop the CONCOR process and accept 
the positions identifi ed.

CONCOR analysis is appealing because it provides an unbiased, math-
ematical partition of the network into positions, requiring little substantive 
or theoretical insight from the researcher. One limitation of the CONCOR 
approach is that the analysis is driven entirely by the performance of the 
mathematical process of correlating rows and columns. A second limitation 
is that using correlations to measure node equivalence may not necessarily 
be the best method for doing so (see later). Further, because successive itera-
tions of the correlation matrix eventually produce ones and negative ones, 
correlations of quite different magnitude are eventually treated the same. 
That is, a correlation of 0.51 and one of 0.90 may both be eventually con-
verted to 1s during the same partition. A third limitation is that CONCOR 
forces a bifurcation of the network into two positions, and then two more, 
and so on, whereas many networks and subnetworks may not conveniently 
be divided into two distinct positions.

These limitations aside, CONCOR does a good job of identifying posi-
tions based on node similarities. The process is automatic and correlations 
are a good measure of similarity. Further, the researcher can examine the 
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successive partitions of the network into positions and choose to use a  partition 
that conforms to some substantive knowledge of the data.

Individual Positional Measures

The preceding discussion provided a means of reducing a network to a set 
of positions and to map the relations between positions. It is often desir-
able to calculate the degree to which two people are similar, or occupy the 
same position in a network, without necessarily creating network positions. 
Individual positional measures provide measures of node similarity based on 
their connections in the network and in some cases based on all the links in 
the network. Individual position measures are dyadic measures as they are 
not measures for each person but, instead, are measures for every pair of 
people in the network.

The simplest positional measure would indicate the similarity of two peo-
ple’s contacts. For example, two people who are connected and not connected 
to exactly the same other people in the network are perfectly equivalent. 
Equivalent nodes occupy the same position. From a network perspective, two 
equivalent nodes are substitutable as they have the same exact relations with 
others in the network. Notice that two equivalent nodes do not have to be 
connected to one another to be equivalent. They can be perfectly equivalent 
and not connected. This measure of equivalence is referred to as matches in 
UCINET and is a simple comparison of two node’s ties. Matches compare 
the links and nonlinks that each pair of nodes has with everyone else in the 
network, yet it may be more accurate to compare only the connections and 
ignore the nonconnections in the calculation. Because some network data are 
collected by asking for a person to list their fi ve closest friends, the noncon-
nections that two people share are not as informative as the connections they 
have in common. Positive matches are the percentage of ties two people have 
in common and provide a good intuitive measure of structural similarity.

Figure 7–4 displays a structurally equivalent pair based on positive matches. 
Person A and Person B are connected to the same people and so they are per-
fectly substitutable and structurally equivalent from a network perspective. If 
Person A had one other connection, then it would slightly diminish the degree 
of structural equivalence or similarity between Persons A and B.

One useful measure of structural equivalence was developed by Burt 
(1987) based on distances. The distance measure of structural equivalence 
is derived from geographic measures in which two cities are similar if they 
are the same distances from other cities. For example, Chicago and St. Louis 
(two U.S. cities) are similarly distant from Los Angeles (LA), Denver, San 
Francisco, Seattle, New York (NY), Washington, DC, Atlanta, and so on. 
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The difference in the distances between Chicago and every large city and 
between St. Louis and every large city is fairly small because Chicago and 
St. Louis are similarly distant from all U.S. cities. In contrast, the differ-
ences in distances between NY and LA to all the large US cities is quite 
large because the cities near NY are far from LA and vice versa.

The calculation of distance differences is referred to as Euclidean dis-
tance, and this provides a measure of structural equivalence. Two people are 
structurally equivalent to the extent they have the same distances to every-
one else in the network. So a measure of Euclidean distances is given by 
Burt (1987) as:

 
D z z z zij ik jk ki kj

kk

= − + −∑∑( ) ( )2 2

 (7-1)

where zik is the distance from i to k measured as the number of steps in the 
network. This formula takes the difference of distances, squares each one 
(to get rid of negative values), and sums those differences. It is calculated 
in both directions (the distance from i to k and the distance from to k to i) 
because networks can be asymmetric. The distance from i to k and the dis-
tance from to k to i are not necessarily the same in network analysis. Using 
Euclidean distances to calculate structural equivalence is appealing because 
the measure considers the overall pattern of ties in the network, not just the 
direct ties for every pair of nodes.

Individual Measures as Positions

The individual measures of structural equivalence (SE), such as matches and 
Euclidean distance, can be used to fi nd network-level positions. Once the 
matrix of SE scores are calculated, people can be grouped together based on 
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Figure 7–4. People are structurally equivalent when they are linked to the same other 
people. A and B have ties and non-ties to the same others in the network and so are 
structurally equivalent.
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their similarity of SE scores. For example, everyone with similarity scores 
of 1.0 can be considered a position; then that criterion can be relaxed to 0.95, 
0.90, and so on, down to zero. The result is a series of position grouping 
based on a relaxation of the criterion of what it means to be in a position.

The pattern of position identifi cations can be graphically displayed so that 
the researcher can see which nodes belong to which positions at various cut-
off levels. One can then examine the positional defi nitions and choose a cut-
off value to use to defi ne the positions based solely on the empirical pattern 
or based on some substantive criterion. Researchers can compare different 
individual (read dyadic) measures of equivalence to determine whether there 
are differences in the identifi ed positions.

Positions and Behavior

Clearly, fi nding positions in a network and assessing the degree of equivalence 
between actors is interesting from a research standpoint and can have substan-
tive meaning when trying to understand networks. Does positional equivalence 
infl uence behavior? From a disease perspective, it is not immediately obvi-
ous how position equivalence affects one’s likelihood of contracting a disease 
because communicable diseases are spread by person-to-person contact. On 
the other hand, people in the same positions may be exposed to the same kinds 
of pathogens and so positional equivalence could be important to know.

For example, a positional analysis of sexual relations among a large net-
work might reveal a set of positions such that one position is obviously a core 
group of sexually active individuals. Other positions that have contact with 
the core group may be at increased risk for sexually transmitted infections 
due to their contact with that group. All members of these positions may be 
at increased risk for disease. Although the risk factor is sexual contact, the 
positional analysis indicates why some people are at increased risk compared 
with others, even though their rate of sexual activity may be the same.

For behavioral infl uence, positional and structural equivalence measures 
may matter very much. In any given community, two people who occupy the 
same position in the network are likely to be very similar and they are likely 
to monitor each other’s behavior. This is particularly true in business; fi rms 
that occupy the same position in a network of suppliers, clients, and regula-
tory agencies are likely to be quite aware of what their structurally equiva-
lent fi rms are doing because these are cues to appropriate strategic action. 
In short, as Burt (1987) argued, social infl uence may in some cases fl ow via 
structurally equivalence rather than direct ties.

There are several reasons why infl uence may pass between SE people. 
First, competition often motivates action and SE people or organizations may 
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feel in competition with one another and so monitor each other’s  behavior. 
Once one or a few people SE people engage in a behavior, others are likely 
to do so to remain competitive. Second, SE people, being connected to the 
same others, may be infl uenced by those to whom they are connected. For 
example, two SE professors are connected to the same students and so may 
get information and infl uence from those students. Finally, persons in the 
same position may have other attributes that put them in that position and 
these characteristics are associated with the adoption behavior. For example, 
managers in the same position may also be recipients of bonuses for adopt-
ing specifi c practices.

The infl uence of direct ties was labeled cohesive infl uence, and through-
out the 1990s there were numerous comparisons between cohesion infl uence 
and that of structural equivalence. The central research question was: What 
infl uenced a person more in their adoption decisions—the behavior of people 
they are directly connected to, say as someone they turn for advice (cohe-
sion), or the behavior of people who occupy the same position in the network 
structure (structural equivalence)?

In earlier analyses, Valente (1995) conducted position analysis (CONCOR) 
on 40 networks from three studies. Once the positions were established in 
each network, analysis (using ANOVA [analysis of variance]) was con-
ducted to determine if behavioral adoption times were signifi cantly different 
between positions. It was expected that people in the same position would 
have similar adoption times and people in different positions would have 
different adoption times. In 35 of 40 of the networks, the adoption times did 
not differ signifi cantly between positions; thus, there was no support for the 
hypothesis that network position was associated with adoption.

The analysis was not necessarily comprehensive because there are mul-
tiple ways to determine positions in a network. Further, Valente (1995) did 
not examine each network to see if the CONCOR analysis produced simi-
lar positional structures. For example, did the networks have similar image 
matrix patterns or were they different between networks? Perhaps diffusion 
was a function of how the positions related to one another. It was also not 
clear how the network level positional analysis would compare to infl uences 
based on direct ties. One possible means to determine if network position 
affects behavioral adoption is to use individual positional analysis.

Network Weights

Valente (1995, 2005) compared network exposure based on cohesion with 
that based on structural equivalence in three diffusion network datasets. 
Exposure via direct contacts did not infl uence adoption, whereas in one 
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dataset, Brazilian farmers’ adoption of hybrid seed corn, exposure via 
 structural equivalence did infl uence adoption. These models also included 
terms for infection (the degree one’s number of nominations received affected 
adoption) and susceptibility (the degree one’s number of nominations sent 
affected adoption). It was surprising that the network exposure terms were 
not more signifi cantly associated with adoption, and in Chapter 10 more 
extensive treatment of these fi ndings and analysis are provided.

It is important to note here, though, how we can use the construction of 
structural equivalence weights to create general social infl uence models 
based on many theoretical ideas of how social infl uence occurs. The cohe-
sion social infl uence model states that a person is infl uenced by the behavior 
of those they are connected to. The exposure model is:
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where E is the exposure matrix, W is the network weight matrix, B is the 
behavior matrix, A is the original adjacency matrix, N is network size, and t 
is time. The behavior matrix indicates who has adopted the behavior at each 
time period. Exposure is calculated by multiplying the weight matrix by the 
adoption matrix and dividing by the number of network choices made. In the 
basic model, W indicates who is connected to whom (the adjacency matrix). 
This model can be expanded to include other Ws, types of connectivity or 
similarity.

W, for example, could be structural equivalence scores and exposure cal-
culated on the degree structurally equivalent alters have adopted the behav-
ior. W can be any permutation of A that indicates the degree of similarity (or 
difference) among the dyads. (Note W can also be constructed from attribute 
data by calculating the degree dyads are similar on some characteristics such 
as their education level, ethnicity, or attitude toward a behavior.) Different 
social infl uence processes can be modeled by changing W. For example, if 
the researcher thought that social infl uence would be stronger between people 
who shared some characteristics, say gender, then W could be created as a 
product of network connections and gender such that a tie in W existed only 
among people who nominated one another and were of the same gender.

Summary

This chapter provided an introduction to defi ning positions in networks. 
Positions are often defi ned as a grouping of nodes in a network based on 
the pattern of their connections to others in the network. Two people can be 
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in the same position in the network if they have the same ties to the same 
 others even though they might not be directly connected. There are many 
different algorithms used to identify structurally equivalent positions, nota-
bly the percentage of matches between two nodes or the degree of similarity 
in their distances to other nodes (structural equivalence).

Once these positions are identifi ed, the researcher may reduce the network 
to these positions and create what is referred to as an image matrix. In an 
image matrix, each position is a node in the network and links are created 
between the nodes to indicate if there is a relationship between the  positions. 
The image matrix provides a macro-structural view of the network. The 
chapter also discussed CONCOR, a popular algorithm used to fi nd positions 
in a network.

The chapter closed with a discussion of positions and behavior and how 
diffusion and positional analysis may be used to understand how behaviors 
fl ow through networks. We then discussed how matrices of SE relations 
may be used to calculate SE-weighted network exposure. Persuasive infl u-
ence may be a function of people directly connected (cohesion exposure) or 
may be driven by monitoring of structurally equivalent others, people who 
occupy the same position in the network.
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Network-level measures are measures calculated on the whole network. These 
measures provide indicators of network structure. Eight network indicators 
are reviewed: size, density, reciprocity/mutuality, triadic census/transitivity, 
average path length (APL), clustering, centralization, and core-periphery. 
The chapter then reviews two-mode data and closes with a discussion of 
network-level measures and behavior.

One of the more intuitive and interesting ways to study social networks is 
at the network level. The previous chapter discussed how a network could be 
reduced to a set of positions and the relations between positions were ana-
lyzed. Network-level measures examine the network globally, from a bird’s 
eye view (if you will). Different networks within the same community can 
be compared. For example, how do friendship and advice-seeking compare 
in an organization? This chapter reviews various network-level measures and 
shows how network properties affect behaviors within those networks. Some 
might argue that because network measures ask about relations within the 
network, network-level analysis is the most appropriate level of analysis. The 
network-level measures will be presented, to some extent, in their order of 
complexity.

8

Network-Level Measures
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Size

Network size is an important structural property, and it affects many other 
network indicators. Network size may be dictated by the study setting or 
research requirements. For example, studying adolescents in schools means 
that network size will be the classroom, grade, or school size. In other set-
tings, the researcher may specifi cally set the network size of interest, perhaps 
by studying organizations with 100 to 250 employees. Some researchers esti-
mate that a practical size for a group is about 150 people and some evidence 
exists that 150 is an optimal size for a human group (Dunbar, 1993).

Size may also be a function of individual network size or of how many 
people a person knows or has a meaningful relationship with. There is a 
practical limit on the number of people one can know or can maintain rela-
tionships with. Some researchers estimate the average size of acquaintance 
networks in the United States is approximately 280 (Killworth et al., 2006). 
A team of researchers from the University of Florida has conducted several 
studies to estimate network size (Killworth, 1990). Although people may 
know as many as several thousand other people, the set of contacts they may 
be able to name on any given topic is likely much smaller.

Size also indicates something about the networks of study. If one studies 
middle schools in various U.S. states and there are over 1,000 students in 
the middle schools of some states yet less than 50 students in the schools in 
others, it indicates something about the schools. Larger schools may have a 
larger range of student characteristics and a more complex administrative 
structure than smaller schools. Also, in larger schools, the range of possible 
people a student can develop relationships with is greater than in a small 
school. Size may not be the most interesting network indicator and may only 
refl ect the boundary of the network, but it is the primary network indicator. 
As mentioned in Chapter 6, networks are often composed of separate com-
ponents, in which case it is important to report the size of the components. 
The next network measure is density, the number of links in the network.

Density

Density is the number of connections in the network reported as a fraction 
of the total links possible. Density is calculated as:
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where l is the number of links in the network and n is network size. Density 
is a key attribute of a network and should always be included as a covariate 
in analyses testing the effects of other structural properties. Equation 8-1 is 
applicable for asymmetric networks (in which the links are directed), but the 
numerator must be multiplied by 2 for undirected (symmetric) networks.

Density is also often calculated on subgroups within the network. For 
example, it might be hypothesized that network density differs by some 
attribute. Friendship networks among middle school students are often gen-
der based so that boys are friends with boys and girls are friends with girls. 
Density can be calculated on ties among boys and between boys and girls. 
Density is a fundamental parameter for networks and subgroups within the 
networks. Density can also be used as a threshold value to determine inter-
position links as in blockmodeling (see Chapter 7).

There is an inverse relationship between size and density: as size increases, 
density decreases. Size is inversely related to density for at least two rea-
sons. First, as mentioned earlier, there are practical limits to the number of 
other people a person knows or can establish relationships with. So as the 
boundary defi nition for the network increases, the limit on each individual’s 
network size indicates that density will decrease. Second, in small groups, 
organizations, and communities, it is easier for people to know everyone in 
the network. For example, in a small organization of 10 employees, everyone 
will know everyone else and be pretty familiar with their day-to-day activ-
ities. Conversely, in a large organization of 250 or more employees, many 
employees will not know other employees. Consequently, all analysis of net-
works at the network level should include density as a covariate.

Although density is calculated as the proportion of links in the network, in 
nomination studies this formula may be modifi ed to account for the limited 
number of network nominations solicited. In a nomination study in which the 
researcher asks respondents to name up to seven of their closest friends, the 
researcher may elect to report effective density, which is the number of links 
divided by size multiplied by seven. Thus, effective density is calculated as:

 
D

l

NE =
( )  (8-2)

where l is the number of links, N is network size, and λ is the maximum 
number of nominations requested.

Mutuality/Reciprocity

Reciprocated or mutual ties are links in which the direction goes both ways: 
If A chooses B, then B chooses A. Reciprocity is often referred to as mutu-
ality because reciprocated ties are mutual, and this term may be preferred 
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because reciprocity can be a bit ambiguous. Reciprocity is ambiguous 
because there is both direct and indirect reciprocity (indirect reciprocity is 
when A chooses B but B does not choose A but chooses C who chooses A). 
Mutual, directly reciprocated, ties are symmetric while those that are not 
mutual are asymmetric.

Some relations (networks) are inherently mutual or symmetric, such as 
when asking, “With whom did you have lunch?” If a person had lunch with 
someone, it is expected that other person had lunch with the focal person. 
Conversely, other relations are inherently asymmetric such as, “Whom did 
you go to for advice?” It is quite likely a person goes to someone possessing 
greater expertise or authority for advice and that person is unlikely to recip-
rocate that nomination. Thus, measuring and understanding the degree of 
reciprocity in a network are important.

Reciprocity is measured (Borgatti et al., 2006):
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where Aij indicates a link from i to j. A high degree of reciprocity indicates 
that people choose one another. This also means that people are choosing 
one another and not others and this can create more clustering within the 
network, thus increasing the distances in the network. Reciprocity can be 
an individual-level measure and a network-level one. At the individual level, 
reciprocity is a count or the proportion of reciprocated ties. At the network 
level, it is reported as the proportion of reciprocated links in the network 
(Equation 8-3).

Reciprocated ties may also suggest stronger ties. For example, in 
friendship networks, best friend ties are more likely to be reciprocated, 
whereas those among less close friends are less likely to be reciprocated. 
Tie strength can be measured as the order in which one provides names 
in response to a survey question, assuming that people provide the names 
of their closest friends fi rst and less close friends later. Reciprocity can 
be included in this calculation by defi ning closeness as reciprocated 
friends.

For some behaviors, reciprocity may be associated with a greater likeli-
hood of engaging in the behavior together or for the pair to infl uence each 
other. For example, several studies have shown that people are more likely 
to engage in risky behavior with closer ties than with distant ones (Valente & 
Vlahov, 2001). Risky drug and sexual behaviors occur more frequently with 
close and strong contacts because there is a higher degree of trust and inti-
macy with these close contacts and it would be impolite to use protective 
measures with such close friends. For example, two people engaged in a 
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romantic relationship often do not use condoms as protection because they 
want to communicate their trust and commitment to one another. In contrast, 
condom use may be more prevalent among casual sexual partners because 
there is no need to communicate trust and intimacy. In short, one might 
expect more behavioral infl uence between reciprocated relationships.

Triads/Transitivity

Reciprocity compared the links between two nodes, but what about the 
links between three nodes? The links between three nodes are referred to 
as  triads, and in a directed network there are 16 possible combinations of 
links connecting three nodes (Holland & Leinhart, 1979). One measure of 
network structure is to describe the prevalence of these 16 types for the net-
work (Figure 8–1). Of particular interest is transitivity in the network’s tri-
ads. Transitivity in a network exists when there is the following combination 
of links among three nodes: if A → B, and B → C, then A → C (number 
030T in Figure 8–1). This triad is considered transitive because A and B 
both have the same relationship to C.

Transitivity forms the basis of much sociological thinking about how 
people function in groups. Balance theory argued that people preferred a 

003 012 102 021D

021U 021C 111D 111U

030T 030C 201 120D

120U 120C 210 300

Figure 8–1. There are 16 possible confi gurations for the links between three nodes. 
These confi gurations are referred to as the MAN distribution for the number of mutual 
(M), asymmetric (A), and null (N) links among the nodes. Code 120 refers to 1 mutual, 
2 asymmetric, and zero null links in the triad.
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balanced environment with the people around them (Heider, 1958). If A and 
B are friends (from A’s perspective) and A likes C, then A would want B to 
also like C. In balance theory, C could be a person or an attitude or object, 
such as a political opinion, a new product on the market, a behavior, and 
so on. People struggle to keep their world in balance, and Festinger (1954) 
introduced the idea of cognitive dissonance, which is the discomfort one 
feels when their environment is out of balance. Festinger (1954) argued that 
people will try to reduce their cognitive dissonance by trying to bring bal-
ance in their life—by trying to reduce intransitive triads.

The tendency toward transitivity is the basis for the strength of weak ties 
theory proposed by Granovetter (1973). As Granovetter (1973) stated, the 
tendency for transitivity means that triads like number 201 in Figure 8–1 
were uncommon (referred to as the forbidden triad [Granovetter, 1973]). So 
intransitive triads are rare, and because they are rare, there are few weak 
ties in the network. Yet the scarcity of these weak ties makes them strong in 
terms of their information capacity.

Researchers conduct transitivity analysis by reporting the proportion of 
transitive triads in the network. Networks with high levels of transitivity are 
thought to be cohesive and, thus, in a broad sense may be thought of as 
effective. Researchers conduct triad analysis by calculating the proportion 
of triads in the network that can be classifi ed in the 16 categories Holland 
and Linehardt (1979) defi ned. These categories are often referred to as the 
MAN categories since there was a three-digit code defi ned for each category 
corresponding to the number of mutual (M), asymmetric (A), and null (N) 
links in each triad. So a code of 111 indicates one mutual tie, one asymmet-
ric tie, and one null tie as the links among the three nodes, and a code of 210 
indicates two mutual ties, one asymmetric, and zero null ones as the links 
among the three nodes.

So any network can be described in terms of the proportion of triads in the 
network of each of the 16 types. This is called a triad census. Understanding 
triads and their distribution in the network is important because triads have 
provided the basis for many social network effects (Faust, 2008). The strength 
of weak ties, for example, is predicated on the notion that there are few 201 
triads (two mutual links and one null) and therefore weak ties are rare. Burt 
(1992) used triad census to stress the importance of structural holes, and 
Fernandez and Gould (1994) used triads to develop measures of brokerage. 
Faust (2008) has shown that using limited choice sociometric surveys (fi xed 
number of nominations) result in networks that have a limited distribution of 
the triad census.

The reader might expect the next network structural property consists of 
analysis of four nodes, because reciprocity involved two nodes and triads/
transitivity involved three. Analysis of the properties of four nodes, however, 
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is considered group analysis, and group calculations were discussed in 
Chapter 6. One network property in connection with groups is the number 
of components. It is important to determine the number of components in 
a network. The next network-level property concerns the number of steps it 
takes to transverse the network.

Diameter/Average Path Length

Two fundamental properties of a network are its diameter, the length of 
the longest path in the network, and the average distance between nodes. 
Networks with the same number of nodes, and even the same density (num-
ber of links), can have different diameters because the diameter is the num-
ber of steps in the longest path in the network. The network in Figure 8–2 
shows who went to whom for advice in one community coalition designed 
to promote community-based substance abuse prevention activities (Jasuja, 
2005; Valente et al., 2007). The length of the longest path in this network 
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Figure 8–2. Network from one community coalition indicating to whom they turned 
for advice about prevention.
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is fi ve. For example, to go from person 3 to person 10 requires fi ve steps: 
3 → 26 → 17 → 2 → 5 → 10. There are numerous fi ve-step paths in the 
network, and because this is the maximum in the network, it is the diam-
eter. Network diameter then is the maximum distance between nodes in the 
network.

Average path length in a network is also an important structural property. 
The average path length (APL) is the average of the distances between all 
the nodes in a network. (APL is sometimes referred to as the characteristic 
path length.) A small APL indicates a cohesive network, while a large one 
indicates greater overall distances between nodes. For the network in Figure 
8–3, the average distance between reachable people was 2.28. So, on aver-
age everyone in this network is 2.28 steps away from everyone else in the 
network provided they could reach one another. The APL is calculated by 
calculating the distances between all pairs of nodes in the network and then 
calculating the average (being sure to omit the diagonal).

Diameter and APL provide an overall indication of the structure of 
the network. Low diameter or low APL indicate a cohesive network with 
little clustering. The researcher need not know anything about specifi c 
group or positional distinctions but instead relies only on this one numeric 
indicator to draw conclusions about network topography. On the other 
hand, a network with large diameter and small APL may indicate that 
there are branches or spurs to the network that are mostly inaccessible to 
others in the network. One way to test the network structural tendencies 
would be to generate a sample, say 1,000, networks with the same size 
and density as the empirical (focal) network and calculate the diameter 
and APLs for these simulated networks (see Chapter 9). The researcher 
can then compare the empirical network indicators (diameter, APL) with 
the randomly generated distribution of networks with a test (a t-test) to 
determine if the network indicator is larger or smaller than would be 
expected by chance.

Density and Cohesion

All things being equal, as size increases, so does the APL, although not as 
much as one might think. On the other hand, the relationship between APL 
and density is nonlinear. As density increases, APL decreases, because high-
density levels provide many paths along which to connect nodes. Research 
has shown, however, that the relationship between density and cohesion 
(APL) is not uniformly negative.

Figure 8–3 graphs changes in cohesion calculated for link deletions and 
additions for a large sample of randomly generated networks of size 10 for 
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levels of density from 1 to 100 percent. At each density level, 50 different 
networks were created (because there are many different network structures 
at each density level). Notice that changes in cohesion (maximum and APL 
for the network) peak between 15% and 25% densities, indicating that net-
works in this density range can have their cohesion changed the most by the 
deletion of links. At 50% density and above, link changes have little effect 
on cohesion, because there are many redundant paths between nodes.

These simulated data indicate an interesting characteristic about networks. 
Density values above 50% indicate networks that have many redundant paths 
between nodes. Deleting links, or even nodes, in such networks will have 
little effect on overall network properties. Networks with 50% or greater 
density do not contain much structural information and in many cases are 
not likely to be interesting substantively. In such cases, it will probably be 
desirable to “prune” the network so that the researcher can fi nd the hidden 
structure within the tangle of links. The pruning can be conducted several 
ways, perhaps fi rst by considering stronger ties if the links are weighted. 
Next, the researcher can consider only reciprocated ties.
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Figure 8–3. Maximum and average changes in cohesion scores as links are sub-
tracted and added to the network by density. There is a sweet spot in social networks 
when density is between 15% and 25%, in which link changes have a profound affect 
on network cohesion. When density is very low and when it exceeds 50%, individual 
link changes have little effect on network cohesion because there is either no network 
(density is too low) or too much network (density is so high that individual links have 
little meaning).
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Clustering

Network clustering is a measure of the degree of “clumpiness” in a net-
work. A network with high clustering indicates that nodes are connected 
in dense pockets of interconnectivity, whereas one with low clustering has 
few pockets of interconnectivity. Clustering provides an index of the degree 
of structure in the network. So while the group and position analyses pro-
vided in Chapters 6 and 7 detail ways to fi nd groups and positions, clustering 
provides a single measure of how much the groups and positions defi ne or 
characterize the network.

Clustering is calculated by computing the average of each node’s personal 
network density (Watts & Strogatz, 1998). Personal network density is the 
degree to which a person’s ties are connected to one another. Figure 8–4 
illustrates the calculation of personal network density—the person A on the 
left has three contacts (depicted as the thick solid lines, connecting A with 
x, y, and z). And x and z are connected to each other (as indicated by the 
heavier solid line connecting them). The fi ve dashed lines indicate potential 
links among A’s alters, but they are absent. So the personal network density 
for A is 1/6, one tie of six potential ones. In contrast, person B has three 
links connecting the people in his personal network, and so has a personal 
network density of 3/6, or 50%. The average personal network density for all 
the nodes in a network is the clustering coeffi cient.

A network with high average personal network densities indicates that 
people connected to a third person tend to be connected to each other. 
Notice this is similar to the triadic transitivity concept discussed in the pre-
vious section. Thus, transitivity indicates clustering. When personal network 
densities are low, transitivity is lacking and people are not more likely to 
know one another when connected to the same third party. Therefore, low 
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Figure 8–4. Calculating personal network density. The solid lines represent links, and 
the dashed ones potential links. Personal network density is 1/6 for Bob, whereas it is 
3/6 for Paul.
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personal network density indicates a lack of clustering. Another way to cal-
culate clustering is to calculate the ratio of closed triads to all possible triads 
in the network (Luce & Perry, 1949; Wasserman & Faust, 1994).

Clustering can accelerate behavior and disease spread within groups 
but will inhibit spread between groups. The average personal density in 
the network indicates the degree of clustering, and high rates of clustering 
indicate a network with pockets of interconnectivity separated by bridges 
that link these cohesive subgroups. The cohesive groups can be protective 
from a public health perspective as long as disease or risk behavior does 
not penetrate them. Once a disease penetrates these cohesive subgroups, 
however, it is likely to spread quickly, infecting everyone in a short period 
of time.

In clustered networks, then, how the clusters are linked to one another 
becomes critical. Two different types of network structures exist that link 
clustered subgroups: (1) a bridge structure in which the clustered subgroups 
are linked by bridges, and (2) a centralized structure in which the sub-
groups are linked by central nodes who occupy powerful positions in the 
network. The best indicator to distinguish these two types of structures is 
centralization.

Centralization

Centralization is the degree a network’s ties are focused on one person or a 
set of people. In centralized networks, one or a few people hold positions of 
power and control in the network, whereas decentralized networks have dif-
fuse power and control structures. Figure 8–5 shows two pairs of networks 
with the same densities, yet different centralization scores. The networks 
on the left are decentralized (e.g., centralization = 9.1%), while the ones on 
the right are centralized (e.g., 50.9%). It is important to stress that density 
and centralization are not correlated and are independent structural mea-
sures of the network. A dense network can be decentralized or centralized, 
and a sparse network can be decentralized or centralized. The centralized 
networks on the right (one dense and one sparse) have a node at the center of 
the network that receives a disproportionate amount of ties.

Centralization was discussed in Chapter 5 in reviewing centrality mea-
sures. Recall that there were numerous individual centrality measures and 
each one has a network-level counterpart. For example, centrality degree 
measures the number of links a person sends and receives. Degree central-
ization degree (NB: centralization for the network level) indicates whether 
one or some nodes send or receive a disproportionate number of links and 
can be calculated on in-degree and out-degree. Centralization is calculated 
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by determining the maximum individual centrality score in the network and 
subtracting it from all other individual scores in the network. These differ-
ences are summed and that total is divided by the maximum sum of differ-
ences theoretically possible in a network of that size (which happens to be 
given conveniently by a formula). For example, the formula for centralization 
degree (CD) is (Freeman, 1979):
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where Max(CDi) is the maximum centrality score in the network, CDi indi-
cates the individual centrality scores, and n is network size. A similar 
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Figure 8–5. The top two networks have equal network density, 18.2%, yet the one on 
the left is decentralized (centralization = 0%) and the on the right is centralized (cen-
tralization = 87.3%). Similarly, the bottom two networks have equal densities, 36.4%, yet 
dramatically different centralizations (9.1% and 50.9%, respectively).
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formula exists for centralization based on centrality closeness, betweenness, 
and others. Another way to calculate centralization is by simply calculat-
ing the standard deviation of the centrality scores for the network. A large 
standard deviation indicates a lot of variation in the individual centrality 
scores, whereas a small one indicates little variation and hence a decentral-
ized structure.

With nomination data, in-degree centralization will usually be greater than 
out-degree centralization. Typically, nomination data limit the nominations 
the respondent can provide. This limits the number of out-degree nomina-
tions, and so the variance in out-degree is smaller, making out-degree cen-
tralization smaller. In contrast, the nominations received distribution can be 
quite varied because one person or a few people will receive many nomina-
tions and so the out-degree distribution is greater. This, of course, depends 
on the data and the extent of actual centralization in the network.

Centralized networks have the potential for fast diffusion because people 
at the center of the network can act like broadcasters and reach many people 
quickly. Conversely, centralized networks may have slower diffusion because 
the central nodes are gatekeepers and have a disproportionate amount of 
infl uence in the network. If the central nodes delay adoption or if they do not 
support the new idea, then diffusion will be slowed in centralized networks. 
Thus, centralization has the net effect of placing more power and control on 
the central people, the opinion leaders. Opinion leaders are more critical to 
behavior spread in centralized networks rather than in decentralized ones.

The net effect, then, of centralization may be on the shape of the diffu-
sion curve rather than on how long it takes for diffusion to reach saturation. 
Centralized networks will have steeper diffusion and the time until diffusion 
takes off rapidly will depend on the attitudes and behaviors of the central 
people. If the central people are resistant, then the diffusion will remain at a 
low level until leaders embrace the new idea and then it will increase rapidly. 
Conversely, if the central people embrace the idea early, then diffusion will 
accelerate rapidly. A more nuanced version of centralization is the idea of a 
core-periphery structure.

Core-Periphery

Many empirical networks exhibit a core-periphery structure. Core-periphery 
structures are networks in which there is a group of nodes who are densely 
connected to one another (the core) and a separate group of nodes loosely 
connected to this core and loosely (or not at all) connected to each other (the 
periphery). Core-periphery networks may have somewhat low centralization 
scores because the people in the core all have similar centrality scores. Yet, 
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there is still considerable structure in the network but it is not a centralized 
structure, or a clustered structure, rather a core-periphery one.

The degree to which a network has a core-periphery structure is deter-
mined by fi tting a core-periphery model to the data (Borgatti & Everett, 
1999) by permuting the data matrix repeatedly such that nodes are alterna-
tively in the core or periphery. The various empirically based core-periphery 
structures are correlated with an idealized core-periphery structure (con-
nections among core nodes and with peripheral nodes and no connections 
between peripheral nodes). The best model is the one in which node assign-
ments in the data have the maximum correlation with the idealized core-
periphery structure. This correlation is the fi t index indicating how well the 
data conform to a core-periphery structure (Borgatti & Everett, 1999).

Figure 8–6 displays a collaboration network that has a modest core-pe-
riphery structure typical of coalition networks (Valente et al., 2008b). The 
fi t index for this core-periphery structure was 0.362, which is the correlation 
coeffi cient between the observed data matrix and a hypothetical ideal core-
periphery matrix (Borgatti & Everett, 1999). The fi t index can be interpreted 
as a correlation coeffi cient, indicating that these data only modestly conform 
to a core-periphery structure. Core organizations in Figure 8–6 (n = 18) are 
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Figure 8–6. The network of collaboration among 31 organizations that participated 
in a coalition to expand children’s health insurance. Circles are core organizations, and 
squares are peripheral ones. Nodes are sized based on in-degree in the collaboration net-
work and positioned using spring embedding.



142  MEASURES

depicted as circles and peripheral ones (n = 13) as squares. In this study, 
there were many different types of organizations in the core of the network 
including government, health plans, school, philanthropic, academic, policy, 
and community-based organization/advocacy. Thus, the coalition was not 
dominated by one or a few organizations or organization types; rather col-
laboration was shared by many different types of organizations. It was also 
the case that being in the core was a function of organizational members’ 
meeting attendance, involvement in coalition activities, and a higher per-
centage of the organization’s goals being related to children (Valente et al., 
2008b).

These are the primary indicators used to describe network structure: num-
ber of components, size, density, reciprocity, triad census (especially tran-
sitivity), APL (distance), clustering, centralization, and core-peripheriness. 
Table 8–1 reports the averages, standard deviations, and ranges for these 
network indicators for 24 communities from the STEP study. These are 
baseline network data derived from asking coalition members to name the 
other members they turned to for advice on prevention issues (Valente et al., 
2007). The average size was 22.04 members, ranging from as few as 4 to as 
many as 41. There was an average of 12.7 components in the networks, and 
all of these consisted of one large component with each isolate being con-
sidered a separate component. The average density was 13%, with 20% of 
the ties being reciprocated. Some 37% of the triads were transitive, with one 
network having all triads transitive.

The APL in the largest connected component was 2.2, ranging from 1 to 
3.1. This indicates that most coalition members could reach everyone else in 
the coalition (if they could reach them at all) in three or fewer steps. The 
maximum path length was 5.1, ranging from 1 to 8. The clustering coeffi cient 

Table 8–1. Selected Metrics for 24 Coalition Advice Networks

 Mean SD Range (Min, Max)

Size 22.04 8.58 4, 41
Density 0.13 0.06 0.06, 0.33
Proportion of reciprocated ties 0.20 0.08 0.05, 0.40
Proportion of transitive triads 0.37 0.16 0.19, 1.00
Average geodesic distance* 2.16 0.45 1.00, 3.14
Maximum geodesic distance 5.08 1.64 1, 8
Number of component 12.67 5.56 3, 24
Clustering coeffi cient 0.31 0.13 .15, .67
Norm. In-degree centralization (%) 34.63 11.27 16.63, 54.50
Norm. Out-degree centralization (%) 18.06 7.89 8.41, 44.44
Number of isolates 2.92 8.58 0, 8

* Computed among reachable nodes.



Network-Level Measures  143

average was 0.31, indicating moderately clustered networks. The networks 
were more centralized on in-degree (34.6%) and then on out-degree (18.1%), 
which is common in nomination studies because most respondents provide a 
similar number of nominations given the restriction on the number allowed 
and yet people/organizations can receive as many nominations as there are 
others in the network. There was an average of nearly three isolates per 
coalition.

As mentioned earlier, network indicators vary with one another and with 
outcomes. For example, size was negatively associated with density: the 
larger the network, the less dense it is (r = –0.68). Size was also negatively 
associated with the percentage of ties reciprocated (r = –0.55), the percent-
age transitive (r = –0.63), and clustering (r = –0.59). Size was positively 
associated with average path length (r = 0.80). Thus, in this study, the larger 
the network, the more likely that people do not reciprocate nominations and 
form tightly nested triads in which everyone knows one another. Density was 
also associated with other metrics. For example, density increased reciproc-
ity (r = 0.48) and transitivity (r = 0.80) and decreased the APL (r = –0.69).

One thing to note is that the APL will vary signifi cantly depending on 
how disconnected nodes are treated. For the 24 networks in this study, the 
mean APL was 2.16 (SD = 0.45) when measured only among connected 
nodes in the largest component. The APL would increase dramatically if 
N – 1 was used as the distance between disconnected nodes to 18.9 
(SD = 8.22) and 5.60 (SD = 1.57) when D + 1 was used where D equals the 
maximum distance between connected nodes. The lay public has become 
quite familiar with the small world concept associated with the term “six 
degrees of separation” (see Chapter 1). The measure of “six degrees” is the 
APL, and to report APL in a way that is consistent with “six degrees” con-
cept one would consider only connected nodes, although in some instances 
it may be preferred to calculate network properties with the inclusion of dis-
connected nodes.

It is also possible to determine if network-level characteristics are asso-
ciated with network-level outcomes such as how successful the coalition 
has been at achieving its objectives. These network-level outcomes can be 
derived from external indicators (Did the coalition achieve extramural fund-
ing?) or from aggregates of individual responses (How effective do coali-
tion members report the coalition as being”). In the STEP study, coalition 
density was negatively associated with adoption of evidence-based practices 
(Valente et al., 2007), whereas centralization was positively associated adop-
tion of evidence-based practices (Fujimoto et al., in press).

One would expect networks with shorter overall path lengths to be 
more cohesive and conducive to the adoption of new behaviors. Because 
shorter APL indicates a shorter distance between everyone in the network, 
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information has to travel less far to reach everyone and so diffusion should 
be facilitated. The tendency toward reciprocity and transitivity, however, will 
lengthen overall path lengths because it creates clustering in the network.

Two-Mode Data

In Chapter 3, fi ve different types of network data collection were provided 
and the notion of two-mode data was introduced. Two-mode data are data 
derived from information on events, organizations, or situations in which 
people participate. For example, one might have data on the departments to 
which the employees in an organization belong. Two-mode data are arrayed 
in a table referred to as an affi liation matrix, in which people are the rows 
and the events or organizations are the columns. The events (columns) should 
be binary vectors in which a 0 means the person does not belong or did not 
attend the event and a 1 means the person attended or belonged. Table 8–2 
provides an example from the class network shown in Figure 7–1. The stu-
dents in this class were from different departments within the university. 
(The affi liation matrix in Table 8–2 is also sometimes referred to as an inci-
dence matrix.)

The data show that every student belonged to one department, and one 
faculty member belonged to two departments (was jointly appointed). The 
two-mode data can be used to construct a person-by-person network based 
on shared departments by multiplying the Table in 8–1 by its transpose. The 
transpose of a matrix is the matrix turned on its side. So this affi liation 
matrix has 27 rows and 4 columns (ignoring the row and column labels) 
and its transpose has 4 rows by 27 columns. These two matrices can be 
multiplied because they are conformable (the number of columns in the fi rst 
matrix equals the number of rows in the second one) and the resulting matrix 
has 27 rows and columns (is a 27-by-27 square matrix, which are the outside 
dimensions of the two matrices).

The product of these two matrices indicates which people are in the same 
department and the network can be graphed (Figure 8–7). The network shows 
connections between all of the people in the same department. There is one 
link connecting the two departments, the faculty with appointments in the 
two departments. The network has been constructed from information only 
about who belonged to which department. A matrix (network) of depart-
ment-by-department affi liations can also be constructed from this same data. 
The cells of the department-by-department matrix indicate the number of 
students who share departments. The department-by-department matrix is 
created by multiplying the transposed matrix by the original one (reversing 
the order of the multiplication) so the fi rst matrix is 4 × 27 and the second is 



Network-Level Measures  145

27 × 4. Thus, the affi liation data provide two networks that can be graphed 
and correlated with attributes or other networks.

For example, it might be hypothesized that department affi liation was 
associated with the network of who-knew-whom when the class started. 
The correlation between the department affi liation matrix and the choices 
of who knew whom is calculated using a technique known as the Quadratic 
Assignment Procedure (QAP) available in statistical programs (Krackhardt, 
1987, 1988; Borgatti et al., 2006). QAP provides a means to correlate to two 
matrices that accounts for the dependencies in the matrix.

Table 8–2. Departmental Affi liations of the 
Students (27 × 4 Matrix)

 Dept. A Dept. B Dept. C Other

A_S1 1 0 0 0
PD_F1 0 1 0 0

A_S2 1 0 0 0

A_S3 1 0 0 0

Oth_F2 0 0 0 1

B_S4 0 1 0 0

A_S5 1 0 0 0

A_S6 1 0 0 0

A_S7 1 0 0 0

A_S8 1 0 0 0

A_S9 1 0 0 0

B_F2 0 1 0 0

B_S5 0 1 0 0

A_S7 1 0 0 0

A_S8 1 0 0 0

B_S4 0 1 0 0

C_S1 0 0 1 0

B_S5 0 1 0 0

C_S2 0 0 1 0

A_S9 1 0 0 0

A_S10 1 0 0 0

B_S6 0 1 0 0

A_F3 1 1 0 0

C_S3 0 0 1 0

A_S11 1 0 0 0

B_S7 0 1 0 0

A_S12 1 0 0 0
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In this case, the “know” network shown in Figure 7–1 was regressed 
on the network derived from departmental affi liations using the two-mode 
 technique (Figure 8–7). The standardized regression coeffi cient (β) was 0.23 
(p < .001), indicating that department affi liation was weakly associated with 
who knew whom at the start of this class. The correlation was not as high as 
expected, although it is statistically signifi cant.

Individual Network-Level Interactions

One theoretically interesting avenue of research is the interaction between 
individual-level and network-level measures. These interactions can be of 
two types. First, interactions between individual measures such as centrality 
can be studied in the context of a network metric such as centralization. For 
example, are central members of an organization more likely to be success-
ful in a centralized organization than a decentralized one. In this case, the 
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the same department derived by converting an affi liation matrix (department member-
ship) into one mode adjacency matrix.
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overall network structure is hypothesized to affect the interpretation of the 
effects of the individual metric.

The second type would be an interaction between a network-level metric 
and network infl uence. For example, it might be hypothesized that social 
infl uence is stronger in dense networks than in sparse ones. Dense networks 
have more connections and so more opportunities for information to fl ow, 
and they may be indicative of a norm in which communication occurs. 
Conversely, dense networks may be “noisy” and so social infl uence for each 
individual competes with others in the focal person’s personal network. 
Therefore, the other hypothesis is that social infl uence is stronger in sparse 
networks. One way to test this proposition would be to compare network 
exposure based on the number of ties who engage in the behavior compared 
to the same measure divided by the number of ties (comparing network 
exposure as a count versus a proportion). Another way would be to use data 
from multiple networks with identical measures so that social infl uence can 
be compared across sparse and dense networks.

One might also think that social infl uence varies by network position. For 
example, are people on the periphery of the network more likely to be infl u-
enced by peers than those at the center? Because people in the center have 
more connections or occupy a privileged position in the network, they can 
be more selective about how others infl uence them. People on the periphery, 
in contrast, may only learn about behaviors from one person and so may be 
more susceptible to that person’s infl uence. Given the plethora of network 
level and individual level measures, the number of hypotheses is enormous.

Summary

This chapter described the network level of analysis in network analysis. 
Network-level indicators are those measures which describe the entire net-
work. Size is the most basic network measure, and network density is a fun-
damental property. Mutuality, or the extent to which ties are reciprocated, is 
also a network level property and indicates whether there is a tendency for 
ties in the network to be reciprocated. Network researchers also examine 
the way three nodes are connected. Triads, three nodes, can be connected in 
as many as 16 different ways and researchers have documented these ways 
in what is known as a triad census. Every network can be described by the 
frequency the triads in the network occur in the 16 different possible permu-
tations. Of particular interest are transitive triads, those in which A → B and 
B → C implies A → C.

A useful network metric is the APL of the network. APL is often used 
as a measure of network cohesion in which networks with low APL are 
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considered cohesive. Networks with an APL greater than expected by chance 
are considered fragmented. The chapter showed how APL and density cor-
relate. Another network indicator is analysis of whether the network has a 
core-periphery structure. The chapter included a discussion of two-mode 
data and how it is used to create networks of people-by-people and group-
by-group. The chapter also provided an example of two-mode data and how 
it can be correlated with other networks to answer substantive questions. The 
chapter closed with a discussion on network-level infl uences on behavior.
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This chapter describes in nontechnical terms how researchers can determine 
whether empirical networks exhibit certain structural properties (centrality, 
triadic transitivity, etc.) using a statistical test. These models are referred to 
as exponential random graph models (ERGMs), named after the technique 
used to generate simulated networks, which can then be compared to the 
observed network to statistically assess network properties. Here we try to 
provide a simple introduction so researchers can seek out more advanced 
materials and tutorials to learn how the analysis is conducted (Burk et al., 
2007; Harrigan, 2009; Snijders, 2001; Snijders et al., 2007).

ERGM is derived from the P* model, which provided the basis for early 
statistical analysis of networks. The critical innovation in the P* model was 
the use of logistic regression analysis to determine the factors (individual char-
acteristics and network metrics) associated with a link between two nodes. 
This chapter fi rst provides an introduction to the dyadic approach used for 
many years. The chapter then describes the exponential random graph model 
(ERGM) approach used primarily with cross-sectional data. The chapter then 
provides an exposition of the actor-oriented co-evolution model, which extends 
the cross-sectional ERGM framework to model longitudinal processes. These 
models can be used to determine what behaviors drive social network evo-
lution and whether social relationships infl uence behavioral changes. This 

9

Exponential Random Graph Models, 
P* and Actor Oriented Models
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actor-oriented co-evolution model is very fl exible, permitting many kinds of 
hypothesis tests. The chapter includes some public health examples.

In Part II of this book, many social network measures were presented 
that treated social networks as static confi gurations. The network did not 
change and behaviors were often described as something distributed on the 
network. Networks were described by creating indicators for their structure 
such as density or centralization and network members were characterized 
by their positions in the network, such as their centrality. Individual and net-
work measures could then be correlated with individual or group behavior. 
For example, an individual’s centrality (in-degree) was found to correlate 
with smoking behaviors and density scores were associated with the rate of 
behavioral change. The language used so far often conveyed the concept of 
a fi xed network with an idea or a behavior spreading through it much like 
cars moving on roads.

In reality, however, networks change. Individuals make new friends and 
lose track of old ones. Behaviors also change, of course, with some people 
trying a new activity for the fi rst time while others quit after some experi-
ence. Sometimes relationships change because of the behavior change, while 
in other cases people change behaviors because their peers have changed 
theirs. For example, if an adolescent thinks smoking is cool, he or she may 
want to form friendships with smokers. Alternatively, an adolescent may start 
smoking because his or her friends have started. Consequently, researchers 
have been interested in fi nding ways to analyze network and behavior changes 
simultaneously. To study the co-evolution of behavior and social networks, 
researchers have developed models that attempt to estimate the probability 
that individuals form ties in a network based on the existing relationships and 
behaviors. A second limitation of much prior research on network effects is 
that statistical associations between network exposure (i.e., behavior of one’s 
friends), network indicators (e.g., centrality, density), and behaviors (attributes 
of the individual) have not completely accounted for dependencies between 
the actors. For example, suppose a statistical analysis shows that people who 
smoke are more likely than nonsmokers to have smoking friends. This asso-
ciation may be a product of both the focal person and the network alters being 
connected to a third person who is also a smoker.

Until the relatively recent ERGM and co-evolution models, many people 
were unsatisfi ed with network analysis research without any indication of 
whether the network measures were expected and normal or whether one net-
work structure could be considered to be “better” than another. The quest to 
develop statistical models appropriate for network data spans many decades 
(Holland & Leinhardt, 1979) and several teams of researchers. Fortunately, 
much progress has been made and a set of tools emerged that enable 
researchers to determine whether a given network can be considered to have 
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certain structural tendencies (e.g., Is the network transitive?), whether behav-
iors drive network structures (e.g., Are smokers more likely to be selected 
as friends?), and how network relations infl uence behaviors (e.g., Do popular 
individuals have a greater infl uence on their friends?) over time.

Estimating the Link

Conceptually, to test the probability of observing network as a function of 
the structural characteristics within the network (e.g., number of ties, recip-
rocal ties, transitive triads, etc.) was conducted by estimating the probability 
of a link. Early work used maximum pseudo-likelihood estimation (MPLE) 
to estimate the contribution of relevant structural properties to the observed 
network. Essentially, this approach uses logistic regression to estimate 
whether the property increases or decreases the likelihood of observing a tie 
between two nodes, while accounting for other structural tendencies in the 
network. For example, an analysis including two parameters for density and 
reciprocity where the estimate for reciprocity is negative would indicate that 
there is a tendency for ties not to be reciprocated after controlling for the 
total number of ties observed within the network.

A useful introduction to MPLE for estimating network parameters was 
provided by Crouch, Wasserman, and Contractor (1998; also see Anderson 
et al., 1999) in which they illustrate the technique using both hypothetical 
and empirical data. In their hypothetical example, a small network of six 
nodes with 12 links is proposed that has one binary attribute distributed 
within it. Crouch and others (1998) explain that this network consists of 
12 ties and 18 non-ties and the matrix is reshaped to a vector (a column with 
30 entries) of 1s and 0s. Additional vectors are stored next to the link vec-
tor that represent whether the two nodes share the attribute, whether the tie 
should exist under conditions of mutuality, whether it should exist if mutual-
ity occurs within the attribute, and whether the tie should exist under condi-
tions of transitivity. In other words, variables are constructed that represent 
each tie’s contribution to the structural properties of interest and, using logis-
tic regression, model parameters are estimated that allow one to test whether 
these properties contribute signifi cantly to the presence or absence of a tie.

Vectorizing the Matrix

As mentioned on the estimating a link section, the process of estimating 
an network effects originally involved vectorizing the matrix. The matrix 
of i-to-j links can be converted to a vector; that is, the rows of the  network 
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are stacked under one another to make one big column in which each row 
indicates the value of a specifi c i and j linkage, whether 0 or 1. This now 
becomes a vector that can be treated like any other vector, and we can per-
form a (logistic) regression to determine the things associated with elements 
of the vector being 1s rather than 0s. The link vector is the sequence of 0s 
and 1s representing who is connected to whom reformatted as a column. 
This link vector, the links and nonlinks in the network, is the dependent 
variable to be predicted with the understanding that the row entries are 
not independent observations. They are not independent because the same 
person contributes multiple cases to the dataset. This dependence violates 
the assumption of independence in normal regression analysis. Multilevel 
models (also known as random effects models) have been developed to cope 
with this nonindependence in survey research, and the network effects were 
developed to specifi cally model dependence in the network.

Maximum pseudo-likelihood estimates (MPLE) work by analyzing the 
factors associated with an element in the link vector being a 1 rather than 
being a 0. Node characteristics and structural properties are merged with 
the link vectors and statistical analysis can be conducted to determine if 
any of these are associated with a link. In sum, the network is converted 
to a vector (column) in which each element indicates whether there is a 
link between two nodes. This dyadic relational data is the outcome to be 
predicted. Vectors for the node attributes and vectors for the dependencies 
(network structure) are merged with the dyadic relational data. Then a logis-
tic regression is calculated with the dyadic relational data (link vector) as 
the dependent variable and the other vectors as independent.

Figure 9–1 provides an illustration of how data can be reshaped for sta-
tistical analyses using a hypothetical group of 10 people with two attributes, 
sex and age. For example, person 1 has 4 outgoing ties, is male and 24 years 
old. To analyze these data, the data are converted to dyadic so each obser-
vation is the relationship between two people. The fi rst two columns index 
the rows and columns to keep track of the people so the fi rst 10 cases are 
person one’s outgoing relations. P is the column indicating whether there is 
a link between the two people. Out is a count of the outdegree (number of 
nominations) for that person. R indicates whether the relationship between 
the two people is reciprocated (mutual) and T indicates whether the pair is 
in a triadic relationship. Hs is a variable indicating whether the pair are the 
same (homophilous) on sex. Da is a variable indicating the degree of differ-
ence between the pair on age.

The statistical analysis then estimates whether these constructed variables 
(D, R, T, Hs, and Da) are associated with P, the link between the two people. 
(Refl exive, or relations with oneself, are removed.) Of course these are not 
the only, nor necessarily the best variables to be constructed from this type 
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1 2 3 4 5 6 7 8 9 10 Sex Age
1 0 1 0 0 1 0 0 1 0 1 Male 24
2 1 0 0 0 0 0 1 0 0 0 Male 25
3 0 1 0 0 0 0 0 0 0 0 Female 25
4 0 0 0 0 0 1 0 0 0 0 Female 27
5 1 1 0 0 0 0 1 0 0 1 Female 32
6 0 1 0 1 0 0 0 0 0 0 Female 32
7 0 1 1 0 1 0 0 0 0 1 Female 26
8 0 0 0 0 0 0 0 0 0 0 Male 23
9 0 0 1 0 0 1 0 0 0 1 Male 35
10 1 0 0 0 0 0 1 0 1 0 Male 37

Reshaped data

i j P I Out R T Hs Da

1 1 0 1 4 1 0 1 0
1 2 1 1 4 1 1 1 1
1 3 0 1 4 1 0 0 1
1 4 0 1 4 1 0 0 3
1 5 1 1 4 1 1 0 8
1 6 0 1 4 1 0 0 8
1 7 0 1 4 1 0 0 2
1 8 1 1 4 0 0 0 1
1 9 0 1 4 1 0 1 11
1 10 1 1 4 1 1 1 13
2 1 1 1 5 1 1 1 1
2 2 0 1 5 1 0 1 0
2 3 0 1 5 0 1 0 0
2 4 0 1 5 1 0 0 2
2 5 0 1 5 0 1 0 7
2 6 0 1 5 0 0 0 7
2 7 1 1 5 1 1 0 1
2 8 0 1 5 1 0 1 2
2 9 0 1 5 1 0 1 10
2 10 0 1 5 1 0 1 12

i Row i
j Column j
P Tie
D Density
Out Out-degree
R Reciprocity
T Transitivity
Hs Homophily on Sex
Da Difference on age

1

2

3

4

5

6

7

8

910

Figure 9–1. Illustration of data re-shaping for maximum pseudo-likelihood estimation 
(MPLE) analysis. A hypothetical network of 10 people with sex and age attribution.
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of data. For example, one might want to estimate whether the two people are 
in a transitive triad in addition to any triadic relationship. Or the researcher 
might want to estimate the effect of in-degree nominations. And of course 
with longitudinal data on the same people over time many types of interac-
tions can be created. The conceptual point to understand is that the relation-
ships naturally viewed as a matrix can be converted to dyadic relationships 
and variables indicating aspects of those relationships are then associated 
with each one. These challenges led to the development of exponential ran-
dom graph models (ERGM).

Exponential Random Graph Models (ERGM)

ERGMs provide a statistical analysis of a network that can serve two func-
tions: (1) to determine whether network structural properties such as transi-
tivity occur in a network more than expected by chance and (2) to determine 
whether there is an association between network links and behavior. It should 
be stressed that ERGMs are used for cross-sectional data. The statistical test 
measures the likelihood that the observed network could have emerged by 
chance. Specifi cally, it can be determined whether this observed network is 
a function of properties based on the algorithms and materials presented in 
Chapters 5 through 8. The algorithms and indicators presented in Chapters 
5 through 8 are used to calculate the density, degree of reciprocity, transi-
tivity, clustering, and so on that exist in that network. They do not, how-
ever, empirically assess the extent to which these properties exist, given the 
density and other lower-order dependencies. For example, in any network, 
there is likely to be some reciprocity just by chance, and in a network with 
more links (greater density) there will be more reciprocity just by chance. To 
determine if there is a tendency toward reciprocity in a network, a statistical 
model should control for the density of the network. ERGM provides a way 
to determine whether network properties occur by chance as a result of other 
network properties or whether the properties so measured are unlikely given 
other parameters of the network.

The second primary use of ERGMs, and perhaps the more substantive, is 
the ability to incorporate nodal attributes in model estimation. Nodal attri-
butes are characteristics that might infl uence the formation or dissolution 
of a tie, such as whether adolescent boys are more likely to form friend-
ships with boys than with girls. The node attribute’s sex then is an important 
determinant of network structure and ERGMs can determine whether this 
tendency is exhibited in the friendship network. In addition to antecedent 
characteristics such as sex, researchers will often want to include a behav-
ioral outcome variable such as smoking. For example, ERGMs can determine 
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whether friendships are more likely to form among teens when they have 
similar smoking status.

In sum, ERGM analysis can be used for (at least) three functions: 
(1) describe a network in terms of its structural properties; (2) determine if 
individual attributes (or node characteristics) are associated with network 
structural properties; and (3) determine if individual attributes are associ-
ated with behaviors controlling for items 1 and 2. So, for example, an ERGM 
can be estimated to determine if ties are reciprocated, if that reciprocation 
is greater than expected by chance, and if it is associated with sex (boys 
more likely to reciprocate friendships with boys). We might then include a 
behavior in the model to determine if smoking is more likely among friends 
controlling for sex and reciprocity.

Simulation

The MPLE approach has been shown to lead to biased estimators (van Duijn, 
et al., 2009) and thus refl ects an approximation. When the dependence 
among networks ties is not strong, then the pseudo-likelihood estimates 
will be more accurate. However, recent efforts using maximum likelihood 
approaches to estimate the structural tendencies in the observed network 
leads to more accurate estimation. This approach is based on Markov chain 
Monte Carlo (MCMC) techniques by which a distribution of networks are 
simulated, parameter estimates are obtained by comparing the observed net-
work with the simulated networks, and this process is repeated until there is 
little change in the parameter estimates (Robins et al., 2007).

The simulations are run thousands of times to generate a distribution 
of networks based on the characteristics of the empirical networks. This 
distribution indicates the possible networks given the characteristics of an 
empirical one. For example, the distribution indicates the degree of reciproc-
ity in a set of randomly generated networks that have the same density as 
the observed network. The structural properties of interest are parameters 
of higher order structure than those used to generate the distribution. Each 
parameter estimated from the randomly simulated networks is compared 
to the parameters found in the empirical network. If the empirical network 
parameter is different than the average calculated from the simulated net-
works then the researcher can conclude that the empirical network has the 
property, or more accurately, exhibits a tendency for the property.

So, for example, suppose an empirical network has 100 nodes and 500 
links for a density of 5%. We might wonder if there is a tendency for reci-
procity in the empirical network (if A named B, was B more likely to name 
A?). To determine if there is a tendency for reciprocity, hundreds or thousands 
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of networks are generated with 100 nodes and 500 links. The mean of the 
simulated distribution of reciprocal ties are calculated and then compared to 
the value in the real network. If the reciprocity of the empirical network dif-
fers from the mean reciprocity in the simulated networks more than it would 
be expected to by chance, then it can be concluded that there is a tendency 
for reciprocity in the empirical network. Figure 9–2 diagrams some of the 
parameters calculated during the ERGM simulation process. Researchers 
may optionally elect to include more parameters to guide the simulation. The 
network properties that generate the simulation are matched (e.g., density 
and reciprocity) and then higher order structural properties are compared to 
determine if they occur at a rate greater than expected by chance given these 
lower-order parameters.

It is important to realize that structural properties of networks, such as 
density, reciprocity, transitivity, and so on, are considered hierarchically. A 
test for transitivity also needs to test for density and reciprocity. In other 
words, a test for transitivity also generates simulated networks based on the 
empirical density and reciprocity. The simulated networks will have an aver-
age density and reciprocity similar to that of the empirical network because 
that was the basis for the simulation. The analysis then answers the question: 
Does the amount of transitivity in the empirical network match that of the 

Empirical NxN
Matrix of Ties

100 Randomly
Generated
NxN matrices

Density Matched Density

Reciprocity

Transitivity

2-Stars

Matched

Tested
Tested2-Stars

Transitivity
Reciprocity

Figure 9–2. The empirical network is described by its density, reciprocity, transitivity, 
and other structural indicators. Random networks are generated which have these same 
structural characteristics for the control structures and those which are not generated 
explicitly in the simulation are tested.
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simulated networks, or are they different? If different, then the observed net-
work can be characterized as having transitivity above or below what would 
be expected by chance in networks of this size, density, and reciprocity.

Of course, things can get more complicated than this for several reasons. 
First, it is hard to know how many networks need to be generated to get a 
valid distribution of parameters. Second, as networks get bigger, it becomes 
increasingly diffi cult to generate lots of networks and calculate multiple 
structural properties. Third, as node attributes are added to the analysis (e.g., 
gender, drug use), the computational effort increases further. To address 
these diffi culties, statisticians have devised ways of generating the simulated 
distributions without creating whole simulated networks.

Returning to the hypothetical example of 100 nodes and 500 links, the 
analysis would need to generate 1,000 networks of 100 nodes and 500 links 
and calculate reciprocity on all of them to create a distribution of reciproc-
ity values for networks of 100 nodes and 500 links. Rather than generate 
an entire matrix of random links spread among the 500 nodes, we might 
randomly choose links to be on or off (connected or not). Now the procedure 
generates random networks based on the size and density parameters of the 
empirical network, but rather than generate entire networks, only a sample of 
each network is created. This sample is then used to calculate network param-
eters of interest. In this way, a large distribution of network parameters can be 
obtained based on randomly generated networks in an effi cient manner.

One issue is how to generate the random networks. In the ERGM frame-
work, the simulated networks are created by randomly generating networks 
based on the structural parameters of interest (density, reciprocity, transi-
tivity). These simulated networks are referred to as dependence networks 
because they specifi cally indicate the nonindependence that exists between 
cases in the network. Unlike randomly selected samples, cases in a network 
dataset are specifi cally linked to one another as indicated by the network 
links and the structures in that network. So the dependence graph describes 
the dependencies indicated by the network based on the structural model. 
For example, if the structural model specifi es that a network is characterized 
by transitivity, then two nodes linked in a transitive relationship are depen-
dent on one another according to this structure. The dependence network is 
the connections in a network implied by a structural model. In other words, 
the dependence network indicates what links would exist in a network if the 
structural model explained the specifi c set of relationships.

In sum, ERGM is used when there is an empirical network in which we 
want to know whether there is a tendency for some structural relations, such 
as transitivity. A large sample of random networks is generated (actually 
sampled networks because it is too time-consuming to generate the entire 
network), which is based on the dependence graph implied by the structural 
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model, transitivity, plus lower-order dependencies (density and reciprocity). 
The empirical network’s transitivity is then compared to the transitivity of 
the simulated sample. If the simulated sample’s average and empirical values 
are different (where a t-value greater than 1.96 indicates statistical signifi -
cance at the 0.05 level), the researcher concludes that the empirical network 
exhibits a tendency toward transitivity. Note that this analysis does not prove 
the network is transitive because the analysis has not been able to longitudi-
nally model the underlying processes implied by the transitivity.

One other element needs to be added to make the story complete, and that 
is how to seed the simulated networks to create the distribution. The struc-
tural model indicates whether links should exist, given the implied depen-
dencies in the model. But how do we know how to start the creation of the 
random networks? The “burn-in phase” of network generation refers to the 
initial seeding of links in the simulation of randomly generated networks. 
Initial links are selected at random and then the rest of the network is fi lled 
in according to the structural models specifi ed. One of the challenges facing 
ERGMs is discovering ways to build these networks that provide reliable 
parameter estimates for the simulated networks. Some earlier techniques, 
Bernoulli graphs and Markov random graphs, were based on simple rules 
that did not provide satisfactory simulated network distributions. Recent 
developments in model specifi cation have resulted in programs that generate 
better simulated networks in the sense that they are structurally similar to 
the empirical networks.

New Specifi cations

The approach outlined thus far had been used for some time with mixed 
success. One problem was that simulating networks with higher-order prop-
erties (such as transitivity) degenerated. Degeneration refers to the scenario 
when the simulation parameters lead to very non-normal networks that are 
either too connected or too disconnected. Specifi cally, transitivity is a key 
structural feature of networks and so researchers often wanted to control for 
transitivity in a network. Growing simulated networks that are transitive was 
problematic, however, because such networks tend to have highly connected 
subgroups with no bridges between them. The simulated networks often 
resulted in completed connected subgroups or completely null networks no 
links at all. Thus, the simulated networks did not resemble the empirical one 
on which they were based.

As Harrigan (2009) points out, two recent specifi cations have helped to 
solve these earlier problems and made it possible to estimate ERGMs (Robins 
and Pattison, 2005; Robins, et al., 2007; Snijders et al., 2007). These two 
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advances were (a) the introduction of the four-cycle and (b) the use of a “rub-
bery ceiling” on structural parameters, which limited the number or den-
sity of certain specifi cations such as transitive triangles. The most prominent 
model parameter that incorporates these changes is the alternating k-star con-
fi guration (Snijders, 2005).

The alternating k-star parameter is critical to model estimation and has 
three features. First, all star confi gurations (those that involve an ego’s direct 
ties) are incorporated into one parameter estimate. Rather than count the 
number of 2-stars, 3-stars, 4-stars, and so on, the k-star confi guration esti-
mates how many of all kinds of stars there are in a network. Second, the 
probability of a star of a particular order is inversely proportional to its order. 
So 2-stars are more likely than 3-stars, which are more likely than 4-stars, 
and so on. This makes sense, of course, because in most networks, 2-stars 
are more common than 3-stars, which are more common than 4-stars, and so 
on. A parameter estimate for k-stars captures in one estimate the distribution 
of stars in the network. Finally, the sign, positive or negative, for the prob-
ability of higher-order stars alternates so that if a 2-star has a positive sign, 
the 3-star will be negative, the 4-star will be positive, and so on.

Researchers also introduced the alternating k-triangle parameter, which 
is similar to the alternating k-star. The alternating k-triangle incorporates a 
four-cycle and so relies on the conditional independence assumption men-
tioned earlier. Finally, researchers introduced the alternating k-two paths 
parameter, which estimates the probability that two nodes share another node 
(i.e., two people are connected by an intermediary). In sum, estimating tradi-
tional Markov models was problematic for some time until these alternating 
k-star, k-triangle, and k-two path parameters were introduced. Once they were 
incorporated into the simulation of the distribution of networks, comparisons 
between empirical and simulated networks could be made and parameter 
estimates generated. Some progress has also been made at estimating the 
simultaneous effects of multiple networks (Koehly & Pattison, 2005).

Obesity Example

For example, Valente and others (2009) collected data from sixth-grade stu-
dents in four schools in 17 classes. Students were asked to name their fi ve 
closest friends in the class. Height and weight measurements were taken of 
all the students and their body mass index (BMI, in kg/m2) was calculated. 
BMI is typically used as an indicator of body composition, with adult BMI 
values greater than 30 signifying obesity.

An ERGM model was used to test the probability that friendship ties 
existed (relative to no tie) as a function of the network change statistics of 
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the structural properties density, reciprocity, and so on. The network change 
statistics refer to the difference in the count of various network  confi guration 
types when the tie from node i to node j is absent to when the tie is  present. 
This study used the latest specifi cation for ERGMs as discussed earlier 
(Robins et al., 2007). A common model was applied to all 15 classes and 
parameter estimates and their standard errors were aggregated as in a meta-
analysis to determine if the effects generalize across classes (Snijders & 
Baeveldt, 2003).

After controlling for structural effects, weight status similarity had a 
strong and statistically signifi cant effect (T2 = 53.73, df = 15, p < .001) with a 
mean effect size of 0.22 (p < .001), indicating friendships were more likely 
to exist between students of the same rather than different weight statuses. 
The estimated between-classroom standard deviation of this effect size was 
0.06 (p = NS). The study also tested whether weight status was associated 
with naming more friends or being named as a friend. For naming friends, 
there was a signifi cant main effect of weight status (T2 = 27.93, df = 15, 
p < .05) with a mean effect size of 0.13 (p < .05), indicating that overweight 
adolescents named more friends than nonoverweight ones. The estimated 
between-class standard deviation of this effect size was 0.13 (p < .05), indi-
cating the estimated effect size was different between classes.

Note the ERGM results do not show which direction the association 
occurs. That is, there is an association between friendship and weight sta-
tus, which also means that nonobese students are also more likely to be 
friends with one another. The ERGM parameter estimate is not particularly 
informative as the researcher does not know how strong the association is. 
The ERGM analysis, however, does assure the researcher that the association 
between weight status and friendship is not a function of being connected to 
the same others in the class or other structural characteristics of the network. 
This study (Valente et al., 2009) also used regular random effects logistics 
regression to estimate the association between being at risk for obesity and 
having obese friends. The regression results indicated an approximate two-
fold increase in obesity for those with obese friends.

In sum, ERGMs are the fi rst building blocks of statistical estimation of 
network structural effects. Researchers wishing to know whether an empiri-
cal network is signifi cant can use ERGMs to generate simulate (random) 
networks derived from the features of the empirical networks. Higher-order 
structural effects can be compared, between the empirical and simulated 
distributions, provided the lower-order structural effects are matched. For 
example, transitivity can be tested provided size, density, and reciprocity are 
matched (or at least the analysis is conditioned on density).

The statistical analysis conducted to test whether a network exhibits the 
proposed structural features is conducted by estimating how well the ties in 
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the empirical network match those generated by the simulations. The net-
works are simulated, a matrix representing the links implied by the struc-
tural model is constructed, and then this matrix is converted into a vector 
that indicates who is linked to whom if the structural model were true. This 
vector can then be regressed (logistically since its binary) on the actual vector 
of who is linked to whom to determine if the empirical data fi t the model.

Actor-Oriented Model

To this point, ERGMs have been described as ways to determine whether an 
empirical network exhibits structural tendencies (e.g., amount of transitivity) 
and whether individual attributes may be associated with a link between two 
people. For example, do the actors tend to form reciprocal or transitive rela-
tionships, and are obese students more likely to be friends with other obese 
students? Researchers, however, have been interested for some time in how 
networks evolve and whether there are individual (or node) characteristics 
associated with network evolution. Testing whether there are certain proper-
ties that drive network changes associated with network evolution is often 
referred to as the actor-oriented model. The estimation procedure allows 
researchers to identify whether behaviors are associated with the formation 
and/or dissolution of a tie between actors and whether network ties lead to 
changes in behaviors.

The actor-oriented model follows similar logic to ERGMs except that 
rather than generating 500 simulated networks to compare against an empir-
ical one, the researcher specifi es the way the network at time one evolves to 
become the network at time 2. Identifying the evolution of social network 
preferences over time uses what have been called stochastic actor-oriented 
models (Burk et al., 2007; Snijders, 2001; Snijders et al., 2007). Instead of 
calculating frequencies of various types of social confi gurations as is done 
in ERGMs, actor-oriented models simulate dynamic processes using what 
is essentially a form of agent-based modeling. Current software programs 
used to estimate actor-oriented models require the researcher to specify the 
parameters that are thought to govern how the network evolves from time 1 
to time 2 and then generates a simulation of networks to determine whether 
imposing those rules will generate networks similar to the observed network 
at the later time point. The challenges for the researcher are to specify the 
structural and behavioral tendencies in the network (this is known as the 
objective function).

Currently, there are three computer platforms used to test longitudinal net-
work and behavior models: SIENA (Simulation Investigation of Empirical 
Network Analysis) STATNET, and PNET. The rest of this section is written 
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somewhat from the SIENA perspective. Specifi cation of a SIENA model 
entails specifi cation of the objective function and rate function. The objec-
tive function is the specifi c network structural properties thought to drive 
the evolution of the network, and the rate function is the estimated number 
of changes each actor can make between observed time points. The objec-
tive function indicates the tendency or preference for the current state of the 
network. Practically, the researcher specifi es in the software the structural 
and attribute-based factors thought to affect social and behavioral evolu-
tion and does not write out the objective function. For the rate function, the 
researcher typically allows the software to estimate the rates without impos-
ing a rate function.

To test an actor-oriented model using SIENA, the researcher needs to spec-
ify the data, the network matrices, and the attribute vectors. If the researcher 
has multiple networks, such as several schools or organizations, then he or 
she needs to decide whether to estimate each network separately and conduct 
a meta-analysis to aggregate the results, or combine the networks into one 
large fi le and insert “structural zeros” for links between separate networks. 
Once the data are imported, SIENA provides separate windows to conduct 
data transformations and/or selection (subset of the population, for example).

The heart of the evolutionary analysis occurs with the model specifi cation. 
Researchers can specify the networks of relations as independent or depen-
dent variables, and attributes can be constant or change over time. In addi-
tion, the researcher can specify relationship covariates that change over time 
(e.g., whether two individuals are married, or how far they live from one 
another). Finally, the researcher indicates the parameters to be estimated—
structural parameters such as density, reciprocity, and transitivity—as well 
as the attributes that interact with these structural parameters. For example, 
a basic SIENA model might test whether students tend to reciprocate ties, to 
make transitive ties, and to make ties with others of the same gender (boys 
more likely to name boys and girls more likely to name girls). Great care 
should be taken when specifying the model parameters as these should be 
guided by the theoretical model being tested.

Once the model has been specifi ed, the simulation runs by generating net-
works based on the model specifi cations. The model will converge if the 
simulation can generate networks that resemble the empirical ones. Often 
models do not converge because the parameter specifi cation cannot generate 
networks that resemble the empirical ones, due in part to the empirical data 
(e.g., the networks are too sparse or too dense; see Chapter 8) or the model 
specifi cation contains inherent contradictions.

t-Tests are provided to determine if the model converged. Here the 
researcher looks for non–statistically signifi cant t-tests because we want the 
simulated networks to be similar to the empirical ones. SIENA then provides 
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estimates and standard errors to determine whether the analysis has produced 
signifi cant t-values. Like in regression statistics, t-values greater than 2 signify 
signifi cant estimates and the researcher can conclude that there is a tendency 
for the corresponding phenomenon in the data. A useful way to understand 
the various parameter settings to fi t actor-oriented models is to diagram the 
parameter in terms of its relation from a focal actor and its neighbors.

Table 9–1 provides a diagram of some of the different structural properties 
tested in the actor-oriented evolution analysis. Each row represents a different 
structural parameter, which is a pattern of network relationships. The fi rst row 
shows out-degree, which is an indicator of the density (the number of links) in 
the network. Out-degree is always included in an actor-based model to con-
trol for density. Out-degree parameter estimates are almost always negative, 
which suggests that ties are structured and nonrandom (a positive out-degree 
would indicate that network structures would tend to become decentralized 
with a density of 50%). The second row shows mutuality (reciprocity), where 

Table 9–1. Structural Parameters Typically Estimated in ERGMs

Parameter Illustration of 
Social Process

Description Example

Out-degree 
(density)

The overall tendency 
to have ties

Actors increase their 
connectedness 

Reciprocity Tendency to have 
reciprocated ties

Actors prefer others who 
have selected them.

Transitive 
triplets

Tendency towards 
triadic closure of 
local ties

Actors prefer others who are 
friends of their friends

Balance 
effect

Tendency to have 
ties to structurally 
similar others 
(structural balance)

Actors prefer to have ties to 
others in their circle 

Attribute 
alter

Main effect of alter’s 
behavior (covariate 
determines in 
in-degree)

Alters are nominated based 
on having an attribute or 
not nominated based on not 
having the attribute 

Attribute ego Main effect of ego’s 
property on tie 
preference

Actors make ties based on 
having an attribute or do 
not make ties based on not 
having the attribute

Attribute 
similarity

 

Tendency to be 
connected to similar 
others

Actors prefer ties with 
others who are the same on 
an attribute.

Based on Steglich et al. (2007).
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a positive estimate would indicate that given an incoming tie from B to A, 
there is high chance for A to reciprocate that tie to B. The other rows in the 
table are structural tendencies that can be tested after these fi rst two.

WINCART

To illustrate the co-evolution model, a study was conducted to evaluate the 
effects of a Community-Based Participatory Research (CBPR) interven-
tion designed to increase linkages between community based organizations 
and university researchers around issues of cancer education, training, and 
research (Israel et al., 2000; Wallerstein & Duran, 2006; Valente et al., in 
press). This study reports the results of the Weaving an Islander Network for 
Cancer Awareness Research and Training (WINCART) initiative designed 
to reduce cancer disparities among Pacifi c Islanders in Southern California 
(Tanjasiri & Tran, 2008). WINCART was created as a forum for com-
munity groups to meet and establish connections between various Pacifi c 
Island community groups and involved both a scientifi c advisory board and 
a community advisory board to guide WINCART’s education, research, and 
training activities. A stated objective of the WINCART initiative is to cre-
ate linkages between community-based organizations (CBOs) and academic 
institutions conducting cancer research (Tanjasiri et al., 2007). These link-
ages would enable community organizations to disseminate information 
about cancer research and treatment developments to their constituents. At 
the same time, WINCART was designed to create connections from aca-
demic institutions and cancer researchers to CBOs so that cancer research, 
education, and training would be more community informed

WINCART conducted many activities to bridge the gap between com-
munity and academia such as retreats, events, symposia, and relationship 
building. An actor-oriented model was used to determine if WINCART was 
effective in integrating these groups. There were 19 organizations in the 
study: 11 CBOs, 5 universities, and 3 national cancer-related organizations 
(e.g., American Cancer Society). Fourteen network questions were asked with 
regard to (1) communication, (2) formal agreements, (3) client referrals to, 
and (4) client referrals from; non-cancer communication or interaction regard-
ing (5) education, (6) outreach, (7) training, (8) advocacy, and (9) research; and 
cancer communication or interaction regarding (10) education, (11) outreach, 
(12) training, (13) advocacy, and (14) research. Respondents were presented 
with a roster of all 19 organizations and invited to check those with which 
they interacted.

Electronic invitations and surveys were sent to 121 individuals in 16 orga-
nizations in June 2005 and 113 individuals in 17 organizations in July 2007. 
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Ninety-one respondents completed the survey at time 1 (75.2%) and 56 at 
time 2 (49.5%). At time 1, the three national organizations were not solicited 
to participate but invitations were sent to representatives of CIS working in 
the community at time two. These responses were not included in the study 
since these data were only available at time 2. All linkages to these three 
national organizations were removed from the data for this analysis because 
they did not make any nominations (were not invited participate in the study). 
At least one individual from every participating organization responded. The 
lower than expected response rate may have been a function of individuals 
within the same organization telling each other they responded for the orga-
nization. Follow-up conversations with some nonresponders also indicated 
that they mistook the time 2 solicitation for a reminder of the time 1 survey 
they already completed. The data were aggregated to the organizational level 
so that individual responses are unknown.

Because the number of respondents from each organization varied, links 
between organizations were summed and then divided by the number of 
respondents from each organization. The dependent variable in this case 
is the percent of links from one organization to another and the guiding 
research question is whether connectivity increased over time and became 
more heterogeneous on status (CBO versus university).

There was a decrease in respondents per organization from 4.79 and 2.95 
at time 1 and 2, respectively. Most respondents were female, 87.9% and 
81.4% at time 1 and 2, respectively. Respondents were experienced working 
in their organizations, averaging approximately 7 to 8 years working with 
their current organization. Most had participated in WINCART activities, 
58.6% to 67.9%, averaging 1.71 to 2.38 activities in the past year. There were 
1,426 links reported in response to the 14 network questions at baseline, and 
despite the fewer number of respondents, there was an increase to 1,617 links 
at time 2. There were 146 and 159 links within the organizations at time 
1 and 2, respectively.

The linkage rate (percentage of respondents in the organization who 
 nominated another organization) was 30% at time 1 and increased to 43% 
at time 2. At both time points, organizations were nominated by the most 
respondents in response to the question, “Which organizations have you 
communicated with in the past year” (44% and 54%, respectively). At time 1, 
the number of connections was lowest for receiving clients (19%), but at time 
2 it was lowest for non–cancer-related research (34%). Figure 9–3 illustrates 
the cancer education network at times 1 and 2 with organizations depicted as 
CBOs (circles) or universities (squares).

As in the ERGM example, initial analysis consisted of estimation using 
ordinary least-squares regression of the connection percentage as a function 
of time; follow-up response rate; network question (general, noncancer, or 
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cancer); organization type; and a time-by-type interaction term. A  positive 
and statistically signifi cant time-by-type interaction effect indicates that 
linkages increased over time between and/or among types. The regression 
model was also reestimated using a random effects probit model to control 
for clustering of responses within organizations. For both of these models, 
the regression analysis showed a statistically signifi cant interaction terms 
in which links from CBOs to CBOs and links from CBOs to universities 
increased over time (see Valente et al., in press).

In the statistical evolution model, parameters were included that tested 
whether there were tendencies for linkages between organizational types to 
occur after controlling for the network structural effects of density, reciproc-
ity, and transitivity. Specifi cally, the objective function specifi ed whether 
(1) there were more outgoing links based on organizational type, (2) there 
were more incoming links based on organizational type, and (3) organiza-
tions of the same type link with one another more than they link with other 

(a)

(b)

Figure 9–3. (a) Cancer Education Network at time 1. (b) Cancer Education Network 
at time 2. Links indicate which organization nominated which other dichotomized on 
the median value. Circles are CBOs and squares are universities. There is an increase in 
linkage from CBOs to universities but not from universities from CBOs. Figures created 
with Netdraw (Borgatti, 2005).
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types (similarity effects of the organizational type). The joint contribution of 
these organization-type effects to the objective function is (Snijders et al., in 
press) presented as follows:
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(9-1)

where βe is a parameter for the ego effect, βa is a parameter for the alter 
effect, βs is a parameter for the same effect, xij is a tie variable from orga-
nization i to j, vi is an ego’s value of the organizational type, vj is an alter’s 
value of the organizational type, and I{vi = vj} is an indicator function of the 
similarity coded as 1 if vi = vj and as 0 otherwise. The equation representing 
the contribution to the objective function of the single tie from organization i 
to organization j (xij) that takes only the effects related to organizational type 
is as follows (Snijders et al., in press):

 e i a j s i jv v v v I v v( ) ( ) { }− + − + =  (9-2)

where v is a mean value for the centering.
The 14 networks were analyzed separately and combined using meta-

analysis (Snijders & Baerveldt, 2003). Each network was dichotomized on 
median values of the proportion respondents nominated for each network 
across waves (ranged from 0.20 to 0.33). The same objective function speci-
fi cations were applied to each network and the results were combined to 
produce vectors of parameter means and standard errors across networks 
(with specifi cation of the upper bound of 5). Based on these results, ego-alter 
selection values were created using Equation 9-2 for the two values of orga-
nization type, vi and vj. Organization type was coded as 0 for the fi ve univer-
sities and 1 for the 11 CBOs yielding a global mean v = 0.69. The centered 
value for university was –1.69 (= 0 – 1.69) and 0.31 (= 1 – 0.69) for CBOs. 
All estimation was done using SIENA (Snijders et al., 2007).

For the SIENA results, all 14 networks attained convergence with 
t-ratios being less than .1 in absolute value. The results of the meta-anal-
ysis across all networks indicated there was a signifi cant ego effect for 
CBOs indicating they increased their outgoing linkages more rapidly 
than universities (T2 = 69.00, df = 14, p < 0.001; mean effect size = 1.15, 
p < 0.001).  The alter, or incoming, effects (T2 = 20.02, df = 13, p = 0.10; 
mean effect size = –0.64, p < 0.001) and similarity effects (T2 = 14.49, 
df = 13, p = 0.34; mean effect size = 0.55, p < 0.01)) based on organiza-
tional type were not signifi cant indicating no difference in nominations 
received by organization type and no difference in the likelihood of link-
age between organizations of the same type.  The estimated between-
network standard deviation for the ego effect (outgoing) parameter along with 
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those for incoming and similarity parameters were negligible indicating simi-
lar effects across networks. The estimated mean effect sizes for each covariate 
were entered into equation (3):

1.15(vi – 0.69) – 0.64(vj – 0.69) + 0.55I(vi = vj)                          (9-3)    

Substituting the values 0 for Universities and 1 for CBOs into v, yields the 
following results for ego-alter selection tendencies as in Table 3: university to 
university, 0.20; university to CBO, –0.99; CBO to university, 0.80; and CBO 
to CBO, 0.71. Consequently, CBOs exhibited a tendency to prefer relations 
with universities (0.80) or other CBOs (0.71); whereas universities tended to 
prefer connections to other universities (0.20) and not to CBOs (–0.99). In 
sum, these results show that there was a tendency for CBOs to connect to 
one another and to universities, but universities did not demonstrate a prefer-
ence for connecting to CBOs or themselves.

These results illustrate how the actor-oriented co-evolution model can be 
applied to a substantive public health problem, evaluating CBPR as a means 
to bring evidence-based public health to communities and to enable research-
ers to conduct community-informed research. The statistical analysis showed 
that linkages from CBOs to other CBOs and from CBOs to universities 
increased during the study. In contrast, university faculty did not increase 
their ties to other universities or to CBOs. This suggests that WINCART was 
successful at motivating network change among the community partners but 
not among university researchers (Valente et al., in press).

There are many other applications in public health that are just being 
tested. SNA provides a framework for understanding the structural pro-
cesses that give rise to a specifi c network. The regression approach treats 
social relations as antecedents to behaviors. Usually in public health, we are 
more concerned with how a specifi c network structure affects the spread of 
disease or risk behavior, not in the mechanisms that created a specifi c struc-
ture. However, to the extent that attributes are included in the analysis, SNA 
can be useful for understanding how certain attributes interact with network 
structure. So for example, it can be determined whether smokers are more 
likely to associate with other smokers, thus testing for homophily on smok-
ing behavior, which is critical for understanding peer infl uence.

Summary

This chapter has attempted to provide a nontechnical introduction to 
 techniques used to conduct statistical analyses on networks. The ERGM was 
introduced as the building block for statistical estimation. ERGM is a tech-
nique in which an empirical network is compared to randomly generated 
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ones to determine if structural properties in the empirical network occur 
greater than expected by chance. The critical element is to understand that 
structural properties are hierarchical so that density is nested within reci-
procity, which is nested with triadic structures, and so on. The simulated 
networks match on the lower structural properties and are used to statisti-
cally assess the higher ones.

The chapter also emphasized the innovation of testing structural proper-
ties against the presence of a link in the network. Initial statistical analyses 
of networks involved converting the matrix of links to a vector representing 
each tie and regressing this on structural elements in the networks. Recent 
developments of new specifi cations for the generation of simulated networks 
has created the capability to test co-evolution models that simultaneously 
test for network and behavior changes in one statistical model. The chap-
ter included some empirical examples. As Snijders notes, “The statistical 
modeling of social networks is diffi cult because of the complicated depen-
dence structures of the processes underlying their genesis and development” 
(Snijders, 2005, p. 215). In spite of these challenges, considerable progress 
has been made and many new discoveries regarding network effects and 
processes are imminent.

Acknowledgments: The author thanks Laura Koehly, Kayo Fujimoto, and Kate Coronges 
for help with this chapter.
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This chapter reviews the diffusion of innovations theory, which has been the 
theory that has used network principles and perspectives most extensively. 
An introduction to the theory and a review of its principles are provided. 
The chapter then covers the major models used to understand how diffu-
sion through networks occurs. Empirical data illustrating network exposure 
effects are presented as well as the calculation and interpretation of network 
thresholds. The chapter closes with a brief critique of the theory. Many con-
cepts related to diffusion have been interspersed throughout this volume, but 
this chapter delves deeper into the issues.

Behavior change theories are used to understand how social change occurs 
(Valente, 2002). The most prominent behavioral application of network analy-
sis is the study of the diffusion of innovations, which explains how new ideas 
and practices spread within and between communities. Diffusion of inno-
vations theory has provided the theoretical underpinnings to research how 
networks affect behavior and behavior change. Diffusion theory is one of the 
most widely used theories in public health (Glanz et al., 2002). It has its roots 
in anthropology, economics, geography, sociology, marketing, among other 
disciplines (Brown, 1981; Hägerstrand, 1967; Katz, 1962; Katz et al., 1963; 
Robertson, 1971; Rogers, 2003) and has in some ways been adapted from 
epidemiology (e.g., Bailey, 1975; Morris, 1993). The premise, confi rmed by 
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empirical research, is that many new ideas and practices spread through inter-
personal contacts largely consisting of interpersonal communication (Bass, 
1969; Beal & Bohlen, 1955; Katz et al., 1963; Ryan & Gross, 1943; Rogers, 
2003; Valente, 1995, 2005; Valente & Rogers, 1995).

A new idea or practice may originate in another community and be trans-
ported to the host community, or it may originate, be invented in, the com-
munity where it diffuses. Ideas and innovations enter communities from 
external sources such as the mass media, via labor exchanges, technological 
innovations and shifts, cosmopolitan contact, and many other sources. The 
critical element for diffusion is that information about the new idea or prac-
tice spreads through interpersonal contact networks. (Many diffusion stud-
ies have not measured social networks and how information fl ows through 
networks and a purist might argue that these studies fall into the realm of 
behavior or social change studies and not diffusion.)

In their pioneering study, Ryan and Gross (1943) laid the groundwork for 
the diffusion paradigm by showing that, among other things, social factors 
rather than economic ones were important infl uences on adoption (Valente & 
Rogers, 1995). Hundreds of diffusion studies were conducted in the 1950s 
and early 1960s to examine the diffusion process in more detail across a 
variety of settings (Rogers, 2003). Many studies sought to understand how 
information created in government or otherwise sponsored programs could 
be disseminated more effectively. Diffusion research peaked in the early 
1960s but has been reinvigorated recently with the advent of more sophisti-
cated network models and technology, making it possible to study the diffu-
sion process more explicitly.

Most diffusion studies focus on trying to understand the factors that lead 
some members of a population to adopt a new idea, while others do not. 
Further, studies try to understand why some people adopt the behavior early 
while others wait a substantial amount of time before accepting the new 
practice. For example, Ryan and Gross (1943) wanted to know why some 
farmers purchased hybrid seed corn almost immediately upon its availabil-
ity while others waited until almost all the farmers purchased it before they 
were willing to do so. Similarly, Coleman and others (1966) wanted to know 
why some physicians began prescribing tetracycline as soon as it was avail-
able, while others waited until most physicians prescribed it before they were 
willing to do so.

The fi ve main elements of the diffusion model are (Rogers, 2003) that 
(1) perceived characteristics of the innovation affect its rate of adoption; 
(2) diffusion occurs over time so that rate of adoption often yields a cumu-
late adoption S-shaped pattern, and individuals are classifi ed as early or 
late adopters; (3) individuals pass through stages during the adoption pro-
cess typically classifi ed as knowledge, persuasion, decision, implementation, 



174  APPLICATIONS

and confi rmation; (4) people can modify the innovation and sometimes 
 discontinue its use; and (5) mathematical models can be developed to mea-
sure the rate and character of diffusion curves (Mahajan & Peterson, 1985; 
Valente, 1993; Young, 2006).

Some scholars have treated the rate of new adopters as normally distrib-
uted, and in such cases adopters can be classifi ed in terms of their innova-
tiveness or how early or late they are in the diffusion process relative to the 
population. By treating the new adopters, the incidence curve, as normally 
distributed, adopters are classifi ed as early adopters (fi rst 16%), early major-
ity (17% to 50%), late majority (51% to 84%), and laggards (85% to 100%). 
Diffusion is usually a very slow process, taking years and decades for many 
signifi cant innovations. For example, the telephone took decades from its 
invention to widespread acceptance.

The prototypical diffusion study was Ryan and Gross’ (1943) study of 
factors that infl uenced rural Iowa farmers to adopt the use of hybrid seed 
corn (Box 10–1). Hybrid seeds took decades to be developed and perfected 

Box 10–1. Ryan and Gross and the History of Diffusion

Bryce Ryan studied sociology and economics at Harvard University and 
obtained his fi rst faculty appointment at Iowa State University. He was 
assigned a doctoral student named Neil Gross. Ryan was casting about for 
a study topic and noticed that there was a lot of corn in Iowa. Throughout 
the early part of the twentieth century, scientists had been creating var-
ious hybrid corn seeds, which replaced open pollinated varieties. Hybrid 
seeds were a radical departure for farming since they required the pur-
chase of seeds each year, that the farmer then planted in contrast to 
using his or her own crop to provide the seeds for each year’s planting.

Hybrids had higher yields and were more drought resistant than open 
pollinated varieties, so they were a seemingly advantageous innovation. 
Yet it took decades for hybrids to be adopted by farmers in the United 
States and internationally. To spur diffusion, the U.S. Agricultural Extension 
Service was created to publish information on hybrid seed productivity, 
and private seed companies often distributed free samples to farmers.

Ryan launched a study in two Iowa communities to determine factors 
associated with the adoption of hybrid corn seed (Ryan & Gross, 1943). 
They contrasted economic variables (e.g., size of farm) with social ones 
(e.g., readership of farm bulletins). The Ryan and Gross study became a 
classic as it was a model for the study of behavior change and how new 
ideas and practices within and between communities (Crane, 1972). The 
diffusion of hybrid corn seed among the 257 farmers Ryan and Gross was 
textbook diffusion in action.
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in experimental lab stations. Once the hybrids were ready, it then took years, 
and in some cases decades, for these innovative seeds to diffuse among 
famers. In the Ryan and Gross (1943) study, there was a 14-year time span 
between the fi rst and latest adopters even though the innovation was patently 
advantageous.

It should also be noted that diffusion typically takes a long time. Hybrid 
seed corn was under development for decades before it became commer-
cially viable and seed companies had to give away samples for years before 
farmers would pay for it (Crabb, 1947). The telephone took decades to dif-
fuse widely in the United States, and the VCR, while seemingly an innova-
tion that diffused rapidly, took decades to reach a majority of households. To 
be sure, some innovations diffuse rapidly, but only rarely, and usually only 
under extraordinary conditions. The slow pace of diffusion is often a result 
of network structures that often inhibit diffusion. The advent of computer 
communications seems to have accelerated the spread of information and 
in many cases adoption of technologies and other products. Facebook, for 
example, spread to hundreds of millions of users in a few years (http://www.
facebook.com/press.php).

The second element of diffusion theory is that adoption does not occur 
immediately after someone fi rst learns about a new product; rather people 
pass through stages in the adoption process from becoming aware, to learn-
ing more information about it, making a decision to adopt it, trying it, and 
eventually confi rming their use. These stages can be used for market segmen-
tation as well as measuring progress toward behavior change. Most behav-
ior change models describe stages in the adoption process (Valente, 2002; 
Valente et al., 1998). Diffusion of innovations is studied in many different 
fi elds, but here the discussion is primarily concerned with how social net-
works affect adoption and diffusion of disease and/or associated risk behav-
iors. The starting point is referred to as the homogeneous mixing model.

Homogeneous Mixing

Homogeneous mixing can be demonstrated with a simple spreadsheet exer-
cise illustrated in Table 10–1. Assume a hypothetical population of 100 peo-
ple at time 1 (year 1, for example), and 5 people adopt a new idea or practice. 
These 5 initial adopters may adopt because they are persuaded by the mass 
media to adopt or because they are willing and perhaps eager to try new 
things. These 5 initial adopters have random interactions with the 95 who 
have not yet adopted and they persuade them to adopt at a rate of 1%. The 
product (5 × 95 × 0.01) yields 4.75 new adopters at the end of time 1. At the 
start of time 2, there are 9.75 (5 + 4.75) adopters interacting randomly with 



176  APPLICATIONS

the 90.25 left in the population, and they convince them to adopt at a rate of 
1% and we get 8.8 new adopters, or 18.55 total adopters.

Figure 10–1 shows the incidence and prevalence graphs for this  hypothetical 
scenario. The growth in adoption occurs gradually at fi rst and then acceler-
ates toward the middle of the diffusion process and then tapers off as the 
pool of nonadopters shrinks. The model assumes no one dis-adopts (quits 
using) and assumes uniform conversion rates (1% throughout the process). 

Table 10–1. Homogeneous Mixing Sample in Excel

Adopters Rate Nonadopters New Adopters

  5.00 1% 95.00  4.75
  9.75 1% 90.25  8.80

 18.55 1% 81.45 15.11

 33.66 1% 66.34 22.33

 55.99 1% 44.01 24.64

 80.63 1% 19.37 15.62

 96.25 1%  3.75  3.61

 99.86 1%  0.14  0.14

100.00 1%  0.00  0.00
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Figure 10–1. Typical diffusion and adoption curves (generated from hypothetical data). 
In this hypothetical scenario, fi ve initial adopters interact and convince the remaining 
95 nonadopters at a rate of 1%. The subsequent adoptions and interactions result in a 
cumulative growth curve resembling a logistic function with everyone converted by 10 
time periods.
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One can change the conversion rate to generate different curves. The model 
also provides an example how an epidemic can spread in a population.

Unfortunately, or fortunately depending on the setting, diffusion is not as 
simple as the homogeneous model implies. For one, people do not interact ran-
domly as noted in the sections on homophily, reciprocity, transitivity, and so 
on. Two, conversion rates are not likely to be uniform for everyone; some peo-
ple have more resistance than others. Three, the media and other external fac-
tors infl uence perceptions about appropriate behaviors and may differentially 
affect people’s adoption decisions. In particular, there has been some research 
on how media infl uences and social networks interact to collectively bring 
about behavioral and societal change (Box 10–2 on two-step fl ow hypothesis). 
Diffusion network scholars have developed a set of approaches and theories 

Box 10–2. Two-Step Flow Hypothesis

During the 1940s and 1950s, Paul Lazarsfeld (often with his colleague 
Robert Merton) had established a tradition of research studying the 
effects of the mass media on many behaviors including voting patterns 
and consumer behavior. Lazarsfeld and Merton were based at Columbia 
University and were joined by Elihu Katz in the mid-1950s. The team pio-
neered many research innovations with their primary focus being research 
on how radio and TV infl uenced mass audiences.

Although the prevailing view was that the mass media infl uenced peo-
ple directly, Lazarsfeld thought that media effects were mediated by inter-
personal infl uence. People who were exposed to media messages did not 
automatically believe them and did immediately accept the information 
provided to them. Instead, people digested media information within the 
context of their social networks. One specifi c hypothesis of theirs was the 
two-step fl ow hypothesis. The two-step fl ow hypothesis stated that the 
media infl uenced opinion leaders who in turn infl uenced others. Opinion 
leaders paid attention to the media at a greater rate than others and were 
thought to be more informed on many topics than opinion followers. 
Opinion leader use of media and other sources of information enabled 
them to be more knowledgeable and hence infl uence others.

Opinion leaders were found to receive more media and were more 
aware of current events than were nonleaders. To persuade others to 
follow their opinions, opinion leaders used media communications to 
buttress their arguments. Gladwell (2003) writes, “These mavens make 
extensive use of the media to stay expert on their favorite subjects and 
become trusted sources of information for others.” It may be that media 
infl uence opinion leaders who infl uence others that infl uence others—a 
three-step or even multistep fl ow. Furthermore, it may be that some 

(Continued)
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opinion leaders infl uence one or a few others, whereas others have much 
higher multiplier effects, infl uencing fi ve, ten, or hundreds of others. 
These opinion leader models, however, neglect to consider a number of 
other factors regarding the media infl uence process.

First, it is likely that opinion leaders are infl uenced by others as much as 
others are infl uenced by them and that media shape their messages in accor-
dance with what they think the audience wants to see or hear. In summary, 
to say that media communications can infl uence person A who infl uences 
person B may be an oversimplifi cation. Second, individuals are embedded 
within complex social network structures. Some people have small networks, 
whereas others have quite large ones. Some social networks are integrated 
(their friends know each other), whereas others are radial (their friends do 
not know one another). What follows are three ways in which social net-
work structures can affect media processes First, Potterat and others (1999) 
proposed that network structure, especially the cohesiveness of an individu-
al’s network, is associated with STD/HIV risk for the individual. The authors 
report that lower cohesiveness of network members is associated with lower 
STD/HIV transmission, even in a high-risk population. Second, the norms 
held within social networks alter the media infl uence process. For example, 
if a social network composed of young adults has negative safer sex norms, 
a media campaign designed to target and change these norms may increase 
condom use (Friedman et al., 2001). Third, as mentioned earlier, homophily 
affects the fl ow of ideas and behaviors. Information fl ows and persuasion 
occur more readily among homophilous dyads, that is, people who are like 
one another, rather than among heterophilous ones. Consequently, diffu-
sion tends to occur along sociodemographic lines because social networks 
are contoured by sociodemographic characteristics. Finally, the media infl u-
ence process may vary by the degree of risk taking and risk avoidance in the 
population, their personal network thresholds.

These four factors, and perhaps others, suggest that the relationship 
between mass media and interpersonal communication is complex. Unlike 
the simple opinion leader model, it is more likely that people attend to media 
communication, and then interpret and discuss it in unanticipated ways. 
For example, an antitobacco campaign may be parodied by the intended 
audience, resulting in boomerang (opposite) effects rather than antitobacco 
effects. This boomerang effect has also occurred with HIV campaigns. Some 
members of the gay community have begun to refuse participation in safer 
sex behaviors because of the widespread access to antiretroviral drugs, 
believing the risk for HIV to be diminished (Bertrand et al., 2004). In other 
words, the effect of media communications on individuals is a function of 
how the messages are interpreted within the context of people’s social net-
works—how, with whom, and in what ways the messages are discussed.

178
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about how social networks infl uence diffusion of innovations. There are four 
classes of models for network diffusion: (1) integration and opinion leadership, 
(2) structural models, (3) critical value models, and (4) dynamic models.

Integration and Opinion Leadership

Early diffusion network studies noted that those people who are integrated 
into a community generally adopt behaviors earlier than those who are less 
integrated. For example, Coleman and others (1966) in their study of network 
infl uences on physician adoption of a new drug showed that physicians who 
received three or more nominations as advice and discussion partners had 
a faster diffusion than those who received none. Figure 10–2 illustrates the 
diffusion curves for integrated physicians compared to nonintegrated ones. 
Coleman and others (1966) concluded that the new drug spread through the 
connections among the physicians in a snowball process (also see Coleman 
et al., 1957).

Other studies also confi rmed that people who are well integrated into the 
community were likely earlier adopters than those on the margins (Rogers & 
Kincaid, 1981). In general, it was discovered that opinion leaders, those who 
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Figure 10–2. Diffusion of tetracycline among physicians by their integration in social 
networks. (Data from the classic network diffusion study of medical innovation by 
Coleman, Katz, and Menzel [1966].)
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received many choices as discussion partners from their colleagues, were 
 earlier, but not the earliest, adopters of new ideas and practices. Rogers and 
Kincaid (1981) also discovered that study villages could be characterized by 
specifi c contraceptive methods which became widespread within each vil-
lage.  For example, in some villages, the IUD would be the most prevalent 
method whereas in others the pill or withdrawal would predominate. Opinion 
leaders seemed to play a role in this process since oftentimes the most preva-
lent method in a community was also the one being used by those women 
most frequently nominated as discussion or advice partners. Research of 
course is needed to determine whether these opinion leaders merely refl ect 
the normative practices of their communities or whether their behavior is 
being imitated by others in the community.  The role of opinion leaders is 
also likely to vary based on characteristics of the innovation.

Becker (1970) questioned whether opinion leaders would always be ear-
lier adopters of innovations. Becker (1970) hypothesized that opinion leaders 
would be earlier adopters of innovations that were compatible with the com-
munity norms but later adopters of innovations perceived to be incompatible. 
He studied public health offi cers’ adoption of two behaviors: measles immu-
nization, which was compatible with the mission of public health offi cers, 
and diabetes screening, which was not. Becker (1970) showed that opinion 
leaders, measured with in-degree centrality, delayed their adoption of diabe-
tes screening because they perceived it to be incompatible with the norms of 
public health at that time.

The importance of opinion leaders is hard to overstate. It is also impor-
tant to note that opinion leaders are not necessarily the earliest adopters of 
innovations. Opinion leaders need to refl ect the norms of their community 
and they cannot deviate too much from what is accepted in the community 
or they will lose their privileged position in the network. Thus, they can lead 
but not too far ahead of the group. Typically, the earliest adopters are inno-
vative and often on the margins of the community; they innovate because 
they are different. The opinion leader then translates this innovation for the 
rest of the community. Translation is one of the skills associated with being 
a good opinion leader. Opinion leaders are admired by many and are good at 
scanning the environment because they are connected to lots of people.

Once opinion leaders embrace a new idea, diffusion can accelerate. 
Leaders are connected to many others; hence, once they embrace the idea, 
the number of relationships involving adopters and nonadopters increases 
dramatically. Not all adopters are equal, so while the earliest adopters may 
be the fi rst to adopt, their behavior does little to infl uence the rest of the sys-
tem because they are not role models for many others. The leaders, however, 
represent a shift from adoption on the margins of the network to the center 
and accelerate the behavior change process.
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Structural Models

Opinion leadership and integration have obvious implications and effects on 
diffusion—as those who occupy prominent roles in a community adopt, the 
balance of information and persuasion in the community tilts toward the new 
idea. Granovetter (1973) focused on a different aspect of the diffusion prob-
lem by showing that other people in a community can occupy critical posi-
tions in the network that affect diffusion at the macro level. Granovetter’s 
(1973) strength of weak ties argument has both micro and macro levels of 
analysis and implications for both.

Granovetter (1973) noted the tendency for homophily and stated that two 
people who are friends are also likely to be friends with a third person (see 
Chapter 8 for information on triads). The tendency for triads to be closed is 
an important property used in the study of network evolution (see Chapter 8 
and Kossinets & Watts, 2006). Networks thus tend to close in tightly formed 
pockets since friends tend to introduce people to one another. Granovetter 
argued that because of this triadic closure tendency, only some people will 
have networks that do not close around them but instead are open and con-
nect different groups in the network. Granovetter presented the example in 
Figure 10–3 and argued that nodes A and B constitute a weak tie because 
they connect two different groups in the network.

Granovetter’s central insight is that the friends of my friends typically 
know the same people I know and have access to the same information. 
Consequently, information received from my close personal networks tends 
to be redundant. New information comes from weak ties, people one sees 
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Figure 10–3. Granovetter’s (1972) illustration of weak ties, in which the link between 
A and B creates shorter path lengths connecting others in the network.
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only occasionally or who are connected tangentially through acquaintances. 
The original data Granovetter collected for this thesis came from interviews 
with people who had recently obtained new jobs, and many of them reported 
weak ties as the source of information about the new job (Granovetter, 1974). 
Weak ties are strong in information because weak ties connect people to oth-
ers to whom one is not normally connected.

The applicability of the weak ties argument was widespread. Weak ties 
clearly had implications for diffusion since the presence of weak ties would 
create bridges connecting different segments of a network and hence enable 
diffusion to traverse group boundaries. Weak ties were also instrumental 
in learning new information because, as stated, weak ties are connections 
to people different from one’s usual conversation partners and so they have 
access to novel information. Finally, the identifi cation of weak ties has 
implications for community mobilization and performance since organiza-
tions (and individuals) need to maintain a diverse set of contacts to be able 
to access resources and information critical to survival and success (Burt, 
1992; Valente & Foreman, 1998; Valente et al., 2007a).

Granovetter’s (1973) strength of weak ties article is one of the most widely 
cited articles in social science research, but it is important to be clear about 
what it says. For one, the main argument is that weak ties have implications 
for diffusion at the macro level, not the micro level. That is, weak ties enable 
diffusion to traverse bridges and connect otherwise disconnected or distally 
connected groups. It does not imply that weak ties are more persuasive adop-
tion infl uences at the micro level, for individuals. Second, the main argument 
for the strength of weak ties is with information diffusion, not necessar-
ily behavioral adoption. Weak ties may be very effective at communicating 
information but may be less effective at persuasion. Precisely because weak 
ties are weak and because they may contain less trust and reinforcement 
than strong ties, they are less likely to be conduits for behavior change.

Finally, weak ties are often measured in two different ways: structurally 
and relationally. Structural measures of weak ties are derived from socio-
metric data and can be measured as links between individuals connected 
in different triads. A structural measure of a weak tie would be a bridge 
that spans otherwise disconnected, or distally connected subgroups. Chapter 
11 provides an explicit measure of bridges based on the weak tie concept. 
Relational measures of weak ties are derived from individual reports of fre-
quency of interaction or emotional/affective closeness. Weak ties are those 
with whom one is less close and interacts with less frequently.

The weak ties argument was developed further by Ron Burt with his 
measures of structural holes and constraint (Burt, 1992, 2005). Burt noted 
that weak ties were ties that spanned structural holes in the network. This 
directed researchers to look at the white space in the network diagrams and 
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fi nd those nodes or people who had links that spanned the holes in the net-
work. People who occupy structural holes occupy critical positions in the 
network that enable them to excel. Burt created a measure called constraint, 
which calculated how well a person’s ties reached out into the network and 
provided access to novel sources of information. Burt (2005) has shown how 
people who score high on constraint, span structural holes, have received 
higher pay, and gained better promotions in organizations.

The structural basis of diffusion and the role of weak ties were also devel-
oped by Duncan Watts (1999) in his analysis of the small world introduced 
in Chapter 1. Watts and Strogatz (1998) introduced a measure called the 
clustering coeffi cient (CC) defi ned as:
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where Ti is the number of connections between the direct ties of each node, 
and ki (ki – 1) is the maximum number of possible connections between each 
node’s direct ties. A high (closer to 1) clustering coeffi cient indicates that a 
person’s friends know one another, whereas a low coeffi cient indicates that a 
person’s friends are unlikely to know one another. The clustering coeffi cients 
for all nodes in a network are averaged to calculate the overall clustering in 
the network.

As shown in Chapter 8, clustering provides a measure of network struc-
ture somewhat independent of its size (the number of nodes), the density (the 
number of links), and its centralization. Clustering provides a measure of 
“clumpiness” of the network. A random network will look the same every-
where, but one that is clustered has pockets of interconnectivity, with some 
nodes having more clustering and others less. Clustering and centralization 
give rise to the small world phenomenon because they increase the likeli-
hood that two people who meet will have friends in common.

Critical Levels

The Nobel Laureate Thomas Schelling published Micromotives and 
Macrobehavior (1978), in which he coined the term “the tipping point.” 
Schelling showed that seemingly rational and obvious behaviors by indi-
viduals can create unexpected outcomes for the system. For example, while 
most individuals in a community might be considered tolerant with regard 
to living in mixed ethnic communities, the individual actions by everyone 
can create strongly segregated communities. Schelling found tipping points 
in the distribution of behaviors such that once a certain level of the behavior 
was reached, it had ongoing momentum that kept it going and was hard to 
reverse.
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Tipping points (Gladwell, 1999) have subsequently been discovered to 
apply to many different phenomena and seem nearly ubiquitous. Gladwell 
showed how opinion leaders can have a strong infl uence on others’ behavior 
and can make the difference between a product having no sales or taking 
off. Gladwell’s contribution to diffusion network models was to show how 
the concepts can be scaled up to a population level. While many scholars 
had been focusing on behavior within small self-contained communities, 
Gladwell generalized these principles on a large, national, and international 
scale, and to a wider range of behaviors.

A number of researchers have developed diffusion models that empha-
size the importance of critical levels or tipping points. These tipping points 
exist at both the micro (individual) and macro (system or community) levels 
(Valente, 1995). Scholars had long recognized that the diffusion curve (any 
growth curve for that matter) contained infl ection points, times where the 
curve accelerated or decelerated dramatically (Hamblin et al., 1973; Mahajan 
& Peterson, 1983). Marwell, and others (1988) wrote persuasively about the 
importance of the critical mass for achieving collective action. Once criti-
cal mass was reached, momentum toward achieving collective goals would 
propel the social movement forward. Markus (1987) argued that interdepen-
dent innovations (telephone, fax, e-mail, Facebook, and so on) were par-
ticularly prone to critical mass effects because once a technological medium 
was adopted by a large enough number of people, it would be too diffi cult 
for them to defect to another medium and there were inherent advantages to 
subsequent adopters to adopt the technology.

Identifying critical values at the individual and system levels provides 
an understanding for how diffusion occurs. Individual tipping points, 
 thres  holds, enable researchers to identify different types of adopters, low- and 
 high-threshold ones, who might have different motivations to adopt (Valente 
& Saba, 1998). Similarly, individual infl uences and motivations on adoption 
behavior are likely quite different before and after a system has reached its tip-
ping point. Adoption before the tipping point carries more risk than after it.

Dynamic Models

All of the models presented in this chapter are dynamic in that time is 
specifi ed—diffusion occurs over time, the structural characteristics (weak 
ties, holes) have consequences for how diffusion occurs over time, and the 
critical levels occur at a point in time. There have been a series of models 
created that treat time more explicitly in the sense that they model what hap-
pens at the micro (individual) level at each point in time during diffusion. 
The basic building block of these models and for much diffusion research 
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is network exposure (Burt, 1987; Marsden & Friedkin, 1993; Marsden & 
Podolny, 1990). Network exposure is the infl uence of a person’s social net-
work, measured with the following equation:
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(10-2)

where W is the social network weight matrix, and y is a vector of adoption 
behavior. For a person with fi ve friends in a network, network exposure (Ei) 
is the proportion of those friends who have adopted a behavior. Figure 10–4 
provides a graphical display of how Equation 10-2 works. The network is 
represented as “W” because it is conceived as a weight matrix. For now, the 
W network will represents direct contacts, a person’s fi ve closest friends. 
Later, we show how W can represent different kinds of network properties, 
or weights (W), such as the degree of similarity between two nodes (alluded 
to in Chapter 4). To calculate network exposure, the network (W) is multi-
plied by yj, which is a vector (column) of behavior scores.

If yj represents smoking, for example, the numerator is a calculation of the 
number of one’s friends who smoke. To control for the number of friends 
named, we divide the numerator by the number of friends to get a percent. 
Network exposure, then, is the proportion of friends who smoke, friends being 
those people with whom the respondent indicated he or she was a friend.

Figure 10–5 displays network exposure for one person who has three 
friends at three points in time. This person has one adopter at the fi rst time 
point, so exposure is 33%. At the next time point, there are two adopters, 

Figure 10–4. Illustration of network exposure calculation. The N × N adjacency matrix 
is multiplied by a binary vector of behavior and then divided by the number of people 
each person named to get a percentage of personal network exposure to the behavior.
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so exposure increases to 66%, and then after all three friends adopt, it is 
100%. As diffusion occurs, everyone’s network fi lls with adopters. For each 
person in a community, we can track the percentage of their contacts who 
have learned about the new product or adopted the behavior based on those 
persons’ self-reports. If diffusion for 30 people occurs over 10 time periods, 
say 10 months, then at each month, the percentage of each person’s network 
who adopted is calculated.

Calculating a person’s adoption status at each time period is referred to as 
event history analysis (Allison, 1984). Event history analysis is the process 
of constructing data for each person at each point in time. So in diffusion 
studies, we can analyze for each person whether he or she has adopted the 
innovation and how many of his or her network partners have adopted it. 
The data are not measured at each time period in the study; rather the exist-
ing data are reshaped to replicate what happened over time. For example, 
suppose data were collected at the end of the year on whether each person 
in a school heard a rumor and the month they heard it. Suppose further that 
network data were collected in the school. How the rumor spread through 
the network can be replicated by reshaping the data and constructing the 
network exposure model. (Multiple measures of the network would be neces-
sary to determine the network structure and how it varied over the year.)

To model the rumor spread, the information on which month each person 
heard the rumor would be converted to a set of vectors (columns) with a 0 for 
not heard, and a 1 for heard at each month. The network would be multiplied 
by each of these vectors and divided by the number of friends each person 
reported. Any updates or changes to the network can be incorporated in the 
network over time. This will provide a measure of the percent of each per-
son’s personal network who heard the rumor for each month. So if there are 
a 100 students and 12 months, the new database will have 1,200 cases, 100 

Network Exposure

Exposure=33% Exposure=66% Exposure=100%

= Non User = User

Figure 10–5. Network exposure is the proportion of a person’s personal network who 
have adopted the behavior.
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students at each month, and at each month we know how many of a student’s 
friends were aware of the rumor. Chapter 12 shows how rumor spreading in 
the school can be simulated by using this network exposure model.

Empirical Estimates Using Diffusion Network Data

The network exposure model in the event history framework has been used 
to calculate empirical estimates for social infl uence in diffusion. Three data-
sets have collected social network data and time of adoption (Valente, 1995). 
These three datasets are quite varied in where they collected the data and 
the behaviors of study, but they all have the common features of measuring 
the network and the time of adoption. The event history framework was used 
to reshape the datasets and calculated the percentage of adopters in each 
person’s personal network at each time point. Adoption behavior was then 
regressed on the percentage of adopters in each person’s personal network. 
These estimates then determine if being exposed to the innovation through 
the network affected adoption in a dynamic way, one that considers each 
person’s social network at each point in time.

Table 10–2 reports the regression results. The associations between net-
work exposure and adoption varied across the thre datasets. In the medical 

Table 10–2. Event History Analysis of Factors Associated with Adoption for 
the Three Diffusion Network Datasets

 
Medical Innovation Brazilian Farmers

Korean Family 
Planning

No. 947 10,092 7,103
Time 132.7** 5.14 4.34
Cumulative adoption 0.03 2.27 0.32
Number sent 1.04 0.99 1.02
Number received 1.05 1.01 1.05**
Cohesion exposure 1.05 1.93** 2.08**
Structural equivalence 
exposure

1.04 5.01** 1.34

Science orientation 0.65**
Journal subscriptions 1.67
Cosmopolitan-ness 1.00
Income 1.14**
Number of children 1.23**
Media exposure   1.03*

Coeffi cients are adjusted odds ratios for likelihood of adoption. Estimates adjusted for clustering within 
community.
* p < .05; ** p < .01.
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innovation data, network exposure via cohesion (direct ties) and structural 
equivalence (SE) were not associated with adoption. This result is consistent 
with analysis reported elsewhere (Van den Bulte & Lillien, 2001). Adoption 
was associated with exposure via SE in the Brazilian farmers’ dataset, indi-
cating that farmers who occupied similar social network positions were more 
likely to adopt hybrid-seed corn at the same time than those who occupied 
different social network positions. Adoption was associated with exposure 
via cohesion (direct ties) and SE in the Korean family planning dataset, indi-
cating that family planning adoption was associated with both types of net-
work infl uence in the Korean family planning data.

These results should be interpreted as suggestive rather than defi nitive. 
There are many choices made to build the model, all of which can be var-
ied to derive different empirical results. First, in all three studies the net-
works were measured only once, assuming they are static, when evidence 
would indicate that people’s networks change. Second, time of adoption was 
assumed to occur at monthly or yearly intervals so that two people who 
adopted in different months in the same year were given the same adoption 
time (in the medical innovation study, the data were collapsed into months). 
These broad time intervals forced calculating exposure contemporaneously 
rather than as a lagged effect. Most models regress adoption on exposure in 
the prior time period, the last month. Third, there are missing data, and no 
provision was made for the behavior of those not interviewed. Finally, there 
might be errors in people’s recall of adoption (the Korean family planning 
and Brazilian farmer data used recall for time of adoption) or their specifi -
cation of the networks.

In one sense it is surprising that the association between adoption and net-
work exposures is not stronger. The diffusion model has long specifi ed, and 
logic has long dictated, that the more people in a person’s social network, the 
greater is the likelihood of adoption. Diffusion and most behavior change mod-
els believe that the greater the exposure, the greater is the likelihood of adop-
tion (Gross et al., 2002; Valente et al., 1997). For example, many studies have 
shown that students who smoke are more likely to have friends who smoke 
(Alexander et al., 2001; Urberg et al., 1997). Recent studies of a large social 
network over time has shown that obesity and smoking cessation are more 
likely once one’s social networks become obese or quit smoking (Christakis 
& Fowler, 2007, 2008). One would expect this result to be replicated in these 
three datasets, which measured time of adoption and social networks.

Interestingly, the failure of exposure to predict adoption in the medi-
cal innovation could have been discovered as early as 1957 when the data 
were fi rst analyzed. The inability of computer programs to analyze network 
data prevented diffusion scholars from discovering this lack of association 
between exposure and adoption, which might have created a crisis in the 
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diffusion fi eld, giving it new life. If exposure does not lead to adoption in 
some or many cases, what is the role of social networks?

Extensions to Exposure

The network exposure model is very fl exible, as mentioned in Chapter 4. 
With egocentric data, network exposure model provides a measure of social 
infl uence based on ego’s perceptions. Network exposure model may be 
weighted by many factors including the frequency of interaction or the sim-
ilarity between ego and the named alters. With sociometric data, however, 
many types of social infl uence weights can be used and estimated. Virtually 
any theoretical mechanism of social infl uence can be modeled.

Network exposure model can be calculated on outgoing or incoming ties. 
Using outgoing ties models the infl uence of the people whom the focal indi-
vidual names, who he or she thinks are his or her friends. For most analysis, 
using outgoing ties is probably the most appropriate way to calculate net-
work exposure model because people are probably more strongly infl uenced 
by those they perceived to be their friends rather than by those who name 
them as a friend (incoming ties). Network exposure model is calculated on 
the named friends’ self-reports.

Network exposure model can be calculated on incoming ties to model the 
infl uence of those who name the focal individual. Hall and Valente (2007) 
referred to incoming ties as infl uence and outgoing ties as selection, as 
the incoming ties are the ones who want to infl uence the focal individual. 
Incoming behavioral exposures may represent pressures to conform directed 
to the focal individual or the potential for the focal individual to access infor-
mation and behavior from adopters. Further research is needed to understand 
how outgoing and incoming exposures compare.

Other network measures can be used to calculate social infl uences based 
on network concepts of position and infl uence. For example, suppose it is 
hypothesized that central members are more infl uential than peripheral ones. 
Exposure can be weighted by the centrality scores of friends in the network 
or even the difference in centrality scores. To weight exposures by centrality 
scores, the adjacency matrix (the matrix of direct connections) is multiplied 
by the centrality scores, which is then multiplied by the behavioral indicator 
(and optionally divided by the row sum to normalize).

As mentioned in Chapter 4, exposure can also be calculated on struc-
tural equivalence and other measures of role equivalence (see Chapter 7). 
Recall that structural equivalence measures the extent to which two people 
occupy the same position in the network. Exposure calculated on structural 
equivalence models the infl uence on the focal person of those who are simi-
larly located in the network. Structural equivalence exposure can be a good 
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measure of competitive infl uences on adoption because people who occupy 
the same position but are not directly connected to one another are often 
competitors. This is particularly true, for example, in networks of fi rms and 
organizations.

Exposure can also be calculated on any attributes, attitudes, or behaviors 
of the people in the network. For example, a researcher who has measured 
ethnicity can construct a network based on ethnic similarity and this multi-
plied (element-by-element multiplication) by the friendship network to calcu-
late network exposure indicating being exposed to the behavior by those of 
the same ethnicity. Measures of positive attitudes toward a behavior can also 
be used to construct exposure by friends with positive attitudes.

One of most promising ways to calculate network exposure is using affi lia-
tions to construct two-mode data. Fujimoto and others (submitted) have con-
ducted affi liation exposure analysis among in-school adolescents using joint 
membership in clubs and sports. The analysis showed the utility of affi liation 
exposure and showed that adolescent smoking was associated with belong-
ing to extracurricula groups that had a lot of smokers. Wipfl i and others (in 
press) used membership in an online community over time to construct a 
weight matrix, which varied over time.

Infection and Susceptibility

The simultaneous inclusion of behavior and network structure in the modeling 
of diffusion dynamics has considerable appeal given the rich variety of theo-
retical processes that can be modeled. As mentioned so far, many theoretical 
infl uences can be included to construct the exposure term. One signifi cant 
advance in this regard is the ability to model the extent to which individuals 
are infectious or susceptible to behavioral infl uence (Myers, 2000; Strang & 
Tuma, 1993). [As a side note, Strang and Tuma (1993) also proposed that time 
intervals can be included in these estimates so researchers can estimate short- 
or long-term infectiousness and susceptibility.] Infectiousness and susceptibil-
ity constitute two specifi c mechanisms that have public health analogs.

Infectiousness and susceptibility are measured as the extent many oth-
ers adopt after or before the focal individual adopts the behavior. The 
researcher can specify whether there is some characteristic associated with 
infectiousness or susceptibility. For example, the researcher might specify 
that people who are popular are infectiousness in high schools. Popularity 
is often measured as the number of nominations received, in-degree, and 
analysis conducted to determine if the number of adoptions increases after 
high in-degree individuals adopt. Any individual characteristic can be used 
to determine its association with infectiousness and/or susceptibility. From a 
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network perspective, however, in-degree and out-degree are the logical can-
didate attributes to use.

Valente (1995) introduced a critical mass index that is a network-weighted 
adoption score. Not all adoptions are equal, and the critical mass index cap-
tured the notion that high in-degree adopters might contribute dispropor-
tionately to the diffusion process. The critical mass index is the ratio of 
adopter-nonadopter dyads in the network. Rather than measure diffusion as 
the number or percentage of individuals who have adopted, the critical mass 
index focused on the dyads or interactions and measured the percent of inter-
actions which have the potential to result in further adoptions (those between 
adopters and nonadopters).

Thresholds

It may be naïve to think that exposure leads to adoption the same way for 
everyone. If everyone required a majority of their network to adopt before 
they were willing to, diffusion would never get started. Some people need 
to be willing to take risks and adopt new behaviors before their peers are 
willing to do so. These early adopters relative to their peer group are labeled 
low-threshold adopters. Granovetter (1978) proposed that the distribution of 
thresholds in the community affects the likelihood of diffusion. If no one is will-
ing to adopt before their peers, diffusion will never get started. Further, if there 
is a discontinuity in the threshold distribution, diffusion can fail to take off.

Granovetter (1978) used the example of rioting. If the distribution of those 
willing to riot is distributed such that the number of people required to see 
rioting before a person is willing to do so was distributed as 0, 1, 2, 3, 4, . . . . 
N, then a riot can occur because the person with a 0 threshold initiates a riot 
and the person with a threshold of 1 see this and riots, and so on. However, 
if there is discontinuity in the distribution such as thresholds distributed as 
0, 1, 2, 4, 4, . . . . N, then the fi rst three people begin rioting because their 
thresholds are reached, but no one else does because their thresholds are not 
reached. Thresholds can be calculated relative to social networks as well by 
determining for each person the number or percent of adopters in his or her 
personal network required for him or her to adopt.

The trouble with calculating network thresholds is that it is hard to refute it. 
That is, if diffusion occurs completely irrespective of networks, one can still 
calculate how many people were in everyone’s network when they adopted, 
regardless of whether those people had any infl uence on a person’s adoption. 
Yet, the concept has appeal, mainly because it resonates as true; we know 
people who are eager to be early adopters among their peers so they can 
show others how something works or be the fi rst to use it. We also know 
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people who wait until they see all of their peers adopt before they are willing 
to do so. So the network threshold concept has appeal. Disproving network 
thresholds may be diffi cult, but they can be calculated and the resulting vari-
able used in subsequent analysis. (It might also be possible to measure net-
work thresholds using a Likert-type scale and treat it as an attribute.)

Network thresholds were calculated for the three empirical diffusion network 
datasets. Figure 10–6 plots the thresholds for one village of the Korean fam-
ily planning study (village 24). The y-axis is the threshold, the proportion of 
each person’s network who adopted before or at the same time the focal person 
adopted, and the x-axis is time, the year each person adopted. A cumulative 
adoption curve was overlaid on the graph to show the average expected expo-
sure at each time period. For example, at year 5, about 50% of the community 
will have adopted family planning, so exposure at that time will be 50%, on 
average. We can see, however, that many people have thresholds above and 
below this expected value indicating that they adopted after 100% of their net-
work adopted (person 59) or when 20% of their network adopted (person 19).

The average threshold values for the three datasets were MI, 55%; BF, 
62%; and KFP, 63%. These values are infl ated somewhat by the recoding 
of nonadopters to the last time period. For example, all nonadopters in the 
medical innovation data were recoded to 18 (the last month of data collec-
tion). Average thresholds excluding nonadopting cases were MI, 49%; BF, 
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Figure 10–6. Graph of thresholds for one village in the Korean Family Planning study. 
The x-axis indicates year of adoption, and the y-axis, thresholds, the percentage of network 
contacts who adopted before each individual. Woman 31 was an early adopter and earlier 
than her peers, whereas person 59 was an early adopter but late relative to her peers.
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51%; and KFP, 46%. Not surprisingly, thresholds are strongly correlated with 
time of adoption, with earlier adopters much more likely to have very low 
thresholds than later adopters.

If thresholds exist, we might expect people with low thresholds to turn to 
the media or other outside sources of information to learn about these new 
ideas. This occurs in part because low-threshold adopters have had few peers 
to turn to for advice about the new idea before deciding to adopt. Diffusion 
scholars have postulated change occurs when individuals come into contact 
with others outside their normal sphere of infl uence and learn about new 
ideas and practices from these other communities. They then transport the 
ideas to their host community, acting as bridges. Media theories propose 
that the mass media and other focused communications can act as the agent 
of change as well, disseminating information about new idea and practices. 
Change agents then are the people willing and/or able to accept these new 
ideas in the media and transmit them to others in their communities.

This hypothesis was tested in an evaluation of the Bolivia National 
Reproductive Health media campaign in which interviews were conducted 
with two samples of urban Bolivian residents. One sample consisted of 
three waves of independent (cross-sectional) residents in seven cities, and 
the other was a panel (following the same people over time) in one city 
(Valente & Saba, 1998). Low- and high-threshold adopters were calculated. 
Low-threshold adopters were Bolivian women who adopted a contraceptive 
method during the time of the study with a minority of their peers who had 
adopted previously, whereas high-threshold adopters had a majority of their 
peers who had adopted previously. We found that low-threshold adopters, 
in both the urban cross-sectional and panel samples, reported more media 
campaign exposure than high-threshold adopters (Table 10–3).

Calculating thresholds enabled measuring the two-step fl ow hypothesis 
of media infl uence. Katz (1957) had proposed that the media do not infl u-
ence everyone, but rather they infl uence opinion leaders who in turn use 

Table 10–3. Association between Campaign Exposure and Adoption for 
Low- and High-Threshold Adopters, Bolivia Media Campaign

Cross-Sectional Data
(n = 611)

Panel Data
(n = 141)

 Low-Threshold 
Adopters

High-Threshold 
Adopters

Low-Threshold 
Adopters

High-Threshold 
Adopters

Campaign 
Exposure

2.36** 1.92 1.71* 1.26

* p < .05; ** p < .01.
Note: Regression controls for education, age, income, and number of children.
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the information in the media to persuade others. Thus, media infl uence, 
and diffusion of new ideas and attitudes, spreads in a two-step process: fi rst 
the media infl uence leaders and these leaders in turn infl uence others. The 
leaders that will be infl uenced by the media are those with low thresholds, 
and once they adopt, these low-threshold leaders can infl uence many others. 
Thresholds explain how diffusion jumps from innovators to early majority 
opinion leader adoption. If the thresholds of opinion leaders remain high for 
a particular issue, then diffusion is delayed.

Limitations to Diffusion Theory

Diffusion of innovations has been a theory with considerable explanatory 
power and predictions extend beyond available data at this time. There 
are several limitations to the theory, however. First, as just stated, the data 
required for complete testing of diffusion postulates and hypotheses are 
quite high. It requires data at multiple points that include behavioral adop-
tion decisions as well as social network contacts. This can be further compli-
cated by the long time span required for most innovations to diffuse. Further, 
a comprehensive study will require multiple communities studied simultane-
ously so the results span beyond a simple case study. Thus, it is diffi cult to 
get data over time on behavior and social networks.

A second limitation is that diffusion theory has focused more on system-
level properties of diffusion at the expense of studies designed to understand 
individual decision making. For example, it is easier to hypothesize that dif-
fusion occurs more rapidly in dense or centralized networks than in sparse 
or decentralized ones. How these postulates infl uence individual decision 
making, however, is much less often explored. For example, do individuals 
increase their resistance to social infl uence in dense networks? A third limi-
tation is that diffusion theory to date has not hypothesized how the network 
changes as a consequence of innovation diffusion. For example, does adop-
tion change one’s status in the network, thus affecting the network structure? 
Most diffusion studies investigate how networks affect diffusion rather than 
how diffusion affects networks. New research in actor-oriented models may 
shed light on the dynamic interplay between networks and behavior.

Summary

This chapter reviewed diffusion of innovations theory which use social net-
work analysis as a major causal mechanism. Diffusion of innovations theory 
is the most prominent network theory, as diffusion explains how new ideas 
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and practices spread through social networks. The chapter presented the fi ve 
elements of diffusion: (1) perceived characteristics of the innovation affect 
its rate of adoption; (2) diffusion occurs over time so that rate of adoption 
often yields a cumulate adoption S-shaped pattern, with individuals are clas-
sifi ed as early or late adopters; (3) individuals pass through stages during 
the adoption process typically classifi ed as knowledge, persuasion, decision, 
implementation, and confi rmation; (4) people can modify the innovation and 
sometimes discontinue its use; and (5) mathematical models can be devel-
oped to measure the rate and character of diffusion curves.

The chapter then reviewed the four major classes of diffusion models: (1) 
integration/opinion leadership, (2) structural models, (3) critical levels, and 
(4) dynamic models. All four models explicitly account for network diffu-
sion dynamics but vary in their mathematical rigor and complexity. Dynamic 
models using the network exposure model were explained. Network exposure 
infl uences can be varied to model different social infl uence mechanisms. 
The chapter also introduced the calculation of infectiousness and suscepti-
bility which dynamically account for adoption behavior and in-degree and 
out-degree, respectively. Infection is measured by examining the degree to 
which others adopt the innovation after the focal person has adopted, and 
susceptibility is the extent to which a person adopts after others adopt. The 
chapter closed with a presentation of network thresholds and limitations of 
diffusion theory.
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The preceding chapters have provided many measures and models useful for 
understanding networks and how they infl uence human behavior. The most 
useful application for network data, however, might be using network data 
to accelerate behavior change and/or improving organizational performance. 
Network interventions consist of behavior change programs that use social 
network data to identify specifi c people or groups to deliver and/or receive 
the behavior change program. Network interventions can take many different 
forms and have many different implementation considerations.

At least six different network interventions have been developed, tested, 
or considered:

Identifi cation of opinion leaders or key players1. 
Identifi cation of groups2. 
Identifi cation leaders within groups or creation of leader-learner pairings3. 
Snowball sampling or recruitment4. 
Rewiring (changing) networks5. 
Networks and attributes6. 

Before discussing specifi c techniques, however, it must be stressed that the 
behavior change theory guiding the program’s development should play 

11

Network Interventions
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a critical role in determining the type of network intervention. Programs 
designed to change cultural norms or opinions should probably rely heavily 
on identifying and recruiting opinion leaders whereas programs aimed at 
disrupting communication or disease fl ow should probably identify bridges. 
Qualitative and ethnographic information about the community or organiza-
tion’s existing structures and history is also likely to be important elements 
in successful deployment of network interventions.

It should also be stressed that network interventions have the potential to 
create empowered communities and organizations by stressing the impor-
tance of community members. Rather than relying on outside change agents, 
network interventions underscore that capacity to change lies within the 
community and that a learning organization identifi es people and structures 
best suited for making change recommendations.

Opinion Leaders

The most typical network intervention is using opinion leaders to be advo-
cates or champions for a new behavior. Opinion leaders are present in all 
types of organizations, communities, and/or settings. Opinion leaders are 
people who infl uence the opinions, attitudes, beliefs, motivations, and behav-
iors of others (Rogers & Cartano, 1962). The roles and activities of leaders 
and leadership span numerous political, social, economic, medical, as well 
as public health issues. Opinion leaders have been used in public health to 
gain support for and implement community health programs.

Opinion leaders have several functions and responsibilities critical for the 
implementation of successful behavior change efforts. First, they provide 
entrée and legitimize behavior change programs. Second, they provide com-
munication from their communities back to agencies that implement pro-
grams. Third, they can act as role models for behavior change within the 
community. Fourth, they can be the conveyors of health messages. Finally, 
they may act as the “capital” left after the agency has withdrawn from the 
community or organization thus institutionalizing program goals. Opinion 
leaders are critical to program implementation and success. As shown in 
Table 11–1, at least 10 different techniques for identifying opinion leaders 
have been used in public health programs (Valente & Pumpuang, 2007).

Network data can be used to identify opinion leaders by fi nding individu-
als at the center of the network. We conducted computer simulations to deter-
mine the potential effectiveness of opinion leader interventions. Randomly 
generated networks were created, and diffusion through those networks was 
simulated by selecting 10% to be the initial adopters. Network exposures 
were created and thresholds set to 15% adoption. Three conditions were 
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simulated: initial adoption by opinion leaders, random nodes, and  marginal 
nodes (those who receive only one nomination). Each model was run 100 
times and averaged. Figure 11–1 graphs the diffusion trajectories for the 
three conditions. The study shows that when diffusion starts with opinion 
leaders, diffusion occurs more rapidly than when diffusion starts with ran-
domly selected network members or those on the margins.

Identifying opinion leaders is the most typical of network interventions 
in part because it is easy to implement and in part because it is intuitively 
appealing as a mechanism to create change. Further, logic dictates that opin-
ion leaders, by defi nition, should have a strong infl uence on program success. 
If the leaders of a community will not support a new program, it is unlikely 
regular members are going to do so. At least 20 studies using social network 
data to identify opinion leaders for behavior change have been conducted 
(Valente & Pumpuang, 2007). Most of these studies have demonstrated that 
using opinion leaders for behavior change is an effective tactic.

Opinion leaders can be identifi ed with network data by selecting those 
who receive the most network nominations. For example, you might ask 

Table 11–1. Methods for Identifying Opinion Leaders (Methods 8, 9, 
and 10 Constitute Social Network Methods)

Method Technique

1. Celebrities Program recruits well-known people, either mass-media 
or “local” celebrities (such as school athletes), to promote 
behavior

2. Self-selection Volunteers are recruited through solicitation and 
subsequently selected and trained.

3. Self-identifi cation Surveys are administered to the sample, and questions 
measuring leadership are included. Those scoring highest 
on leadership scales are selected.

4. Staff selected Program implementers select leaders from information they 
have gathered about the community.

5. Positional approach Persons who occupy leadership positions such as clergy, 
elected offi cials, media and business elites, and so on are 
selected.

6. Judge’s ratings Knowledgeable community members identify leaders to be 
selected.

7. Expert identifi cation Trained ethnographers study communities to select leaders.
8. Snowball method Index cases provide nominations of leaders who are in turn 

interviewed until no new leaders are identifi ed.
9. Sample sociometric Randomly selected respondents nominate leaders and those 

receiving frequent nominations are selected.
10. Sociometric All (or most) respondents are interviewed and those 

receiving frequent nominations are selected.

See Valente and Pumpuang (2007) for a complete discussion.
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who in the organization respondents go to for advice about X (where X is 
the topic of interest such as new administrative procedures, technology, or 
behaviors). The people within the organization or community who receive 
the most nominations are identifi ed as the opinion leaders and used as 
change agents (in degree centrality). Typically the people who receive the 
top 10% to 15% of nominations are identifi ed as opinion leaders, but one can 
vary that threshold based on the program or data. If there is a tie in the num-
ber of nominations received, another centrality measure such as closeness or 
betweenness can be used as a tie-breaker. In some cases, the opinion leader 
may be one person.

Lomas and others (1991) conducted a classic study testing opinion leader 
effectiveness by recruiting four hospitals to participate in the study: two 
were intervention sites and two were control. The study sought to determine 
whether opinion leaders could be identifi ed and recruited to promote vaginal 
birth after C-section (VBAC). Medical guidelines had been introduced in the 
late 1980s recommending that women who had had a C-section in their fi rst 
child delivery attempt a vaginal birth on their subsequent pregnancy. Prior 
to the guidelines, most physicians recommended a C-section for the second 
birth if the fi rst had been a C-section. Using social network techniques, phy-
sicians in the two intervention hospitals nominated others they would turn to 
for advice about obstetric or gynecological issues. These leaders were then 
recruited and instructed to promote VBAC to their colleagues during gen-
eral hospital activities. Follow-up data showed a decrease in C-sections for 
second deliveries in women who had C-sections on their fi rst births. (VBAC 
is still somewhat controversial as some have questioned the guidelines and 
recommend that second births be C-sections if the fi rst was.)
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Figure 11–1. Hypothetical diffusion in randomly generated networks when the initial 
adopters are (1) leaders, (2) randomly selected, or (3) marginals.
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In a similar study, Soumerai and others (1998) used network analysis to 
identify physician opinion leaders in 20 hospitals while 17 hospitals acted 
as controls. These leaders promoted the use of aspirin as a beta-blocker for 
patients who presented in the emergency department with acute myocardial 
infarction (AMI). Chart review of eligible patients showed that physicians in 
the opinion leader hospitals were more likely to use aspirin in the treatment 
of AMI than were physicians in the control hospitals.

Studies have also been conducted among other providers such as sub-
stance abuse treatment counselors. Substance abuse treatment counselors in 
six clinics were asked to nominate peers to whom they would turn for advice 
when treating co-occurring disorders (mental health and substance use). One 
person was identifi ed in each of the six clinics and this person became the 
coach within the clinic for the deployment of a manual on how to treat co-
occurring disorders (Peters et al., 2005). Moore and others (2004) showed 
that these opinion leaders were similar to other counselors in terms of age, 
education, and experience but were more knowledgeable about treatment 
of dual diagnoses. Comparison clinics in another city were given the same 
intervention, but it was delivered by professional trainers who did not work 
in the clinics. At 3-month follow-up, counselors in the opinion leader clinics 
were more likely to diagnose co-occurring disorders and spent more time 
discussing co-occurring disorders with their clients.

The opinion leader model has also been implemented at the community 
level. Latkin (1998) recruited street opinion leaders to communicate safe 
injecting practices and showed that these opinion leaders adopted the safe 
injecting messages themselves and effectively communicated it to others. 
Sikkema and others (2000) used network nominations to identify opinion 
leaders to promote HIV risk reduction techniques among women living in 
a low-income housing development. These studies indicate that the opin-
ion leader is a very general approach to behavior change that can be imple-
mented in many settings among many different populations.

These opinion leader studies attest to the ability to identify opinion 
leaders in communities and have them act as change agents for behavioral 
change programs. These communities can be organizations, geographic 
locales, schools, and so on. The population may be physicians, other health 
professionals, drug users, lay community members, and so on. Opinion 
leaders have natural abilities at being role models for others. They take 
to the task of leadership and behavior change promotion like fi sh to water 
because they know they function as opinion leaders and welcome the 
opportunity to be given tools and techniques enabling them to lead more 
effectively.

There are many implementation issues that arise when conducting an 
opinion leader intervention. First, how much training do opinion leaders 
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need? In many adolescent school-based studies, opinion leaders are provided 
at least a 1-hour-long training session. These sessions teach students how to 
manage groups, mediate confl icts, and act as leaders. As a rule of thumb, 
leadership training should consume about 10% to 15% of the total time of 
the behavior change program. For example, if physician change program is 
expected to take 6 months and require about 30 hours of promotional time 
by the change agent, then the leadership training should be a ½-day training 
session, or 3 to 4 hours.

Second, how should leaders contact others? In organizations and some 
school studies, leaders are expected to engage in conversations with oth-
ers as a part of their day-to-day activities (Bloor et al., 1999; Lomas 
et al., 1991). Since leaders are highly visible in their community, they can 
be expected to have many contacts. In many cases the leaders might wear 
buttons, hats, or other devices that prompt conversations about the behav-
ior change issue. In other settings, the program may specifi cally create 
promotional events or programs to provide a forum for leaders to persuade 
others. Although it may be preferable to have specifi c events that create 
opportunities for promotion these events can detract from the spontaneous 
and natural-occurring interactions that may be more conducive to behavior 
change.

One limitation to opinion leader interventions is that effectiveness may 
depend on the leaders’ abilities to persuade their peers. A second limitation 
is that one or a few leaders may resist the innovation or not embrace the new 
behavior wholeheartedly. More subtly, the leaders may be less than enthusi-
astic about the change program. A fi nal limitation is that the opinion leader 
strategy requires leaders be identifi ed and new training conducted repeat-
edly. Aside from its intuitive appeal and logistical simplicity, the opinion 
leadertactic can also be benefi cial because it creates a learning organization. 
Training indigenous or local opinion leaders creates the norm that the com-
munity looks to within itself to change and grow.

Key Players

Generally, opinion leaders are identifi ed as those individuals receiving the 
most nominations in response to a network question such as “who do you go 
to for advice?” Leaders are often identifi ed as those people who receive the 
most nominations, those with the highest in-degree scores. One limitation 
to using in-degree centrality is that nominations received may be redun-
dant. For example, Figure 11–2 shows a network in which the people who 
received more than fi ve nominations are all connected to mostly the same 
others. Consequently, the leaders that are identifi ed are likely to be leaders 



202  APPLICATIONS

for the same people and so do not span the network effi ciently. Borgatti 
(2006) addressed this limitation by developing a method to identify key 
players in the network as those individuals who optimally reach others in 
the network.

Borgatti (2006) showed that traditional measures of centrality (see Chapter 5) 
are inadequate for fi nding nodes optimally positioned to spread information 
for diffusion or to be removed from a network to disrupt spread. Borgatti 
developed “Key Player,” a computer program (which comes with UCINET) 
that can identify the optimal set of nodes for diffusion and/or containment. 
Key Player can also be used to vary the desired number of key players to 
be identifi ed and provides a metric showing how many others in the net-
work can be reached by the key players in one, two, or more steps (Borgatti, 
2006).

Key player identifi es the nodes best selected to accelerate diffusion and 
those best select to inhibit spread through a network.  As Borgatti (2006) 
shows these two processes are not necessarily symmetric in that some nodes 
are ideal for spreading behaviors while others are most optimally removed to 
retard diffusion.

Groups

In many cases, it may be benefi cial to identify groups in the network and 
create behavior change programs implemented by or in groups. For example, 
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Figure 11–2. The two nodes who received the most nominations are numbers 1 and 
6 each being nominated six times.  If two leaders were chosen only by considering in-
degree then 1 and 6 would be chosen but their links are mostly to the same others.  Node 
10 received nominations but these nominations are unique and so 1 and 10 or 1 and 6 
span the network more effectively.
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suppose a new software program was introduced in an organization. It might 
be desirable to have social network groups identifi ed and trained together 
in the new software. By learning together, the group can reinforce the new 
behavior and support each other with implementation issues. In this way, 
individuals can rely on one another for help and advice as they learn the new 
behavior. Further, when the group adopts the new behavior, it reduces the 
risk for each individual.

Moreover, many innovations and behaviors are suited to group-level adop-
tion rather than individual behavior. For example, interdependent innova-
tions such as fax and email are useful only if at least one other person uses 
them and they increase their utility as more people use them. Facebook, for 
example, is most gainfully adopted when an entire group uses the technol-
ogy to share information and experiences.

Many methods for identifying groups in networks were presented in 
Chapter 6. Different intervention approaches may suggest different group 
identifi cation approaches. Probably one of the more useful network defi nition 
algorithms is the Girvan and Newman (2002) algorithm because it creates 
mutually exclusive groups. Having every person assigned to one and only 
one group may facilitate implementation. On the other hand, having assign-
ments to multiple groups may make is easier for people to attend a group 
meeting that is convenient to their schedule.

In addition to fi nding groups, one may want to identify specifi c hierar-
chical positions in the network. For example, a change program in a large 
organization might recommend certain behaviors for employees who are 
frequently sought out for advice and different behaviors for those who fre-
quently seek advice. In such a case, the change agents might want to identify 
positions, rather than groups (see Chapter 7). Two critical implementation 
issues for group- and position-level interventions are whether the groups 
need to be constrained to be the same size and whether groups need leaders. 
Some programs may be content to have groups of varying sizes while others 
may need to have groups the same size. For example, a school-based curric-
ulum with a workbook specifying the number of group members will want 
to have all groups of the same size. Other interventions may be content to 
specify a group range, say from 5 to 10 people. To date, group-based inter-
ventions have assumed that groups need leaders and at least two techniques 
were developed to identify leaders and groups simultaneously.

Identifying Leaders and Groups

Some researchers have identifi ed groups and then selected leaders from within 
those groups. For example, Wiist and Snider (1991) pilot-tested a study in 
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which groups were formed using social network data, and then leaders were 
selected from within those groups. Wiist and Snider (1991) showed this to be 
an effective method for preventing tobacco use. Buller and colleagues (2000) 
used network data within a worksite to create mutually exclusive groups and 
then identifi ed leaders as those who received the most nominations within 
groups. Buller and others (2000) showed that this intervention was effec-
tive at improving fruit and vegetable consumption. Amirkhanian (2005) also 
identifi ed groups via network nominations and selected leaders who received 
the most nominations. These leaders then acted as change agents to promote 
safe sex practices among a group of Roman gypsies who are traditionally at 
high risk for HIV.

Valente and Davis (1999) proposed a model in which leaders are identifi ed 
fi rst and groups are formed based on the network nominations. Leaders can 
be identifi ed using in-degree centrality (or other measures) and then others 
are assigned to the leaders they nominated. If a person did not nominate one 
of the chosen leaders, he or she is assigned to the leader to whom he or she 
is closest to sociometrically. One can also add weights to the links in the 
network (e.g., fi rst choices ranked higher than second ones, which are ranked 
higher than third ones, etc.). These weights can then be incorporated into the 
leader-follower matching to create groups.

Valente and others (2003, 2006) tested this technique in a school-based 
smoking prevention program delivered to sixth-grade (middle school) stu-
dents in 16 southern California schools. The study randomized three condi-
tions—random, teacher, and network—at the classroom level nested within 
an evaluation of two curricula—a social infl uences one and a culturally tai-
lored one. Results showed that students in the network condition reported 
higher antitobacco attitudes and greater friend support for antismoking 
norms immediately postcurriculum. Analysis also showed that students in 
the network condition had a 56% reduction in susceptibility to smoke, which 
is a known precursor of smoking.

At 1-year follow-up, the two curricula and three network implementation 
methods were compared on changes in smoking (Figure 11–3). The data show 
(Unger et al., 2004) that the culturally tailored curriculum (FLAVOR) was 
more effective than the social infl uences one (CHIPS). The greater effective-
ness was dependent on who and with whom the curriculum was delivered. 
When groups were formed using the network approach recommended by 
Valente and Davis (1999), the culturally tailored curriculum, FLAVOR, was 
more effective (by reducing the increase in smoking). When teachers defi ned 
leaders and groups, the FLAVOR curriculum was the most effective. When 
analysis was restricted to only students who had complete data on all survey 
items, the network condition with FLAVOR was the most effective (Valente 
et al., 2006).
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There are several reasons the network method might not have been the 
most effective. First, the algorithm used to minimize network distances 
between leaders and followers was not optimal and has since been improved. 
Second, the algorithm did not include link weights so that closer ties would 
be given preference over less close ones. Third, teachers may have been very 
good at identifying students who worked well together because they were 
given specifi c worksheets for this task and because they had been in the 
classroom for 8 months (data were collected in March). The important con-
sideration here is that the type of intervention is not independent of how or 
by whom it is implemented.

Snowball Sampling or Network Recruitment

Epidemiologists and public health offi cials have used contact tracing and 
snowball methods to combat infectious disease for decades. When individu-
als present at healthcare facilities with an STD, for example, public health 
offi cials will ask for the names of the person’s sexual contacts to contact 
those people and inform them they were potentially exposed to an STD. 
Such procedures are critical for adequate public health protection, but the 
data have usually not been analyzed using network data and techniques.

Some researchers have used snowball sampling to develop respondent-driven 
sampling (RDS) methodologies useful for recruiting subjects into health pro-
motion programs (Broadhead et al., 1998; Heckathorne, 1997, 2002; Latkin, et 
al., 2009). Heckathorne (1997) referred to this system as RDS and the website 
provides software and tools for its implementation. In RDS, existing clients 
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are given vouchers to go out and recruit new clients to come to the clinic, 
and these new clients are in turn used to recruit new clients. Research has 
shown that the respondent-driven approach provides a more diverse and more 
cost-effective means of reaching “hard to reach” populations than traditional 
outreach methods (Salganik & Heckathorn, 2004). RDS uses coupons to track 
who refers whom and to provide monetary incentives to make the referrals 
and have people visit the data collection and intervention sites. The RDS web-
site provides sample implementation programs and instruments.

One application of snowball sampling is to recruit participants for vac-
cines. For example, research has been under way for decades to develop an 
HIV vaccine. Such a vaccine, should it become available, will probably not 
be appropriate for the general population because not everyone is at risk for 
HIV. Consequently, a study was conducted to determine whether social net-
work data could be collected from HIV-positive patients to recruit a sample 
of high-risk HIV-negative adolescents who might be at risk for HIV infec-
tions (Valente et al., 2009). The study used snowball sampling and recruit-
ment in order to reach high-risk populations.

Recall Figure 4–4, which displays the networks collected in this study. 
Index cases (HIV-positive patients) are displayed as squares, their fi rst- degree 
enrolled alters are triangles, and nonenrolled alters are circles. Links are 
coded by willingness to invite alter to participate in vaccine preparedness 
activities: solid arrows represent willing, dashed arrows represent not will-
ing; dash-dotted arrows represent absence of a response, and dash- dot-dot 
indicates enrolled but not named fi rst-degree alters. The data illustrate three 
remarkable things about this snowball recruitment. First, there is consider-
able variation in the number of people named by the respondents. Second, 
there is variation across relationships regarding who people are willing to 
invite to participate in the study. Respondents are willing to invite some 
of their network members, but not others. Third, there were some cases in 
which a respondent indicated they were not willing to invite a social network 
member, but they recruited the person anyway.

The results of this study showed that index cases were willing to invite 
their social network members to participate in the vaccine preparedness 
study if they were older and thought the person knew his or her HIV status. 
Awareness of HIV status varied by network member; thus, this factor was 
a relationship variable. Index cases were also less willing to invite network 
members with whom they used drugs, but this was a small fraction of the 
overall sample. Adolescents were less willing to invite network members to 
participate, but they named considerably more adolescents than adults, thus 
providing a greater yield of potential adolescent vaccine participants.

There are several implementation challenges to using snowball tech-
niques. First, keeping track of which persons recruited which ones 
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specifi cally can be a challenge. The coupons have the index person’s ID 
number but it is possible for participants to share coupons. A second chal-
lenge occurs when a person named by one index is the same someone 
nominated by another index. Consequently, knowledge of the population 
can be critical when conducting snowball sample studies so the research 
team recognizes the study participants. Finally, researchers are challenged 
in the data management since individuals named by one respondent also 
become respondents in the study. Keeping track of the unique identifi -
ers and making sure they are consistent across cases require considerable 
attention to detail.

Rewiring Networks

One of the most powerful yet untested approaches to network interven-
tions would be to change networks by deleting or adding links; or delet-
ing or adding nodes. Clearly this type of change happens in organizations 
when new teams are formed or colleagues introduce people to one another. 
Organizations may at times purposively rearrange offi ces to facilitate net-
work change, but such activities are not often created or measured in system-
atic ways. Rewiring or changing links is not done randomly rather links are 
added or deleted to maximize some network property.

It is important to fi rst decide which property one wants to maximize when 
rewiring networks. For example, in many cases the researcher may wish to 
create networks that are more cohesive where cohesion is defi ned as follows 
(Borgatti, 2006):
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where dij is the geodesic distance between dyads and i ≠ j indicates distances 
are not calculated between persons i and j. The goal then is to determine 
how much adding or deleting a link in the network changes cohesion. It is 
simple though tedious to calculate cohesion and then delete each link and 
add each nonexisting link and calculate change in cohesion for each link 
deletion and addition. This produces a change matrix with each cell entry 
indicating the amount of change in cohesion due to link deletion or addition. 
Of course, the matrix could be calculated for any network property discussed 
in Chapter 8 such as change in centralization, clustering, or transitivity, for 
example. Cohesion (or fragmentation) is probably the most relevant metric, 
however. With the change matrix, the researcher can easily report the link 
changes most critical to the network.
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Bridges and Potential Bridges

Table 11–2 reports the 10 links that decrease cohesion the most when deleted 
and the 10 links that increase cohesion the most when added. Bridges are the 
links that decrease cohesion when deleted, and potential bridges are those that 
increase cohesion when added. Researchers wishing to disrupt communica-
tions or inhibit organizational performance should concentrate on removing the 
bridges, severing the links that decrease cohesion. Removing bridges disrupts 

Table 11–2.  Top 10 Bridges and Potential Bridges 
Scores for the Network in Figure 1–1

Bridge Links 

From To Change

27 29 –0.04
29 26 –0.01

2 37 0

7 8 0

29 31 0

3 2 0

37 22 0

20 3 0

19 27 0

21 27 0

Potential Bridge Links

From To Change

31 35 0.08
10 35 0.08

14 35 0.07

29 35 0.07

28 35 0.07

5 35 0.07

16 35 0.07

12 35 0.07

15 35 0.07

22 35 0.07

Bridges are link deletions that increase average path length the most, and 
potential bridges are the link additions that decrease average path length 
the most.
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network performance and forces communications to travel longer paths to reach 
each other. Like real bridges, network bridges provide a path connecting one 
location to another, and like real bridges, they are critically important.

Identifying bridges as those that decrease cohesion is an idea derived 
directly from Granovetter’s (1973) insight, and that of many other network 
scholars—that links that connect otherwise disconnected groups are impor-
tant structural bridges in the network. “Any given tie may, hypothetically, 
be removed from a network; the number of paths broken and the changes in 
average path length resulting between arbitrary pairs of points (with some 
limitation on length of path considered) can then be computed” (Granovetter, 
1973, p. 1366). Perfect bridges that connect otherwise disconnected subgroups 
represent only a special case of the bridging phenomenon. By calculating all 
the link deletion changes, every tie can be assigned a bridge score.

These bridges may be important for diffusion of information or behav-
ior from one group to another. Bridges represent potential bottlenecks to the 
fl ow of information within the community and in some cases may need to be 
strengthened to keep the community from fragmenting. Bridge links might 
also represent links useful to delete to create a more fragmented network if 
one wishes to slow diffusion such as trying to slow the spread of HIV/STDs.

Potential bridges are those links that, when added to the network, increase 
cohesion the most. Each hypothetical link is added to the network, and the 
resulting increase in cohesion is calculated. In some settings, these would be 
the links most advantageous to add to the network. For example, if an orga-
nization joined two departments, this analysis will show which links would 
be best to create to maximally increase organizational cohesion.

Other measures may be used to calculate bridges and potential bridges. 
Recall that in Chapter 5 centrality measures were introduced for nodes that 
can also be calculated on the links. Specifi cally, betweenness centrality has 
been proposed as an important link-based centrality measure (all links have 
degree scores of less than 3). Potential bridges may be calculated by taking 
the complement of the network (0s become 1s and 1s become 0s) and cal-
culating bridging or link centrality on the complement network. Also recall 
from the simulations reported in Chapter 8 that changes in cohesion due to 
link deletions and addition were greatest when network density was in the 
15% to 25% range, suggesting that this technique is most appropriate when 
networks fall within this range.

Links versus Nodes

The previous section discussed bridging as a link phenomenon, and here 
the discussion reverts back to the node. Most interventions have focused on 
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identifying leaders and those at the center of the network. Although often 
more diffi cult to fi nd but potentially more important are identifying bridges. 
The methodology just described shows how to identify bridging or potential 
bridging links; it may be useful to identify the nodes (people) who occupy 
these bridging positions.

Technically, bridges are links and the anchors for the links are bridge 
nodes. People are often referred to as bridges when they connect two separate 
groups. Of course we want to identify a measure of bridging which indicates 
every node’s degree of bridging. We often want a measure of bridging at the 
individual level so we can determine correlates of bridging. For example, 
we might think that bridges have certain personality characteristics such as 
being open to new ideas or that bridges are at higher risk for substance use. 
Individual bridging is calculated by using the change scores created for all of 
the links by calculating each person’s average change score. Thus, we defi ne 
individual bridging as:
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where C is cohesion for the observed network, C’ij is cohesion when the 
link from i to j is removed, C’ji is cohesion when the links from j to i are 
removed, and k and l represent the number of ties sent and received, respec-
tively. Bi is average change in cohesion when the links incident to each node 
are deleted. The measure can be disaggregated into its two components, 
bridge-from and -to, respectively, calculated as the average change in cohe-
sion when links from and to each node are deleted. The measure can also 
be used to measure potential bridges calculated as the average change in 
cohesion when nonexistent links from and to each node are added. The one 
diffi culty with this measure is that it does not control for network size so cal-
culations across networks cannot be compared. Box 11–1 shows this bridg-
ing measure applied to the hypothetical network Granovetter (1973) used to 
illustrate the strength of weak ties.

Bridges can be used to fi nd critical nodes in a network that should be 
strengthened or supported to retain a cohesive network. Betweenness cen-
trality is often used to identify central nodes in bridging positions. Valente 
and Fujimoto (submitted) have shown that bridging and betweenness are only 
moderately correlated. That correlation, however, depends on the network 
structure, when there are few absolute bridges the correlation is high. As the 
network structure becomes more amorphous, the correlation decreases and 
bridging and betweenness identify different nodes. The bridge measures enable 
the identifi cation of important nodes in a network that are not peripheral or 



Box 11–1. Granovetter’s Strength of Weak Ties Revisited

Granovetter (1973) wrote an infl uential article titled the strength of weak 
ties (SWT) that emphasized the importance of network bridges for diffu-
sion of information and innovations. The basis of Granovetter’s argument 
was that people’s friends are also likely to be friends. Consequently, it 
was not common for people to be connected to others who do not know 
one another. These connections between people whose friends do not 
know one another are more likely to be bridges connecting un-connected 
groups. Figure 11–4 shows Granovetter’s original diagram showing the 
link between nodes A and B as a bridge. According to Granovetter (1973), 
bridges reduce the overall distance between individuals in a network 
where distances were conceived as the number of steps between people. 
Reduced distance enables information to spread more rapidly throughout 
a network. Granovetter linked the micro-level tendency for transitivity to 
translate into the macro-level property of weak ties being bridges.

Traditionally, social network researchers have used centrality between-
ness (see Chapter 5) to measure bridging in networks. The bridging mea-
sure (p. 210) as well as centrality betweenness were calculated on this 
network. The analysis shows that bridging, when conceived of as a node 
or person, is the node P at the top of the network, not nodes A or B. Nodes 
A, B, C, X, and W all have high and nearly equal betweenness scores. P is 
unique, however, in that P has only 2 links and thus the average change in 
distances when P’s links are deleted is greater than for other nodes.
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Figure 11–4. Graph used to illustrate weak ties in Granovetter’s (1973) strength 
of weak ties paper.
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central, but reside in an intermediate position within the network. These nodes 
might function as important intermediary relays in the diffusion process.

The bridge and potential measures may have particular application to 
the prevention of disease transmission. To prevent diseases from spread-
ing within communities, researchers advocate immunizing central nodes as 
that would have the greatest effect on preventing further spread. To pre-
vent disease from spreading between communities, however, bridges should 
be immunized. From a local perspective it makes sense to focus on central 
nodes, but from a global or macro perspective, bridges are critical.

In sum, the rewiring methodology has provided several insights. First, it 
indicates specifi c links that should be deleted to slow diffusion or those to be 
added to accelerate diffusion based on changes in network cohesion. Second, 
other network properties (see Chapter 8) can be maximized so that link 
changes can be proposed that maximally (or minimally) affect network cen-
tralization, transitivity, clustering, and so on. Third, the average link changes 
can be aggregated to the nodes (take the average) to identify critical nodes 
in the network that occupy bridging positions. These nodes may be essential 
to network performance.

It should be acknowledged that purposively changing networks, in many 
cases, is likely to be very diffi cult since people have the relationships they 
have for very good reasons. People are attracted to one another for many rea-
sons and may not want to create new affi liations that a management or advo-
cacy team recommends. For example, organizations often have divisions that 
need to be merged. It may be relatively straightforward to identify the people 
who should communicate more frequently to make the newly merged orga-
nization more cohesive. Members of the two subgroups, however, may have 
functions, activities, beliefs, and norms that inhibit communication between 
the groups. Still, having a set of rewiring network tools available may be 
very useful.

Networks and Attributes

The intervention techniques presented so far have used network data only, 
without regard to the characteristics of the people involved. It makes more 
sense to consider the characteristics (age, sex, attitudes, behaviors, etc.) of 
the people in the network along with the network data. For example, an 
intervention designed to promote adoption of a new technology in an offi ce 
may need to consider the skill levels of individual members of the group 
before creating groups based on network data alone. Or it may be necessary 
to check the gender of all group members so that no groups are formed that 
have less than a certain percent of each gender.
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Network-attribute interventions will logically be of two types. First are 
those in which personal attributes such as gender, ethnicity, age, and educa-
tion status are considered after the network data have been used to design 
the intervention. In these the researcher may simply inspect network group-
ings or assignments to verify that there is an appropriate distribution of the 
attributes in groups or assignments. For example, one may want to create 
groups of the same gender or ensure that all groups have at least two mem-
bers of either sex. An intervention designed to reduce racial tensions in a 
school may want to create ethnically heterogeneous groups but also inspect 
those groups to be sure there is a reasonable and appropriate distribution of 
ethnicities within groups.

Interventions may also be designed that adequately and appropriately dis-
tribute knowledge and skills within groups. For example, a school-based 
curriculum may wish to use network data for identifying leaders and groups 
but also guarantee that each group has people of varying abilities. So a math 
game could be constructed based on friendship patterns but also guarantee-
ing that equal numbers of low, medium, and high math performers are rep-
resented in each group.

The second type of network-attribute intervention considers attributes fi rst 
and segments the population on the attribute. For example, in the fi eld of sub-
stance use prevention, nonusers can be grouped together to discuss ways to 
continue resisting peer infl uence on use, while users can be grouped together 
to discuss ways to quit or support nonuse. Future interventions may want to 
explore novel ways of harnessing the positive effects of social infl uence. For 
example, Killeya-Jones and colleagues train “deviant” peer leaders to devise 
and spread antidrug messages to younger peers (Killeya-Jones et al., 2007).

Regardless of how implemented, considering networks and attributes 
simultaneously seems a reasonable approach to intervention procedures 
since many interventions are designed to change behaviors. Network infl u-
ences on behavior must be seen in the context of the attitudes and behaviors 
of the population and the specifi cs of how behaviors interact with the net-
work structures. Just as network analysts may criticize research conducted 
devoid of context, behaviorists may criticize network research’s overreliance 
on structure absent the attitudes and behaviors that defi ne people. A fur-
ther caution is warranted: Because networks are often homophilous, using 
network data to defi ne intervention groups can sometimes create overly 
homophilous structures, thus increasing barriers to change. Consequently, 
interventions may also be designed to purposively separate people based on 
existing attitudes and behaviors or purposively structured to sever existing 
friendships.

For example, network data on friendship links may be used to purposively 
construct groups in which the members do not know one another. This might 
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be done to break down existing communication and infl uence paths or to exper-
iment with how groups composed of (near) strangers perform. It might also 
be done because a classroom or organization had been experiencing negative 
actions and performance and so something is needed to “shake things up.”

Iatrogenic Effects

One concern with using network data to construct interventions has been the 
possibility of iatrogenic effects. Even the most well-intentioned health pro-
motion programs may have negative or unanticipated consequences, referred 
to as boomerang or iatrogenic effects. Negative effects occur when an inter-
vention’s design exacerbates the problem behavior it is supposed to improve. 
Dishion and others (1999) conducted a series of studies among high-risk 
youth evaluating interventions designed to address their problem behavior. 
Results showed that participation in peer groups with other high-risk youth 
resulted in a greater prevalence of the problem behavior. Dishion and oth-
ers (1999) refer to this as deviancy training: “youth with moderate levels of 
delinquency, and who had deviant friends, were those who escalated to more 
serious forms of antisocial behavior” (Dishion et al., 1999, p. 761). Students 
who receive a prevention curriculum in groups of friends who favor drug 
use may be more likely to subsequently favor drug use and the method of 
curriculum delivery would have negative effects. Indeed, such an occurrence 
is plausible since adolescents may take curriculum content and use it to pro-
mote substance abuse by parodying scripts in a pro-use manner.

Deviancy training can occur both when problem adolescents are grouped 
with other problem adolescents and when problem adolescents are grouped 
with previously “good” adolescents. Dodge and others (2007) reviewed sev-
eral large-scale natural experiments in which student mixing resulted in an 
increase in the number of regular students in settings with poor perform-
ing or “deviant” students. For example, some school districts may change 
their policy putting six-grade students in middle schools, with seventh- 
and eighth-grade students, rather than a kindergarten through sixth-grade 
arrangement. The prevalence of problem behaviors (smoking, substance use, 
detention) increased dramatically for sixth-graders in schools with seventh- 
and eighth-graders compared to sixth-graders who remained in elementary 
schools (Dodge et al., 2007).

Iatrogenic effects might be expected in a network-delivered substance 
abuse prevention program. Valente and others (2007b) used leader/match-
ing methodology to create TND Network, a network-tailored version of an 
existing substance use prevention program. The study was designed to pre-
vent and reduce substance use among high-risk high school students who 
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attend continuation (alternative) high schools in southern California. An 
earlier study using networks to prevent tobacco use showed that the network 
performed as well, and in some cases better, than teacher-defi ned leaders 
and groups (Valente et al., 2006). A signifi cant research and practice ques-
tion emerging from this prior study was: To what degree is any network 
tailoring effect dependent on the program within which it is embedded? 
Consequently, TND Network was created as a network-tailored version of 
an existing evidence-based curriculum, Towards no Drug Abuse (Sussman 
et al., 1993). The network version used network data to construct groups 
and make the material more interactive, keeping program content constant. 
Of interest was whether TND Network was more effective than TND and 
whether TND Network might create peer aggregation that has deleterious 
effects on substance use outcomes, deviancy training, or iatrogenic effects.

Results showed that TND Network was associated with monthly reduc-
tions in current use of marijuana, cocaine, and a composite substance use 
score at 1-year follow-up (Valente et al., 2007b). The effects on current 
use were strongest when the regression included an interaction term com-
posed of peer use (network exposure) and being in the TND Network con-
dition. This indicates that, for some students, being in the network condition 
increased their use if they had a friendship network composed mostly of 
users.

The reduced substance use came at the expense of increasing use among 
some students with existing networks of substance using peers. Substance use 
was reduced mainly for those students who nominated as friends other students 
who reported low levels of substance use. If a student received the network 
curriculum and had friends in the class who reported using substances, he or 
she was likely to increase his/her substance using behaviors over the 1-year 
interval. Thus, the network curriculum seemed to achieve its goal of increas-
ing peer infl uence, yet that peer infl uence, in the context of an alternative high 
school, was potentially negative for adolescents with drug-using friends.

Reducing substance use in a high-risk sample such as alternative high 
school youth is challenging at best. The TND Network curriculum was able 
to achieve relatively long-term behavioral effects on marijuana and cocaine 
use and on a composite use index when all substances were considered 
together. This success, however, came at some cost to students at elevated 
risk due to their having friends who use drugs.

Future studies will no doubt explore how to use social networking sites 
such as Facebook, MySpace, LinkedIn, and others to learn how networks 
evolve and how they infl uence behavioral choices. Many people now use 
these services and are familiar with their properties. These or similar sys-
tems may be developed to understand how individuals or organizations 
create, manage, and change their social networks and how these dynamics 
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infl uence attitudes and behavior. There is considerable potential for using 
these sites as intervention loci.

A Pharmaceutical Marketing Example

Many of the studies reviewed thus far were conducted among small isolated 
communities or in laboratory-type settings. Network techniques can be used 
to accelerate marketing in real-world applications such as among physicians 
practicing in communities. Survey data were solicited from 188 medical doc-
tors in the San Francisco Bay Area who treat or potentially treat patients 
with a type of viral infection. The survey was mailed twice and a reminder 
postcard was sent. The fi nal response rate was 43%. Physicians were asked 
with whom they discuss the management and treatment of the condition and 
to whom they refer patients. Surprisingly, respondents wrote names primar-
ily from the list provided for the mailing. It was as if the respondents con-
sulted the list in their selection of discussion and referral partners rather than 
being asked open-ended questions. Some additional names, not on the list, 
were provided.

Figure 11–5 graphs the network of discussion in the San Francisco Bay 
Area. The network showed two large subgroups with one group anchored by 
physicians numbers 12, 18, 58, and 160. This group turned out to have pre-
dominantly European surnames. In contrast the second group was smaller, a 
bit less densely connected, with number 175 receiving the most nominations. 
This second group had primarily Asian surnames. Clearly two different 
groups of physicians constituted the treatment community in this region. To 
be successful at marketing its products, a pharmaceutical fi rm would be wise 
to understand this and similar underlying structures. Notable fi ndings from 
this research were that a marketing strategy that did not include number 175 
would have a hard time being successful in the Asian and Asian-American 
community in the Bay Area. Further, marketing efforts directed at numbers 
12, 18, 58, and 160 are, to some extent, redundant. These four physicians are 
prominent and important opinion leaders, but they are infl uential within the 
same group (recall the key player section). It is more effi cient to fi nd opinion 
leaders in different groups rather than leaders all in the same group. We also 
measured self-reported opinion leadership among this group with an opinion 
leadership scale (King et al., 1999). We found a modest correlation (r = 0.43, 
p < .01) between self-reported leadership and receiving nominations as a 
discussion partner (Iyengar, et al., in press).

Another outcome from this study was to test how well the identifi cation 
of leaders would perform if the sociometric study was conducted using only 
a subsample of the 188 physicians on the original list. In this experiment, 
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a 20% random sample of the mailing list was selected and the data from 
responding physicians within that sample were analyzed. Essentially, the 
study asked the question: what would have happened if surveys were sent 
to 20% of the entire list of 188 physicians? The results showed a markedly 
different network structure with considerably more isolates, not surprisingly. 
The sample survey failed to capture the network structure that was so appar-
ent from the full dataset.

These procedures can be scaled up somewhat. In a national survey of 
dermatologists who treat patients with psoriasis, respondents were asked to 
indicate other dermatologists with whom they discuss patient treatment and 
go to for advice regarding treatment options. The data showed a remarkable 
degree of local clustering such that over 90% of the discussion relationships 
were within the same geographic region as the respondent. The geographic 
regions were large, dividing the United States into four areas: northeast, 
south, midwest and west. Advice-seeking was slightly less geographically 
bound, with about 80% of contacts being within region.
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The techniques proposed in this chapter have considerable utility for inter-
ventions in many domains across many settings. It may be, however, that the 
most effective network intervention is simply collecting the data and report-
ing it back to the interested communities. Seeing their own network data, in 
a way no individual could see it without collecting data from everyone, can 
be a powerful motivator for energizing change. Thus, assessments of net-
work intervention effects should consider that simply asking network ques-
tions can have an effect on behavior and simply providing network feedback 
can stimulate change.

Summary

This chapter introduced the concept of network interventions, using net-
work data to implement behavior change programs. Six classes of methods 
were reviewed: opinion leaders, groups, leaders matched to groups, snow-
ball methods, rewiring networks, and crossing network data with attributes. 
Many cautions were expressed about the importance of theory and ethnogra-
phy to ensure the research team has suffi cient knowledge of the community. 
Caution was also expressed regarding the potential for iatrogenic effects and 
that interventions may purposively attempt to divide existing networks.

The chapter closed with a community example illustrating the capability 
of network data collection from physicians practicing in a broad geographic 
area. Most, if not all, behavior change programs ignore social networks and 
thus lack the capacity to know whether program success or failure was depen-
dent in part on who delivered the message. The messenger is the medium in 
the sense that who delivers the intervention and the social context within 
which it is received may be as, if not more, important than the message 
itself. The potential for network interventions to accelerate behavior change 
is great, but the application of these methods is likely to be challenging at 
fi rst as both researchers and communities learn how best to apply networks 
and networking in the most effective ways.
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This book has introduced the many theories, procedures, techniques, 
 methods, measures, and applications of social network analysis to health 
topics. In Part I, Chapter 1 provided an overview of the major models and 
concepts used to understand social networks. Major models and research 
areas include understanding the importance of homophily, scale-free or cen-
tralized structures, social capital, algorithms, dynamics, diffusion of innova-
tions, and interventions. These models have focused the research attention of 
many scientists and produced a rich body of research.

Chapter 2 provided a history of the network analysis fi eld and reviewed 
some of the major areas of application. Early network studies were derived 
mostly from data collected in small groups and often entailed in-depth obser-
vation and study. The fi eld was slow to grow in part because social science 
researchers were trained to collect random samples from populations and 
make inferences based on sampling properties. This preoccupation slowed 
the development of appropriate statistical and computational tools for social 
network analysis.

The growth of the Internet, the ubiquity of computer communications, and 
an increased appreciation of social context helped spur growth in network 
analysis by the 1990s. The medical and public health fi elds expanded net-
work applications from risk behaviors to infectious and eventually chronic 

12

Summary
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diseases. Public health applications also included the study of community 
coalitions, interorganizational relationships, and systems approaches to pol-
icy and social change. Modeling and analysis of large contact network struc-
tures provide insight into potential epidemic threats. Today, network analysis 
represents a full-grown paradigm of research and constitutes a perspective 
that is increasingly diffi cult to ignore.

Many theoretical approaches have been used to understand how networks 
infl uence behaviors that affect health and the provision of health services. Most 
behavior change theories include a role for social infl uence, norms, and peer 
infl uences. The network approach provides specifi c methodologies and theories 
for modeling and testing such infl uences. The traditional approach has been 
the study of the diffusion of innovations, a perspective that attempts to under-
stand how new ideas and practices spread within and between communities.

Studies of the diffusion of innovations and behavior change have consis-
tently shown that the behavior of peers and close personal networks has a 
strong infl uence on people’s adoption behavior. If a person’s closest friends 
do something, the focal individual is approximately twice as likely to do 
it also. Strong ties have a strong infl uence on people’s behavior. There are 
people who are not infl uenced by their friends but instead have lower per-
sonal network thresholds to behavior. These individuals are innovative with 
respect to their peers and so innovate before their friends do. Low-threshold 
individuals turn to the media or peers outside the immediate peer group for 
infl uences on their behavior.

Given the importance of close, strong ties on behavior, numerous methods 
have been developed to measure social networks. Chapter 3 presented the 
many different network approaches including egocentric (local), snowball 
(partial), and census (complete) approaches as well as general and specifi c 
approaches for each. Understanding how network data are collected is crit-
ical to understanding how to manage, analyze, and interpret network data. 
All the approaches provide more contextual information than independent 
random samples, yet the approaches vary in how, where, and when they can 
be applied.

Egocentric data can be collected with random samples and typically 
involve the measurement of a person’s close contacts. For example, many 
surveys ask people to name the people they talk to about important matters 
and then ask the respondent to provide information on the person’s named 
such as their gender, education, religion, and any health behaviors under 
study. Egocentric techniques have been used to demonstrate homophily: the 
tendency for people to have close friends and contacts who are like them-
selves (being of the same ethnicity, socioeconomic status, religious persua-
sion, and so on). Egocentric data have also been used to show that people are 
infl uenced in their behaviors by their social networks.
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Census approaches are in some ways more powerful than egocentric tech-
niques as they provide a full map of the network and require the researcher 
to specify the network boundary. Respondents are asked to name others 
within the boundary (or check their name from a list) and the network is then 
mapped and analyzed. More powerful computing has also enabled research-
ers to map networks from archival records or communications systems such 
as telephone or e-mail logs. Census network data can be used to derive many 
measures that indicate a person’s position in the network, whether central or 
not, for example. Census techniques have enabled researchers to measure 
group properties, positions, and network-level measures.

Part II of this book consisted of Chapters 5 through 8, which provided a 
review of methods and measures calculated with census (complete) network 
data. Chapter 5 reviewed centrality measures, which indicate the degree a 
person (or node) is in the center of the network. Many centrality measures 
have been proposed, the three most common being degree, closeness, and 
betweenness. The calculation of these measures and their application to 
health behaviors was detailed. Many studies have shown that leaders, those 
who occupy central positions in the network, often adopt innovations early 
but not necessarily the earliest. Leaders, and those who occupy critical posi-
tions in the network, can have a large infl uence on many processes hypoth-
esized to occur on networks.

Chapters 6, 7, and 8 provided measures for assessing groups, positions, 
and network-level properties, respectively. Each chapter provided the meth-
ods historically used for these topics and how health behaviors have been 
studied with these techniques. There are many different algorithms available 
to measure groups and positions in a network depending on how one defi nes 
what it means to be in a group. Attention was paid to the Girvan-Newman 
(2002) algorithm as a widely available technique to sort nodes into mutually 
exclusive groups and at the same time getting a measure of how well the 
grouping fi ts the data. As with groups, several position algorithms were also 
presented, with attention being paid to CONCOR and structural equivalence, 
which sorts nodes into equivalent positions based on how similar the ties are 
between nodes. Chapter 8 provided algorithms and interpretations for the 
most common network level indicators: size, density, diameter, average path 
length, transitivity, clustering, and centralization.

Part III of this book covered applications of network analysis to areas 
of substantive interest by explicitly considering how ideas, attitudes, and 
behaviors are embedded in networks. Chapter 9 provided an introduction 
to exponential random graph or P* models that provide a means to conduct 
statistical tests on network properties, network evolution, and the interac-
tion between networks and behavior. The exponential random graph model 
(ERGM) framework has generated considerable excitement among network 
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researchers as it links network dynamics to a statistical model in a  manner 
similar to the evolution of inferential statistics. Chapter 9 illustrated the main 
components of testing the actor oriented co-evolution model used to test net-
work infl uences while controlling for network dependencies.

Chapter 10 reviewed the theory and literature on diffusion of innovations. 
The four main eras or diffusion models were reviewed: (1) opinion lead-
ers and integration, (2) structural infl uences such as weak ties, (3) critical 
levels or tipping points, and (4) dynamic, event history models. Analysis of 
the classic diffusion network datasets was provided. The chapter shows the 
many ways researchers have investigated how networks infl uence the spread 
of new ideas and practices within and between communities. If networks do 
infl uence diffusion, then perhaps networks can be used to accelerate positive 
behavior changes. As Christakis and Fowler (2007) wrote, “The spread of 
obesity in social networks appears to be a factor in the obesity epidemic. Yet 
the relevance of social infl uence also suggests that it may be possible to har-
ness this same force to slow the spread of obesity” (p. 378).

Chapter 11 reviewed network interventions, techniques for using network 
data to accelerate behavior change or enhance community/organizational 
performance. Several approaches to network interventions were presented, 
including opinion leaders, groups, leaders and groups, snowball designs for 
recruitment, and rewiring or network reconfi guration. Several studies have 
tested network interventions with results generally showing that network 
interventions are effective but also can create unintended consequences. 
Caution regarding the application of network interventions was voiced as 
well as the importance of including individual attributes along with the net-
work data.

As this summary suggests, the network analysis fi eld is large and expand-
ing in many ways. Like most research endeavors, choosing the appropriate 
methodology for answering one’s research questions is a critical challenge. 
Inappropriate methodology frustrates the researcher into trying to fi t a 
round peg into a square hole. Network analysis compounds this problem 
by providing a research methodology that is intuitively appealing and, on 
the surface of it, appropriate for many settings, and is remarkably easy to 
do. The researcher need only ask one question: Name your closest friends 
(in a school, say), and the researcher has a dizzying array of standard mea-
sures available to him or her to comprehensively understand the individuals, 
groups, hierarchies, confi gurations, systems, liabilities, and assets contained 
with that school.

Once an attribute is added such as gender or ethnicity, the researcher can 
determine if these attributes affect how the network is formed. Are adoles-
cent boys more or less likely to name other boys as friends? The tendency 
for ties to be reciprocated among people who share attributes is referred to 
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as homophily and the tendency of homophily creates network structure. Just 
a few attributes (age, sex, ethnicity, marital status, and religion) can create 
complex effects on networks. Table 12–1 illustrates the array of variables and 
analyses that can be constructed from a few simple network questions.

Of course, in many studies, researchers ask multiple network questions 
to compare them. For example, one might ask adolescents in schools who 
are their best friends and whom they would like to lead a project in class. 
Although there is some overlap in these two networks, the questions will 
elicit different names. Researchers can compare these networks by study-
ing their correlation and test hypotheses at both the individual and network 
levels regarding the role these networks might play in academic performance 
and other behaviors.

In the case of school-based adolescent research, it is quite common to col-
lect network data in multiple schools, thus permitting comparisons of network 
structures across settings. For example, one can study the variation in friend-
ship network density, transitivity, and clustering across schools. It might be 
hypothesized that network structural properties vary in part based on the eth-
nic distribution of the students in the schools. A school with a large majority of 
one ethnicity may be characterized as having high transitivity and a relatively 
cohesive and stable network structure. Conversely, a school with considerable 
ethnic diversity may be characterized as having restricted transitivity such that 
triangles are more likely to be closed when the people share the same ethnic 
background. These variations in structure may have implications for behav-
ioral diffusion, normative beliefs, and the potential for change.

While network analyses, and the procedures and algorithms for doing so, 
are of interest to network scientists, the research hopefully adds some bene-
fi t to the participants and policymakers who fund the research and have an 
interest in the outcome. In such cases, it is quite common to track student 
performance and determine whether network factors are associated with, 
perhaps causally linked to, this performance. For example, researchers might 

Table 12–1. Network Data Provide an Almost Unlimited Number of 
Variables in the Analysis

Individual level: Centrality degree; closeness; betweenness; group member; isolate; pendant; 
reciprocated ties; density; constraint; exposure on attributes; exposure to behaviors

Network level: Density; reciprocity (%); transitivity; triad census; core-periphery; 
average path length; diameter; positions; block model; image matrix

Symmetrize original data (repeat above)

Compare and combine two or more networks

Exponential random graph modeling

Actor-oriented co-evolution model

Network diffusion
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want to know whether students who get poor grades are more likely to have 
friends who get poor grades. There may be many reasons for the association 
between individual and friend grades some more plausible and amenable to 
change than others. Locating this relationship, however, unlocks the grade 
performance problem for many parents who can now take remedial action. 
It is quite possible the friends spend too much playing video games and not 
enough time studying, so the parent might insist the student study with his 
or her friends fi rst before they can play their games.

The techniques covered in this book help researchers understand how to 
analyze social network data including analysis of a single network, compar-
ing networks, and including individual attributes. An additional dimension to 
network analysis of behavior change occurs when researchers have data on 
time of adoption, when individuals initiated a new behavior. In cases where 
researcher knows when individuals initiated behavior change, the dynamic 
process by which a new idea or practice spreads through a network of con-
tacts can be modeled and analyzed.

Often, this time of adoption has been measured retrospectively, after dif-
fusion has occurred. In this case, respondents are asked to recall when they 
fi rst used a new product or changed their behavior. In some studies, time of 
adoption is measured with some recording system such as when people fi rst 
accessed a website. The challenges inherent in recording time of adoption, 
especially since diffusion often takes quite a long time, has meant that there 
are few studies that have measured social networks and time of adoption. 
Consequently, much of the literature on diffusion networks is derived from 
computer simulation.

Interpersonal infl uence is a leading cause of behavior change. Individuals 
cite friends and social networks as the primary infl uence on their behavior, 
so using social network analysis to understand behavior change is critically 
important. Amazingly, given a bounded setting, asking a simple question 
that is very easy for the respondent to answer (e.g., Who are your friends?), 
yields an embarrassingly large array of measures. In some cases, the data 
are available unobtrusively (e.g., who sends e-mail to whom) and so even 
easier to collect. The challenge is to understand how to analyze the data and 
select the appropriate algorithms and models to capture the researcher’s sub-
stantive interest. One way to illustrate and test the complexities of network 
science is by using agent-based modeling (ABM).

Agent-Based Modeling

ABM is a computational technique used to investigate theoretical issues 
by use of computer simulation. Agent-based models are a specifi c type of 
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simulation used to model network effects. Agent-based models typically 
start with a hypothetical community that is composed of agents that may be 
thought of as people but can also represent organizations, agencies, or other 
entities. A set of rules the researcher may be interested in understanding are 
proposed and these rules become the actions that dictate agent behavior in 
the model. The researcher then posits variations on the rules or a range for 
some parameters to vary. The computer simulation then runs through the 
various confi gurations of the model to understand how the system behaves 
under these hypothetical conditions.

ABM has many advantages and, with the growth of computational capa-
bilities in the past decade, has become an increasingly useful research tool. 
One advantage is that it can help the researcher specify the variables, rules, 
and models that are of theoretical interest. Developing a model helps the 
researcher think about his or her problem of study. For example, the hypo-
thetical random mixing model presented in Chapter 11 to show how diffusion 
occurs via random interactions between adopters and nonadopters helped 
clarify one way in which the diffusion process works. A second advantage 
is that ABM allows the research to investigate issues of theoretical impor-
tance without collecting data. Since data collection can be time-consuming 
and expensive, being able to do research without having to collect data can 
be very benefi cial.

The disadvantage to ABM is that the results are only as good as the set of 
rules, assumptions, and procedures built into the model. If the assumptions 
and rules of the model do not refl ect situations found in the real world, then 
the model will not provide useful results. Calibrating ABM parameters to 
empirical data is a requirement for building useful models for them to refl ect 
real-world settings and processes.

To illustrate, agent-based models were created to simulate behavioral 
diffusion varying three parameters: (1) initial adopter characteristics, (2) 
network structure type, and (3) the adoption threshold. These simulations 
demonstrate the effects of network structure and initial seed adopters on 
diffusion. Four different initial adopters (seeds) were simulated: (1) opinion 
leaders (those receiving the most nominations), (2) randomly selected ones, 
(3) highest centrality betweenness (see Chapter 5), and (4) marginals, those 
receiving the fewest nominations. Four different network structures of the 
same size and density were modeled: (1) a real network derived from data 
collected in a high school, (2) a random network, (3) a centralized (scale-
free) network, and (4) a clustered (small world) network.

Contact diffusion was simulated fi rst, which occurs when adoption hap-
pens by simply coming into contact with an adopter. This is also known as 
knowledge awareness diffusion or rumor diffusion. in which there is very lit-
tle cognitive effort required for a person to be an adopter. People (or agents) 
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thus change their status from being nonaware to aware when one of their 
connections is aware. The simulation is created by starting with an initial set 
of adopters and an initial network at time 1. At time 2, network exposure is 
calculated for each person using the network exposure model (see Chapter 
4). The threshold is set to just above 0 (0.01), so any person with exposure 
becomes an adopter at time 2. The process is repeated for 18 time periods, 
keeping track of the number and proportion of adopters at each time period. 
Each combination of parameters is run 100 times so that any anomalies that 
may arise from a particular simulation run are accounted for by taking the 
average across many runs. By chance, for example, a random network may 
have been generated that is quite centralized, and this would perturb the 
results of the simulation. By averaging across many runs, this possibility is 
accounted for since it is unlikely that as many as 100 randomly generated 
networks were centralized (for example). It is usually recommended to sim-
ulate each scenario at least 100, 500, or 1,000 times to account for these 
chance events. The number of iterations is determined by the degree of cer-
tainty needed in the results.

Of course, any randomly generated network, even with specifi ed proper-
ties such as being centralized or clustered, may have variations within it 
that skew the simulation results. To guarantee that these results were not 
a product of any chance occurrences within any one of the networks, the 
procedures were repeated 100 times. In total, there were 4,800 possible 
permutations, four  network structures, four different starting seeds, three 
thresholds settings, and 100 runs each (4 × 4 × 3 × 100 = 4,800). The 48 
possible permutations were simulated 100 times and the average within these 
100 stored as the model results.

Table 12–2 depicts the parameters studied in this ABM. The average of the 
16 scenarios (4 × 4) for the three threshold settings provides model results. 
Each scenario consists of simulated diffusion over 18 time periods. A diffu-
sion rate was calculated for each scenario providing a single parameter esti-
mate to compare across scenarios. Table 12–3 reports the rate of diffusion 

Table 12–2. Average Rate of Diffusion across 16 Different Hypothetical 
Scenarios by Varying First Adopters (Seeds) and Network Structure

Network Structure

Seeds Real Random Centralized Clustered

Leaders 0.16 0.42 0.41 0.27
Random 0.18 0.43 0.41 0.27
Between 0.20 0.45 0.47 0.27
Marginals 0.20 0.44 0.45 0.27
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for the 16 conditions. The principle analytic tool is a graph of the diffusion 
curves providing a visual comparison across conditions.

Figure 12–1 shows the diffusion curves comparing network structures 
between different seeds (comparing the columns in row one of Table 12–2). 
Figure 12–1a depicts diffusion across the four network structures when the 
fi rst adopters are leaders. Diffusion occurs fastest in the random network 
when the fi rst adopters are opinion leaders. Diffusion is nearly as fast in a 
centralized network when the fi rst adopters are leaders but not quite as fast 
as in the random networks (compare rates 0.42 to 0.41). Leaders are those 
with the most nominations, and once they adopt, they spread the innova-
tion to many others rapidly. In a random network, the spread happens most 
quickly because the leaders are randomly spread throughout the network and 
so their connections are not redundant. Further, the people connected to the 
leaders are not necessarily connected to other leaders. Consequently, there is 
little redundancy in the leader communications with the nonleaders, and so 
the idea spreads quickly. In a centralized network, there may be some redun-
dancy in the connections between leaders and nonleaders, so at any one time 
period there is a greater likelihood that a nonadopter will be in contact with 
two leaders who both are adopters than in a random network. Therefore, dif-
fusion is slightly slower in the centralized network than in the random one 
when the fi rst adopters are leaders.

Figure 12–1b reports diffusion curves when the fi rst adopters are randomly 
selected. Here diffusion is again fastest in the random network, followed 
closely by the centralized networks and then much slower in the clustered 
and real ones. Notice also that in all four seeding conditions the clustered 
network has slower diffusion, and the real network is the slowest.

Figure 12–1c shows diffusion curves when the fi rst adopters are those with 
the highest centrality betweenness scores. Here diffusion starts off faster in 
the centralized networks and remains faster than in the random networks. 
The betweenness seeds have a slightly larger impact on diffusion in the 
centralized network than the random one because, on average, their initial 
persuasive connections reach more nonredundant people. Consequently, dif-
fusion reaches the leaders rapidly and diffusion accelerates. The centralized 

Table 12–3. Selected Network-Level Indicators for the Four Network 
Structures within which Diffusion Was Simulated

 Size Density Centralization Clustering Reciprocity. %

Real 150 1.46% 3.28 15.4 43.0%
Random 150 1.46% 3.25 1.85 1.05%
Centralized 150 1.46% 7.67 1.63 1.01%
Clustered 150 1.46% 2.81 15.5 10.3%
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Figure 12–1. Simulated diffusion varied across four network structures—(1) real, (2) 
random, (3) centralized, and (4) clustered—and four different initial adopter (a) highest 
in-degree, (b) random, (c) highest betweenness, and (d) marginals.
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Figure 12–1. Continued.

229



230  APPLICATIONS

network accelerates diffusion when initial seeds have high betweenness. This 
is also true, but to a slightly lesser extent with the random networks.

Figure 12–1d shows the results when initial seeds are on the margins of 
the network and provides the clearest results of any of the conditions. Here 
diffusion is fastest in the centralized network, followed by the random net-
works, then the clustered one, and the real one had the slowest diffusion. 
When initial adopters are on the periphery of the network, receiving only 
one nomination, for example, then diffusion will be slowed except in a cen-
tralized network. In a centralized network, marginal people may still only 
be one step away from the leaders and so the innovation can travel quickly 
to them and be quickly spread to everyone else. In contrast, in a random or 
clustered network, innovations starting on the margins take some time to 
percolate through the network and reach everyone else.

Figure 12–2 aggregates the data across different network structures to 
compare the infl uence of different seeds, or initial adopters, on  diffusion 
 trajectories. Diffusion is faster when initiated by opinion leaders or ran-
domly selected seeds than when initiated by those high in betweenness or 
 marginals. High betweenness and marginal members have few connections 
and therefore their adoption behavior does not spread to many others. In 
some cases using people high in betweenness as initial adopters may be a 
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Figure 12–2. Hypothetical diffusion curves averaged across the four network struc-
tures. Diffusion is faster when initiated by opinion leaders or randomly selected nodes 
rather than those high in betweenness or marginals (in part because high betweenness 
initial seeds have slow simulated diffusion in the real network).
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wise strategy but in these simulations diffusion is slow in both the clustered 
and real  networks when initial adopters have high betweenness.  Surprisingly, 
randomly chosen initial adopters are almost as effective as leaders.

Several overall conclusions may be gleaned from these models. First, 
random networks have more rapid diffusion than one might naively expect. 
Random network structures provide short overall paths in the network and 
little clustering which creates bottlenecks. Thus, overall random networks 
perform very well. Second, centralization, in general, speeds diffusion. Once 
the idea reaches the central members in a centralized network, it can spread 
rapidly. Centralized and random networks compete for the fastest diffusion in 
all conditions, but centralization clearly outperforms random networks when 
initial seeds are marginals. Third, clustering retards diffusion. The clustered 
networks have slower diffusion than the centralized or random ones, and 
only consistently outperform the real network when initial seeds are high 
betweenness nodes. Clustering can accelerate diffusion within pockets of 
interconnectivity but slows diffusion when it has to cross bridges that con-
nect the clustered pockets. Finally, the real network had the slowest diffusion 
under all initial conditions. This may be explained in part by the relatively 
high clustering in the real network.

Table 12–3 reports the average centralization and clustering scores for the 
four networks. The real network had a clustering coeffi cient considerably 
higher than the random or centralized networks. Further, the real network had 
a much higher percentage of reciprocated ties than any of the other networks. 
Consequently, once a person adopted the new idea, one of his potential con-
verts would have been the person who just converted him or her. So diffusion 
would be slowed in a symmetric network compared to asymmetric ones.

This analysis indicates, in one sense, why rumors can be so wrong and so 
destructive: Communication is not refl ected back to the source of the infor-
mation but instead transmitted to someone else, someone who has not heard 
the rumor. That someone is not likely to be connected to the source of the 
rumor otherwise he or she would have heard the rumor. So rumors spread 
unchecked and never are revalidated for accuracy. A rumor will spread most 
effi ciently in a random network, particularly one with low clustering or 
reciprocity.

Increasing the Threshold

The simulation models were also run setting the adoption threshold to 25% 
and 50% to determine its effect on diffusion. Increasing the threshold to 
25% had no effect on diffusion because this low threshold was essentially 
the same as the fi rst contact threshold. Since the networks are constrained to 
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have no more than fi ve out-degree choices and an average out-degree of 2.2 
choices, a 25% threshold amounts to being connected to one adopter in order 
to adopt. When raising the threshold to 50%, however, diffusion is slowed 
considerably, although the overall results remain the same. Of considerable 
interest, and further complexity, would be to vary thresholds by network 
properties such as the degree of centrality, or group or position membership. 
For example, it might be hypothesized that central members have lower or 
higher thresholds than less central members and simulate diffusion. This 
would contrast compatible versus incompatible innovations such that cen-
tral members would be expected to have lower thresholds for compatible 
innovations than for incompatible ones. Thresholds might also be varied by 
time, expecting that thresholds will lower over time since the risk to adop-
tion decreases as more people adopt. The ABM approach enables the testing 
of these various theories and scenarios with simulation rather than empirical 
data. The models help clarify scholarly thinking and often provide surpris-
ing results.

Statistical Analysis

It is possible to use the simulated data in statistical tests to determine the 
relative magnitude of different factors associated with model properties such 
as diffusion rates. For example, in this exercise diffusion rates for the fi rst 
contact model were regressed on network structure and seeding type. The 
results showed that, relative to the real network, diffusion was accelerated 
in the random, centralized, and clustered networks. The t-values and asso-
ciated regression coeffi cients were similar for the random and centralized 
networks and lower (but still signifi cant) for the clustered networks. Seeding 
had a marginal and limited effect on diffusion rates, with only betweenness 
seeding showing a slight marginally positive effect on diffusion rates once 
network type was controlled for.

Network Scale

The diffusion simulations were calculated on networks of 150 individuals 
based on the empirical data collected in one grade of a U.S. high school. 
This number (150) also happens to be size postulated as optimal for human 
groups to retain stable relationships (Dunbar, 1992). At the same time, many 
of the examples presented in this book have been from smaller networks, 
school classrooms averaging 30 or so students, communication coalitions 
ranging in size from 4 to 41, and single coalitions with multiple organizations 
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and multiple respondents per organization. The advent of online communi-
ties such as Facebook and mobile communications has created the potential 
to study single very large networks of tens of thousands and even millions 
of nodes.

Given these variations in network and data scale, it seems relevant to reit-
erate the variations in these data sources and means to manage and analyze 
the data. Network data may be derived from the following settings:

One group of three or more nodes, one network1. 
One group of three or more nodes, multiple networks (e.g., advice, dis-2. 
cussion, and friendship)
Multiple groups with one network (e.g., friendship within school 3. 
classrooms)
Multiple groups of multiple networks (e.g., friendship and advice within 4. 
classrooms)

These variations are compounded by the need to have data on node 
and relationship attributes. For example, nodes may be people of vary-
ing ages who do and do not practice particular behaviors; relationships 
may be valued indicating the strength or intensity of the relationship. A 
single small network or several small networks may be comfortably man-
aged in an Excel spreadsheet, but most researchers will have much larger 
databases.

Consequently, it is usually recommended to store the data in link list for-
mat in a statistical program such as SAS, SPSS, or STATA. The node attri-
butes can be stored in a statistical package making sure each case has a 
unique ID. If the data are nomination data, the nominations can easily be 
stored with the attribute data as well. Roster data, however, and most data 
collected via archival methods from computer systems will need to be stored 
in link list format. Each row will need to contain the unique ID numbers of 
the sender and receiver as well as information denoting the group (if there 
are multiple networks) and any information on relationship characteristics 
(such as frequency of interaction).

Future Research Questions

Despite the tremendous progress in network research and application, there 
are still many fundamental questions and research topics to be explored. 
For one, there is still interesting research to be conducted to understand the 
most appropriate network questions to ask respondents to generate the net-
work. Different questions will yield different people named. Researchers 
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have conducted studies comparing network generators (Bernard et al., 
1990; Campbell & Lee, 1991) but more research in this domain is urgently 
needed.

In a related vein, research on the validity and reliability of network data 
is also needed (e.g., Coromina & Coenders, 2006). Behavioral research often 
advances quickly when valid and reliable measures are made available to a 
community of researchers. Such measures enable researchers to easily include 
them in other studies and see how they perform in different research contexts. 
The network approach may require different sampling methods and sometimes 
extensive questioning of the respondent on each network alter. Consequently 
researchers often think network research is diffi cult to do. Making valid and 
reliable measures easily available will help accelerate the fi eld.

Once networks are measured, further research is needed on the charac-
teristics of relationships that infl uence information exchange and personal 
infl uence. It was argued in Chapters 4 and 10 that close, strong ties are 
more likely to infl uence behavior than weak ones but that weak ones were 
important bridges between communities and may be effective at sharing 
new information or transmission of things that do not require much cogni-
tive engagement. The research questions that spin out from this observation 
include studies designed to determine how best to measure tie strength and 
whether the association between tie strength and behavior change varies by 
topic. For example, Valente and Vlahov (2001) argued that alter rank was a 
proxy for tie strength, but is this true? Are alters named early in a response 
to a network question closer than those named later? Do different measures 
of tie strength correlate differently with different behaviors?

Of course, interpersonal infl uence may be a function of ego’s perception of his 
or her alters behavior. Several studies have compared respondent perceptions of 
their friends’ behaviors and those friends’ self-reports (Iannotti & Bush, 1993; 
Rice et al., 2003; Valente et al., 1997). The evidence seems to indicate that 
respondents are not accurate in their estimates of friends’ attitudes and behav-
iors. It also seems that people are more likely to be infl uenced by their percep-
tions of their friends’ attitudes and behaviors rather than their friends’ actual 
attitudes and behaviors. It would be interesting to know the factors associated 
with the discrepancy between perceived friend attitudes and behaviors and self-
reported friend attitudes and behaviors. The discrepancies may be associated 
with social distance, observability of the behaviors being studied, tie strength, 
or respondent projection of their beliefs among other factors.

If social infl uence occurs through direct social networks, can it occur 
through indirect ones? Can social infl uence be transmitted by others who 
are two or more steps removed from ego? If indirect infl uence does exist, is 
it dependent on the attitudes and behaviors of the intermediary person? Few 
studies have investigated indirect infl uences and researchers are constantly 
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challenged in their interpretation between network tie weights, indirect infl u-
ences, and network thresholds.

Research into network sampling continues to be needed. In Chapter 5, 
issues surrounding missing data from complete networks were discussed. 
It was concluded that some centrality measures hold up quite well under 
conditions of missing data. Researchers can still identify central nodes from 
a closed population or list even when as few as 20% or 30% of the list 
responds. As researchers deploy network methods for outreach and recruit-
ment (see Chapter 11), it is of increasing importance to understand the 
number of indexes and the number of degrees to sample into the network 
necessary for projects to be successful. In other words, what combination of 
indexes and alters is required to confi dently measure community networks?

For mathematically inclined researchers, there is still considerable research 
needed in designing and testing different algorithms for network measures. 
New measures for newly created concepts may be needed as increased under-
standing and further exploration of networks evolve. In some cases, it may 
be desirable to create more effi cient algorithms for existing measures so they 
can be calculated on larger networks.

Finally, new research on the basic association between network indicators 
is needed to understand how network measures correlate. For example, many 
network indicators explicitly control for size in their calculation. Density, the 
proportion of links in a network, is calculated by dividing by the number 
of links by the total theoretically possible. Yet evidence indicates that size 
and density are negatively correlated; density is low in large networks (see 
Chapter 8). Understanding why this occurs and how size and other network 
indicators correlate might shed light on how individuals, groups, and net-
works are interrelated.

In terms of behavior, the most signifi cant area for future research is the 
collection of new data on the diffusion of innovation through a social (or 
other) network. Few studies have collected data on when individuals (or 
other nodes) adopt an innovation and the network contacts among the poten-
tial adopter units. The three datasets reviewed in Chapter 10 are publicly 
available but are less than perfect for testing diffusion hypotheses. New data 
that trace the diffusion of an idea or a practice through multiple communi-
ties complemented with social network data on who talks to whom or who is 
connected to whom is desperately needed to test diffusion models. Examples 
might be diffusion of a new process, procedure, or idea in organizations 
or branches of an organization or adoption of policies or programs among 
teachers, administrators, or managers.

One potentially fruitful source of diffusion data is switching the unit of 
analysis to states or nations and studying the adoption of policies. Data were 
obtained on when countries ratifi ed the framework convention for tobacco 
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control (FCTC) and showed that diffusion of this legislation occurred over a 
5-year period. Approximately 82.9% of 193 countries ratifi ed the FCTC from 
May 2003 to December 2008. Network data were derived from registrations 
to GlobaLink, an electronic list service created for individuals to share infor-
mation about the FCTC. The analysis showed that membership in GlobaLink 
was associated with ratifi cation of the FCTC (Wipfl i et al., in press).

Much of the current work on diffusion consists of computer simulations or 
experiments using computer communications. These studies are extremely 
valuable for building theory and models to understand diffusion. Often 
they lack individual attributes and behaviors that can be used to more fully 
understand the behavior change process and test theories explicitly. Further, 
simulations are valuable to the extent they can mimic real-world issues and 
the assumptions are calibrated to empirical data. Thus, empirical data are 
urgently needed to build better agent-based models.

It may be that new diffusion data will become available within the course 
of research and application of network interventions. Building school- and 
community-based behavioral change programs that explicitly incorporate 
the power of social networks is a promising area of research and practice. 
Moreover, many groups are using network techniques to do community out-
reach and recruit community members into studies or interventions. Such 
interventions provide the opportunity to collect network data within the con-
text of administering interventions that have the potential to improve indi-
vidual and community health.

Finally, there will continue to be research opportunities using ERGM to 
understand social network properties, dynamics, and behavioral processes 
within networks. The software and estimation theory for estimating network 
infl uence and selection (as well as many other theoretical processes) using 
stochastic Markov Chain Monte Carlo methods (MCMC) is becoming more 
widely available so that researchers with appropriate data can now test net-
work hypotheses in ways not previously available. Tests comparing selec-
tion and infl uence as explanations for diffusion effects can be conducted as 
well as investigations designed to test for behavioral homophily (Boulay & 
Valente, 2005).

In sum, there are many different future directions for research using social 
network analysis approaches. The avenues include methodological inquiries 
on how best to collect network data, algorithms to process it, or how behav-
iors spread or are spread within it. The increased availability of appropriate 
computational and statistical tools has meant that researchers are now only 
limited by their imaginations and perseverance.

The network fi eld took 70 years to become an overnight success. The fi eld 
has embraced a vision in which many behavioral phenomena can be explained 
by network techniques. Phenomena as varied as power grids to earthworms 
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have been shown to have similar network confi gurations (Watts & Strogatz, 
1998), yet clearly these are different beings. What does it mean to have a simi-
lar architecture yet to be so different? Recent research on the contagiousness of 
chronic conditions such as obesity (Christakis & Fowler, 2007) and smoking 
(Christakis & Fowler, 2008) suggests that social network infl uences are ubiq-
uitous but may be controversial to specify. It is facile to say “more research is 
needed,” but clearly when it comes to network effects, we are just beginning 
to understand how they infl uence behavior.

How to Get Started

The intrepid reader may now wonder: How can one get started doing this 
work? Appendix E contains print versions of two small fi les that can be copied 
and read into UCINET. (These may also be accessed on the author’s web-
site.) The fi rst is the node list for the network in Figure 1–1, and one can use 
UCINET to calculate the many network indicators discussed in this book to 
learn how to do network analysis. The second is an example of an attribute fi le 
that can be attached to this network. This second fi le is included so the reader 
knows how to construct an attribute fi le with his or her own data. These small 
sample datasets can be used to understand and explore network data.

The next step would be to collect some small network data from a group 
with which the researcher is familiar. Students in my network class often col-
lect data from a club they belong to or a class they teach or are taking. Data are 
also often collected in small organizations and businesses. The researcher can 
then enter the data in Excel and make a text fi le similar to the one in Appendix 
E. The data can be analyzed and interpreted and reported back to the organiza-
tion. Perhaps the researcher takes several measures and compares their evolu-
tion over time. For more advanced training, researchers can take one of several 
1-day or 1-week workshops presented by seasoned network analysts. (Dates of 
trainings are often posted on the INSNA website at www.insna.org.)

Limitations

Network analysis has its limitations. The sociometric technique is amenable 
to studies with populations in settings with natural boundaries (organiza-
tions, schools, small communities) and lacks some of the strengths of ran-
dom sample designs. It also tends to quantify, reducing to a number, the 
complexity of interpersonal communication and relationships (not all ties are 
the same). Finally, there are issues regarding appropriate statistical tests for 
nonindependent data as are often used in network studies.
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It also seems that network researchers have spent comparatively little time 
studying what gets transmitted, communicated, or exchanged in the links 
that connect nodes. Most published network research is conducted using 
binary indicators for the connections between people with little discussion 
on what is said or how valued the links might be. More research is clearly 
needed on why people choose the friends they do and what motivates their 
communications and exchanges.

One issue many network analysts have wrestled with is whether social net-
work research is a theory or a method applied to different theories (Monge 
& Contractor, 2003). Although resolution of this issue is unlikely in the near 
future, it is fair to ask: What is the role of theory in network research? Do 
networks simply provide a tool to be used to measure concepts suggested 
by theory or does taking a network perspective change the nature of the 
theory being investigated? These limitations aside, network analysis offers a 
promising new area of research to understand the causes, consequences, and 
implications of social connectedness.

Conclusion

The contributions of network analysis have been delayed for decades because 
social science disciplines focused on individual attributes (socioeconomic 
status, ethnicity, gender) as key determinants of behavior. While these fac-
tors are certainly important, increasingly it has been recognized that people’s 
social circles and their social capital (or lack thereof) are also key determi-
nants of behavior. The social network approach provides a rigorous yet ver-
satile approach to studying these peer infl uences.

The social network fi eld has begun to mature as evidenced by this rich 
body of research fi ndings and its expanded application to intervention design, 
program monitoring and evaluation, and use as a means to disseminate 
evidence-based programs. The maturation, however, is not without costs. 
Increasingly it is diffi cult for those outside the fi eld to learn the specialized 
jargon, software, and culture of social network analysis. Nonetheless, the 
fi eld is open to new discovery and approaches; social network analysts are 
united by a common method (the focus on relationships rather than attributes) 
that transcends disciplinary boundaries. The goals of this transdisciplinary 
perspective are to blend these perspectives and to develop a more complete 
understanding of the ways systems and people are connected and evolve. To 
that end, I hope this volume proves valuable to novice and seasoned social 
network researchers so that behavioral science may increasingly understand 
the role and function social network infl uences on behavior.
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Average path length Average distance connecting nodes in the network (aka 
characteristic path length)

Bridge Ability of an individual to connect otherwise unconnected individuals or groups 
(Granovetter, 1973)

Centrality betweenness Degree an individual lies on the shortest path connecting 
others in the network (Freeman, 1979)

Centrality closeness Degree an individual is near others in the network (Freeman, 1979)
Centrality degree Number of ties an individual sends (out-degree) or receives 

(in-degree) (Freeman, 1979)
Centrality power Degree an individual can exert control over other members of the 

network (Bonacich, 1987)
Centralization The extent to which network links are focused on one or few nodes 

(Freeman, 1979)
Clique Set of individuals who communicate more frequently with one another than with 

others in the community
Component Set of individuals who are connected with another, but not with others in 

the community
Connectedness Ability of two individuals to reach one another directly or through 

intermediaries (Scott, 1991)
Density-personal network Proportion of ties among an individual’s nominees (Scott, 1991)
Density-network Proportion of ties in the network (Scott, 1991)
Diameter Length of the longest geodesic path; distance between the two most distally 

connected nodes in the network
Distance In a network is the number of steps separating nodes

Appendix A: Glossary
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Egocentric Network data collected from respondents about their contacts without 
interviewing those contacts (Burt, 1983; Marsden, 1987) (Appendix A)

ERGM Exponential random graph models used to test for structural properties of 
networks such as whether a network has a tendency for transitivity

Flow Measures the capacity of two individuals to transmit information to one another 
through all paths in the network (Freeman, Borgatti, & White, 1991)

Geodesic Shortest path between two people (Harary, Norman, & Cartwright, 1965)
INSNA International Network for Social Network Analysis (INSNA), the professional 

association for network analysts (see www.insna.org)
Matrix Array of rows and columns used to store network links. Usually a matrix is 

referred to as a letter and the number of rows and columns are subscripted. Each 
element in the matrix is given by its row and column number (Namboodori, 1983)

Multinet Computer program for testing co-evolution of networks and attributes
Name generator The specifi c network question asked in a survey to generate the network
Network exposure Percentage in an individual’s personal network who have some 

property (Valente, 1995); for example, the percentage of friends who use the Internet
Network Set of relations between members of a community
Network threshold Proportion of adopters in an individual’s personal network necessary 

for an individual to adopt (Valente, 1995, 1996)
Orgnet Software program used for social network analysis http://www.orgnet.com/
ORA Organizational Risk Analyzer; software used for social network analysis (http://

www.casos.cs.cmu.edu/project/ora)
P* Methodology for testing structural properties of a network such as whether there is a 

tendency for transitivity in the network (Wasserman & Faust, 1994)
Pajek Software program used for social network analysis (http://vlado.fmf.uni-lj.si/pub/

networks/pajek/)
R Computer language used to program network measures that is open-source and freely 

available on the Internet
Reach Ability of one node to contact another node through any number of intermediaries 

(Wasserman & Faust, 1994)
SIENA Simulation Investigation of Empirical Network Analysis; software platform 

used to estimate actor-oriented co-evolution models (Snijders, 2005)
Snowball sampling Snowball sampling consist of generating an initial sample of individuals 

and acquiring from this group a list of names that are then in turn interviewed and the 
ties of these second step individuals may also be interviewed, and so on

Sociometric Network data collected from the entire community (Wasserman & Faust, 1994)
STATNET Comprehensive network analysis software platform written in R
Structural equivalence Degree to which individuals have similar patterns of network 

ties in the community (status similarity) (Burt, 1987); sometimes referred to as 
positional equivalence

Tie Link between nodes
Triad Confi guration of links between three nodes
Transitivity Tendency for two nodes linked to the same node to also be linked to each 

other
Triad census Calculate the percent of triads in a network that fall into 16 unique 

confi gurations
UCINET University of California at Irvine (UCI) Network Analysis software; a 

comprehensive network analysis package so named because the authors were at UCI 
when they created it

Visualizer Software program used for social network analysis (http://www.mdlogix.com/)



 ID Number___________

Who are your fi ve BEST FRIENDS in this class?

Write their names on the lines below starting with your best friend in this class. 
After you write their name, look at the list of names on the roster that has been 
provided. Match the name to the number and write the number in the boxes. If 
you cannot think of fi ve people in this class, then leave the extra lines blank.

For example, your best friend’s name may be John Angeles. Then you would 
write his name and then look up his number, which is 1 2 3 and then write that 
in the boxes. It is written in as an example below.

Appendix B: Sample Sociometric 
Survey

      FIRST NAME   LAST NAME   ROSTER NUMBER

John Angeles 1 2 3

 1

 2

 3

 4

 5    
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Who are the fi ve BEST LEADERS in this class?

Think about the fi ve people in this class who would make the best leaders for 
working on group projects. Write up to fi ve names on the lines below, starting 
with the best leader on the fi rst line. After you write their name, look at the list 
of names on the roster that has been provided. Match the name to the number 
and write the number in the boxes. If you cannot think of fi ve names in this 
class, then leave the extra lines blank. You can name yourself if you want.

 FIRST NAME LAST NAME ROSTER NUMBER

 1

 2

 3

 4

 5    



Appendix C: Sample Egocentric Survey

Name 1 Name 2 Name 3 Name 4 Name 5
a. How do you know 
_____________?

1. Family
2. Friend
3. Neighbor
4. School mate
5. Other
_____________

1. Family
2. Friend
3. Neighbor
4. School mate
5. Other 
____________

1. Family
2. Friend
3. Neighbor
4. School mate
5. Other 
____________

1. Family
2. Friend
3. Neighbor
4. School mate
5. Other 
____________

1. Family
2. Friend
3. Neighbor
4. School mate
5. Other
____________

b. Does _________ live 
within 5 miles of your 
home?

No   Yes No   Yes No   Yes No   Yes No   Yes

c. Is _______ male or 
female? 

Male  Female Male  Female Male  Female Male  Female Male  Female

d. How long have you 
known _________?

____ mos ___ yrs ___ mos ___ yrs ___ mos ___ yrs ___ mos ___ yrs ___ mos ___ yrs

e. How often do you talk 
to _________?

1. Daily
2. 1×/week
3. 1×/month
4. 1×/year

1. Daily
2. 1×/week
3. 1×/month
4. 1×/year

1. Daily
2. 1×/week
3. 1×/month
4. 1×/year

1. Daily
2. 1×/week
3. 1×/month
4. 1×/year

1. Daily
2. 1×/week
3. 1×/month
4. 1×/year

f. Does _________ 
smoke?

No   Yes No   Yes No   Yes No   Yes No   Yes

g. What do you usually 
discuss with ________?

1. Family
2. Politics
3. Neighborhood
4. Work
5. Other 
______________

1. Family
2. Politics
3. Neighborhood
4. Work
5. Other 
____________

1. Family
2. Politics
3. Neighborhood
4. Work
5. Other 
____________

1. Family
2. Politics
3. Neighborhood
4. Work
5. Other 
____________

1. Family
2. Politics
3. Neighborhood
4. Work
5. Other 
____________

Please provide the fi rst names or initials of up to fi ve people you talk to about important matters.
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ID 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

1 3 4 8.33 11.11 12.00 10.68 33.33 29.66 4.11 4.14 51.39 51.74   9.23 0.73 0.10 14.68
2 5 2 13.89 5.56 2.50 15.25 6.94 42.36 0.64 5.56 7.99 69.44  31.78 2.52 0.20 28.71

3 5 1 13.89 2.78 1.50 14.17 4.17 39.35 0.42 5.42 5.21 67.71  8.31 0.66 0.22 30.45

4 5 4 13.89 11.11 10.58 13.85 29.40 38.47 3.81 5.08 47.57 63.54  19.92 1.58 0.24 33.90

5 5 6 13.89 16.67 15.40 8.33 42.78 23.15 5.81 2.56 72.57 31.94  42.03 3.34 0.05 6.97

6 5 5 13.89 13.89 11.33 10.37 31.48 28.81 3.94 3.58 49.31 44.79  3.56 0.28 0.09 12.14

7 5 11 13.89 30.56 16.00 11.68 44.44 32.44 4.39 4.19 54.86 52.43 163.91 13.01 0.23 32.09

8 5 4 13.89 11.11 12.50 12.75 34.72 35.42 4.19 4.67 52.43 58.33 141.27 11.21 0.16 22.43

9 5 5 13.89 13.89 11.33 10.37 31.48 28.81 3.94 3.58 49.31 44.79  3.56 0.28 0.09 12.14

10 4 8 11.11 22.22 16.73 8.00 46.48 22.22 5.92 2.56 73.96 31.94  15.16 1.20 0.06 7.71

11 5 5 13.89 13.89 11.67 10.37 32.41 28.81 4.00 3.58 50.00 44.79  9.24 0.73 0.12 17.37

12 5 6 13.89 16.67 14.76 8.67 41.01 24.07 5.39 2.61 67.36 32.64  16.55 1.31 0.06 7.87

13 5 6 13.89 16.67 12.83 10.37 35.65 28.81 4.14 3.58 51.74 44.79  12.80 1.02 0.12 17.37

14 5 7 13.89 19.44 15.48 8.25 43.00 22.92 5.47 2.53 68.40 31.60  35.41 2.81 0.03 4.82

15 3 5 8.33 13.89 14.31 6.53 39.76 18.15 5.39 2.31 67.36 28.82  7.71 0.61 0.03 3.76

16 5 6 13.89 16.67 14.81 8.25 41.15 22.92 5.42 2.53 67.71 31.60  39.44 3.13 0.03 4.21

17 5 8 13.89 22.22 13.50 13.52 37.50 37.55 4.14 5.03 51.74 62.85  93.88 7.45 0.29 40.84

Appendix D: Centrality Scores for Network in Figure 1–1

(Continued)



ID 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

18 5 1 13.89 2.78 1.50 13.25 4.17 36.81 0.42 4.86 5.21 60.76 4.33 0.34 0.18 25.42
19 5 3 13.89 8.33 10.25 13.52 28.47 37.55 3.81 5.03 47.57 62.85 2.08 0.17 0.22 31.74

20 5 1 13.89 2.78 1.00 13.98 2.78 38.84 0.22 5.39 2.78 67.36 1.75 0.14 0.21 29.45

21 5 11 13.89 30.56 15.17 13.52 42.13 37.55 4.25 5.03 53.13 62.85 101.13 8.03 0.36 50.42

22 5 4 13.89 11.11 13.73 8.83 38.14 24.54 5.36 2.64 67.01 32.99 33.83 2.69 0.04 5.13

23 4 1 11.11 2.78 1.00 14.73 2.78 40.93 0.22 5.56 2.78 69.44 8.34 0.66 0.13 18.82

24 5 6 13.89 16.67 13.39 8.25 37.21 22.92 4.78 2.53 59.72 31.60 10.95 0.87 0.03 4.72

25 5 2 13.89 5.56 10.84 8.67 30.12 24.07 4.53 2.61 56.60 32.64 12.93 1.03 0.03 3.82

26 5 2 13.89 5.56 12.27 7.83 34.07 21.76 5.42 2.44 67.71 30.56 20.82 1.65 0.06 8.07

27 5 7 13.89 19.44 12.42 14.92 34.49 41.44 3.94 5.39 49.31 67.36 293.42 23.29 0.31 44.46

28 5 6 13.89 16.67 15.57 8.50 43.24 23.61 5.83 2.58 72.92 32.29 14.59 1.16 0.05 7.21

29 5 6 13.89 16.67 16.92 8.50 46.99 23.61 6.28 2.58 78.47 32.29 250.44 19.88 0.09 11.99

30 5 8 13.89 22.22 12.92 13.52 35.88 37.55 3.97 5.03 49.65 62.85 22.32 1.77 0.30 42.97

31 5 7 13.89 19.44 16.40 8.83 45.56 24.54 5.92 2.64 73.96 32.99 141.83 11.26 0.05 7.65

32 5 7 13.89 19.44 12.83 12.00 35.65 33.33 4.08 4.53 51.04 56.60 29.63 2.35 0.21 30.26

33 5 6 13.89 16.67 11.92 13.52 33.10 37.55 3.92 5.03 48.96 62.85 16.63 1.32 0.26 36.13

34 5 4 13.89 11.11 9.67 10.37 26.85 28.81 3.67 3.58 45.83 44.79 0.00 0.00 0.09 12.14

35 5 0 13.89 0.00 0.00 16.75 0.00 46.53 0.00 6.36 0.00 79.51 0.00 0.00 0.16 22.42

36 5 0 13.89 0.00 0.00 9.17 0.00 25.46 0.00 2.81 0.00 35.07 0.00 0.00 0.03 4.32

37 5 4 13.89 11.11 13.28 8.25 36.88 22.92 4.92 2.53 61.46 31.60 38.21 3.03 0.05 6.84

Key: 1. Out Degree, 2. In Degree, 3. Out Degree Normalized, 4. In Degree Normalized, 5. In Closeness, 6. Out Closeness, 7. In Closeness 
Normalized, 8. Out Closeness Normalized, 9. Integration, 10. Radiality, 11. Integration Normalized, 12. Radiality Normalized, 13. Betweenness, 
14. Betweenness Normalized, 15. Eigenvector, 16. Eigenvector Normalized 



dl n = 37 format = nodelist

labels:

1 2 3 4 5 6 7 8 9 10

11 12 13 14 15 16 17 18 19 20

21 22 23 24 25 26 27 28 29 30

31 32 33 34 35 36 37

data:

1 8 32 7

2 32 21 30 37 7

3 2 17 21 30 33

4 19 17 27 21  7

5 28 29 12 22 10

6 9 11 34 13 7

7 13 9 6 8 1

8 1 7 32 21 17

9 6 7 11 13 34

10 28 29 5 31

Appendix E: Input Files (Network 
and Attribute) for the Network 
in Figure 1–1
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11 34 9 6 7 13

12 22 28 10 31 29

13 7 6 9 11 34

14 24 16 15 25 31

15 16 24 14

16 15 24 14 37 25

17 33 30 27 8 4

18 7 21 1 17 4

19 32 30 33 21 27

20 17 21 30 4 3

21 30 32 19 33 27

22 12 37 31 14 5

23 17 18 27 26

24 14 15 16 37 31

25 10 14 28 16 24

26 29 5 28 12 10

27 4 13 7 11 29

28 5 10 12 29 31

29 26 5 10 31 28

30 21 33 32 19 27

31 10 15 12 16 14

32 30 21 33 8 1

33 17 21 30 32 27

34 11 9 6 7 13

35 17 2 23 21 20

36 10 5 24 22 12

37 16 14 15 22 24
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Dl nr = 37 nc = 1
row labels embedded
col labels:
sex

data:

1 0
2 0
3 1
4 1
5 2
6 1
7 1
8 1
9 1
10 2
11 1
12 2
13 1
14 2
15 2
16 2
17 1
18 1
19 1
20 1
21 1
22 0
23 0
24 2
25 2
26 2
27 1
28 2
29 2
30 1
31 2
32 1
33 1
34 1
35 1
36 2
37 2
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