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Acronyms Used in the This Report

Description

Graph-theoretic Power Index. A metric developed by Markovsky, Willer
and Patton to measure potential power of each node in a network, based
on their position.

Object Oriented Programming. A key principle of OOP is that one
should program to an interface rather than an implementation. What this
means is that higher level code shouldnot have to know the details of
how lower level code works.

Structural Hole Theory. This theory argues that the value of a network is
less a function of the strength of ties that make it up than it is of the
structure of those ties. Networks that are rich in structural holes (i.e.,
one’s contacts tend to lack direct connections with each other) are more
efficient instruments for the collection and control of novel information
(Burt, 1992).

Social Network Analysis. The field of research that studies social
networks.

Strength of Weak Ties. This theory argues, somewhat counter-intuitively,
that it is one’s weak interpersonal ties (rather than one’s strong ties) that
are most likely to be the source of novel information (Granovetter, 1973).



1. Introduction

As the BAA for this grant noted, social network studies have proliferated in recent
years but there has been a significant lack of integration across network studies such that
“a broad, generic, adaptable, flexible, and modular theory of social networks... has not
been realized” (DTRA BAA). This is a summary report of a 3-year basic research grant
whose overarching objective has been the development of just such an integrated social
network theory. It is important to emphasize at the outset that this project was not an
empirical one and did not involve data collection, nor were any theories submitted to
empirical test. In focusing on the generation of integrated network theory, our focus has
been exclusively theoretical. The results of our work have been published in a number of
peer-reviewed journals (e.g., Science, 2009—see Appendix A for a detailed list). It is
hoped that the eventual payoff will be the fruitful application of this integrated network
theory to a range of scenarios relevant to homeland defense, ranging from the

proliferation of weapons of mass destruction to the disruption of terrorist cells.



2. Project Goals

Social network analysis (SNA) is currently popular. As shown in Figure 1,
publications referencing “social networks” have been increasing exponentially over time.
The interest in networks spans all of the social sciences, and is rising even faster in
physics, epidemiology and biology. Table 1 shows the prevalence of social network
analysis publications across multiple fields and Figure 2 shows the citation patterns
among the top 500 cited social network analysis articles. In management research, social
networks have been used to understand job performance (Sparrowe, Liden, Wayne and
Kraimer 2001), turnover (Kilduff and Krackhardt 1994; Krackhardt and Porter 1985,
1986), promotion (Burt 1992), innovation (Obstfeld 2005), creativity (Burt 2004), and
unethical behavior (Brass, Butterfield, and Skaggs 1998). And in management consulting,
network analyses are fast becoming standard diagnostic and prescriptive tools (e.g.,

Anklam 2007; Baker 2000; Bonabeau and Krebs 2002; Cross, Parker and Borgatti 2000).
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Figure 1: Share of all articles indexed in Google Scholar
with “social network” in the title, by year.



Field Publications | Pct all SNA

Sociology 1330 14.26%
Public, occupational health 862 9.25%
Management 581 6.23%
Psychiatry 438 4.70%
Anthropology 404 4.33%
All other business 381 4.09%
Geography 374 4.01%
Economics 366 3.93%
Psychology, multidisciplinary 364 3.90%
Gerontology 348 3.73%
OTHER (e.g., PHYSICS) 3876 41.57%

All 9324 100.00%

Table 1: Number of articles across fields with “social network” in the title, abstract,
or keyword indexed in the Web of Science



Citations Among the 500 Most Cited
Articles in SNA -

Sociology &
Management

Main component only
Figure 2: Citations among the 500 most cited articles in SNA

Despite this popularity (and, perhaps, in part because of it) there exists
considerable confusion about network theorizing. Even though certain network theories
are extremely well known — Granovetter’s (1973) Strength of Weak Ties theory has been
cited more than 14,000 times' — it is not unusual to read that network analysis contains no
theory of its own (Salancik 1995). In this view, SNA is “just” a methodology, and what
theory there is, “belongs to™ other fields, such as social psychology. Moreover, as the
term “social network™ gains caché, it is increasingly applied to everything from a trade

association to a listserv to a social media website such as Facebook.

Our objective in this report is to clarify the concept of social network, and to
identify the characteristic elements of social network theorizing. We have a particular

interest in explicating the mechanisms used in network theory so as to facilitate the

! Source: Google Scholar



generation of new theory applicable to DTRA’s domain of interest. In characterizing
network theory, it is important to emphasize that our objective is not to define what
should and should not be network theory. We do elaborate a view of what constitutes the
heart of network theorizing, but it is important to realize that the network analysis
research program (in the sense of Lakatos 1980) is a social enterprise that includes all
kinds of different researchers with different aims and backgrounds. There is a great deal
of work that is part of the broader SNA research program that does not include the
canonical elements we describe, or which includes additional elements that are not

unique to the field.



3. Approach

In support of DTRA’s objectives, the goal of our project was to examine existing
social network theory to summarize and characterize it in such a way as to see
commonalities and integrate where possible. To do this, we tried several different
strategies for developing an integrated network theory. We outline the four main

strategies here.
Expert Interviews

Our first approach involved interviewing social network analysis experts from a
variety of fields. To accomplish this, we attended the Sunbelt Social Network Analysis
Conference which attracts network experts in fields such as Anthropology,
Communications, Computer Science, Epidemiology, Management, National Defense,
Political Science, Sociology, and Statistics. We conducted taped interviews with 43
attendees, most of whom would be considered experts in the field (see Table 2 for a list

of interviewed experts).

Last [First Affiliation

Baker 'Wayne Management & Organization, University of Michigan
Barnett George Communication, UC-Davis

Bienenstock  [Elisa INSI; Management, Georgetown University

Bonacich Phil Sociology, UCLA

Brandes Ulrik IComputer & Information Science, University of Konstanz
Brewer Devon Anthropology, University of Washington

Butts Carter Sociology, UC Irvine

Carley Kathleen School of Computer Science, Carnegie Mellon University
ICasciaro Tiziana Management, Rotman School of Management, Canada
Daly Alan (& 2 others) [Education Studies, UC San-Diego

Danowski Jim ICommunication, University of Illinois Chicago

Diani Mario Political Sociology, University of Trento, Italy

10



IDoreian Pat Sociology, University of Pittsburgh
IEnnis Jim Sociology, Tufts University
Everett Martin Manchester University, UK

Feld Scott Sociology, Purdue University
Galaskiewicz [Joe Sociology, University of Arizona
(Grant Susan Department of Defense

Greve IArent (& Valdis |[(Arent) Strategy and Management, The Norwegian School of
IKrebs, Bob Faris) [Economics and Business Administration; (Valdis) Founder &

management consultant, orgnet.com, USA; (Bob) Sociology,
uC

Hennig Marina Institut fur Sozialwissenschaften, Humboldt University of
Berlin

Hogan Bernie Oxford Internet Institute, University of Oxford

Johnson Jeff Sociology, East Carolina University

Kang Soong Enterprise and the Mgmt of Innovation, Stanford University

Kennedy David RAND Corporation

Koehly Laura INIH

Krackhardt David Organizations, Carnegie Mellon University

Lazega Emmanuel Sociology, University of Paris — Dauphine, France

Lazer David Kennedy School, Harvard University

Lloyd Paulette Sociology, UCLA

McCulloh an Network Science Center, West Point

Mohr John Sociology, Yale University

Monge Peter Communication, Management and Organization, University
of Southern California

Morris Martina Sociology and Statistics, University of Washington

Reffett Eric Booz Allen Hamilton

IRoberts Nancy Defense Analysis, Naval Postgraduate School

Robins Garry School of Behavioral Science, University of Melbourne

Skvoretz John Statistics, University of South Florida

Snijders Tom Statistics & Behavioral and Social Science, University of
Oxford and Groningen

Talmud Ilan Sociology and Anthropology, University of Haifa

Tindall David Sociology, University of British Columbia

\Valente Tom Preventive Medicine, University of Southern California

'Wellman Barry Sociology, University of Toronto

Table 2: Social network analysis experts interviewed
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The interviews addressed current perspectives about the field of network analysis and
were aimed at identifying the key theoretical building blocks of network analysis. For
example, experts were asked to identify distinguishing features of network theorizing as
well as the necessary ingredients needed to construct a unified theory of networks. The
experts were also asked about the feasibility and desirability of constructing a unified

theory of network analysis. See Appendix B for our interview protocol.

We coded the 43 interviews for common themes using Atlas TI (See Figure 3 for
an example). Results from the analysis of all interviews revealed a strong consensus that
a unified theory of network analysis is not possible. Many experts commented that while
a unified theory is desirable, social network analysis research involves too many wholly
different dependent variables whose values are outcomes of totally different processes
(See appendix for transcriptions of all interviews). Despite commenting on the
challenges of such a project, the majority of experts felt that the process of investigating a
unified theory was worth attempting (even if unlikely to succeed) and would provide
opportunities to rethink the foundations of the field (because finding a basis for
integration would require a deep understanding of the field). Some, however, felt that
such an endeavor was undesirable and potentially risked the future of the field, referring
to it as the “network science” trap, at term that social scientists use to refer to what they
would regard as the naive universalism of physicists who see universal laws in network
phenomena. For more detail on the comments made by the interviewees, see Appendix

2.
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Figure 3: Coded DTRA interview in Atlas TI

In addition to expert interviews, we conducted an extensive literature review of

network analysis publications. On the assumption that a theory is a system of causally

interconnected variables, one strategy for attempting to integrate network theory is to

build a giant causal map — based on published articles -- relating network variables to

each other and to antecedents and consequents. For example, a given article will express

a hypothesis or proposition such as shown in Figure 4.
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Proposition 2a: Restricted access reduces coordination
costs of customized, complex exchanges. Ceteris pari-
bus, restricied access enhances the likelihood of net.
work governance emerging ond thziving in rapidiy
changing markets for complex, customized tasks.

Figure 4: Example of research hypothesis

This can be visualized in the form shown in Figure 5.

How Bocial Mechanisms Resolve Exchange Problems
Social Mechanisms Exthunge Problems

Restricted

Arcess

Coordination

Marroculture

Figure 5: Example of visualized research hypothesis

To attempt to integrate the field as a whole, we collected the 500 most cited
articles containing “social network™ in the title, and examined the theory and hypotheses

sections in order to extract key concepts and the causal relationships among them posited

by the article (see Figure 6)
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We then attempted to build integrated concept maps showing causal relationships

among constructs across all articles. An example of such a map is given by Figure 7.

15



(£
(7%

[#]
g

[55]

[£¢)
[¢8)

H

(%)

(£

[Ef]
)
(2]

Figure 7: Concept map showing casual relationships
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This approach runs into a number of serious problems. First, empirical results
often contradict each other. For example, in one study variable X is shown to lead to Y.
In another study, no connection between X and Y is found. For well-studied variables, it
is possible to handle this with a heuristic such as majority rule (in combination with a
statistical meta-analysis). In most cases, however, there is no clear majority. Sometimes
the discrepancy between two studies can be put down to a contextual variable such as
culture. For example, structural holes may lead to performance among US corporate
managers, but not among French managers. Unfortunately, this also leads to enormous
complication as every causal relationship is dependent on a host of contextual factors
which would be expressed as moderator variables and, ultimately, interaction terms. The
difficulty here is that multi-way interaction terms are extremely difficult to understand

and don’t provide a sense of simplifying explanation.

Another problem with this approach is that studies rarely use exactly the same
variables. Even when two studies use the same words to describe the variables, what they
actually measure is typically not the same. For example, two studies may study the
relationship between centrality and status, but one measures degree centrality while the
other measures betweenness centrality, which are such different concepts that calling

them both centrality is misleading.

Finally, an enormous problem with this approach is that two studies can both posit
that X leads to Y, but for different reasons. Since theory is fundamentally about the
reasons why X leads to Y, in general this approach can be seen as missing the point.
(However. sometimes a process that is postulated to convert X to Y can be proxied by a

mediating variable Z, as when we argue that structural holes (X) leads to good job

17



performance (Y) because individuals with many structural holes are in a position to
accumulate more non-redundant information (Z). Hence, it was worth attempting this

approach.)

Generic Mechanisms and Processes

In this approach we recognized that the essence of network theory is in the
processes and mechanisms that take initial conditions, expressed as values of the
independent or X variables, and yield outcomes, expressed as the value the dependent or
Y variables. So we combed the literature for generic processes and outcomes. For
example, a fundamental question in the social sciences is what accounts for similarities
among actors (individuals, firms, nations, etc) in terms of behaviors, attitudes and beliefs.
For example, why do some people use a new slang term. A generic answer in the social
network literature is diffusion. A person who uses the new term has learned it from
another, who learned it from another, and so on. Through social interaction, things spread

from actor to actor.

Of course, each mechanism is itself a black box that needs explanation. For
example, in the case of the diffusion of a bit of slang, not everyone who is exposed to the
new term adopts it. The receiver of what is flowing has some choice in the matter and
may actively reject innovations, or actively seek them out. Within the general category of
diffusion there are many variant processes that can be elucidated. For example, we found
four general variants in the network literature, distinguished by the extent to which the
receiver of something flowing actively sought it out, or passively received, and whether

the sender of what was flowing actively sought to have it adopted by others or passively

18



let it happen. Table 3 shows the four resulting combinations. In the table, Ego represents
the person adopting a new practice, and alter represents the people in their social

environment — the people they have ties with and are receiving information from.

Alter (Social Environment)

Active (push) ! Passive

Accommodation Mimetic Processes
Active : aPro::::iise L E.g., imitation, theft
Ego NOXD s s
marriage; congressional
politics
Coercive Processes Osmotic Processes
E.g., threat E.g., language acquisition,

schemas

Table 3: Mechanisms/processes cross-classified by actor and environment agency

For example, the bottom left quadrant, labeled coercive processes, refers to the
case where an actor does not necessarily want to adopt the new practice but has it pushed
on them by another actor. An example is when a large retailer such as Walmart forces its

suppliers to adopt a particular invoicing system that is finds convenient.

Each of these quadrants outlines a different sub-process or mechanism within the
larger category of diffusion. And each is itself a black box that warrants further
explication. For example, network researchers have investigated the top right quadrant,
mimetic processes, in a number of contexts. Figure 8 outlines theory in the institutional
theory realm of research which investigates the reasons why organizations copy structural

and organizational elements from each other.
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Mimetic
Process
Who does the imitating?  "Why/when does

\ ‘/irﬁitation occur?
High need High status nodes
for legitimacy in ego's awareness

When is
legitimacy needed?

}

When the environment
is uncertain

Who is imitated?

Figure 8

Taking this approach, we were able to isolate a large number of mechanisms,

including sub-variants. These included:

Capitalization. The process of a node actively seeking out and accumulating

stocks of resources flowing to them through the network

e Sedimentation. Process of passively acquiring resources that flow to node

e Virtual Capitalization. Process of controlling others’ resources as if they were a
node’s own (but without any actual transfer)

e Virtual Amalgamation and Exclusion. Process by tied nodes are able to act a
single larger entity

e Staining. Process of acquiring features and characteristics of adjacent nodes
through osmotic process

e Mimesis. Adoption of characteristics of adjacent nodes through a mimetic process

e Coercive isomorphism. Adoption of characteristics of adjacent nodes through

coercion by the neighboring nodes
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e Mutual Accommodation. Process of adopting neighboring nodes’ characteristics
through mutual pushing and pulling
e Convergence. Process of adapting to social environment such that nodes with

similar environments develop similar characteristics

This seems quite a bit more useful than the causal mapping approach for several
reasons, the main one being that this approach is more generative. Ultimately, DTRA
needs to be able to apply social network theory to new situations. By focusing on
mechanisms and generic processes, we elucidate the underlying principles that cause X to

lead to Y, and these principles can easily be applied in new settings.

However, one problem does occur, and this is the problem of competing
mechanisms. For example, an alternative to diffusion for explaining homogeneity is
adaptation. Consider the case where persons A and B are both angry, and we seek to
explain this similarity of states. The diffusion explanation is that one of them, say A, was
angry, and this diffused to friend B. Or a third party C connected to both A and B was

angry and this diffused simultaneously to both A and B. This is depicted in Figure 9.

7

[ANGRY] An emotional state [ANGRY] )
is transmitted from
person to person

[calm] [calm] [ANGRY] [ANGRY]

Figure 9
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But another possibility is that C was not angry, but did something that annoyed A and B,

causing them to respond with anger, as shown in Figure 10.

[OBNOXIOUS] What is trl'ansmitted is I"‘IOt [OBNOXIOUS]
the state itself —anger is

not what flows here

[calm] [calm] [ANGRY] [ANGRY]

X o

Figure 10

This is different from diffusion because anger did not flow. For another example,
take the case of A and B who both hate the phone. Why do they share this attitude? The
diffusion explanation is clear. But suppose A and B are in different social worlds with no
connection to each