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Abstract

Social network analysis has proven to be a useful tool in analysis of many situatio
social network analysis. We then illustrate the concepts by examining t
Scholarly publication is in many ways the lifeblood of academic instit
and financial compensation, for faculty members to publish. Differ individuals have evolved distinguishable
mechanisms for coping with the publication pressures. We examine t works of a number of prominent scholars.
Based on the clustering within the co-author social network, we distin es of co-authorship including solo models
(no co-authors), mentor models, entrepreneurial models, ~
to the possibility of group-think, reduced creativity, and thige of less rigorous reviewing processes.
Published by Elsevier B.V.

e begin by giving an overview of
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1. Introduction

theory) has em technique’and a topic of study in modern sociology, anthropology, social psychology
he shape of the social network helps determine a network’s usefulness to its individuals.

sis is concerned with understanding the linkages among social entities and the implications
ages. The social entities are referred to as actors that are represented by the vertices of the graph. Most
social net pplications consider a collection of actors that are all of the same type. These are known as one-mode
networks. Social ties link actors to one another. The range and type of social ties can be quite extensive. A tie establishes
a linkage between a pair of actors. Linkages are represented by edges of the graph. Examples of linkages include the
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evaluation of one person by another (such as expressed friendship, liking, respect), transfer of material resources (such
as business transactions, lending or borrowing things), association or affiliation (such as jointly attending the same social
event or belonging to the same social club), behavioral interaction (talking together, sending messages), movement
between places or states (migration, social or physical mobility), physical connection (a road, river, bridge connecting
two points), formal relations such as authority and biological relationships such as kinship or descent. A linkage or
relationship establishes a tie at the most basic level between a pair of actors. The tie is an inherent property of the pair.
Many kinds of network analysis are concerned with understanding ties among pairs and are based on the dyad as the
unit of analysis.

A social network consists of a finite set or sets of actors and the relation or relations defined on gk

possible external edges minus the total number of existing external edg
of a measure of internal allegiance and a measure of external allegj
the sum of the allegiances for the individual blocks. If the over
The partitioning continues recursively until a new partition n

Centrality is one of the oldest concepts in network analysi works contain people or organizations
that are central. Because of their position, they have better a tion, and better opportunity to spread
information. This is known as the ego-centered-appg twork is centralized from socio-centered
perspective. The notion of centrality refers to the pos lividual vertices within the network, while centralization
is used to characterize an entire network. A network i D
and the periphery. In a highly centralized i ftion spreads easily, but the center is indispensable for the

transmission of information.

There are several ways to measug i ices and the centralization of networks. The concepts of
vertex centrality and network ceptra stood by considering undirected communication networks.
If social relations are channe information between people, central people are those people who have
access to information circ i prk or who may control the circulation of information, i.e., they play a

brokerage role.

The accessibility g i linked to the concept of distance. If you are closer to the other people in the
network, the path follow to reach you are shorter, so it is easier for you to acquire information.
If we take into et neighbors only, the number of neighbors (the degree of a vertex in a simple undirected

tance to all other vertices in the network. The closeness centrality of a vertex is
other vertices is shorter. The importance of a vertex to the circulation of information

ediary in the communication network. Information chains are represented by geodesics and the
ss centrality of a vertex is simply the proportion of geodesics between other pairs of vertices that include the
vertex. Th&@Rntralization of a network is higher if it contains very central vertices as well as very peripheral vertices.

2. Clustering and allegiance

Clustering in social networks begins with dividing the set of actors into discrete, non-overlapping subsets called
partitions. The set of partitions is P = { Py, ..., Py} where k is the total number of partitions. We let P (i, k) represent
the partition to which actor i belongs when there are k partitions. The partition determines the block model, B =
{B1.1, B1,2, ..., Bk.k—1, Bk.x} (Wasserman and Faust, 1994). The block model is the device that clusters or groups the
network data. The block, B; ;, is formed from the ties of actors in partition i, P;, to the actors in partition j, P;. If i # j,
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the block B; ; represents ties between partitions P; and P;. If i = j, B; ; represents internal ties of actors within the
block. These latter diagonal blocks represent a clustering of the actors. Generally speaking we like to see blocks that
are cliques or nearly cliques in the usual graph-theoretic sense of a clique.

Rigsby (2005) developed the concept of allegiance in order to have a systematic way to form the partition and
the blocks. As with usual clustering methods the appropriate number of clusters is not usually known. A quantitative
measure of block model strength allows us to estimate the true number of partitions. Allegiance measures the support
an actor provides for the structure of his block. An actor supports his block by having internal block edges. A measure
of this is the total number of internal block edges that an actor has. We denote this by Hjp where G (ggimais the group
of all actors belonging to the same partition P (i, k).

Hin(i, k)= Y EG,)),

jeG(ik)

where E (i, j) is the edge weight from actor i to actor j. An actor supports his bloc
the block. A measure of this is the total number of possible external edges min
edges. We denote this by Hey,. If the total number of actors is N, let Np; ) b
Then

Hext(i, k) =N — Npyy— Y EG ).
JEG (i k)

We define allegiance A(i, k) as the measure of how much afctor supporf@is block at a partition size k.

A(i, k) = 5 Hin (i, k) + 5 Hext (i, k).
Initially, the data are all in one partition and A (7, 1

The allegiance of actors changes as the number of 5

alf of the out degree of actor i.

. We let
N
= A, k
A(k) Z %
i=1
and
= 2
Adk) A%O
2 A(k) 1s the i allegiance Tor all actors at k partitions. The first cut divides the data into two partitions;
the second cut G ata into three partitions, and so on. If the overall allegiance O ) is positive, then a good

partitioning

and

As noted earlier, X' 41y is half of the sum of the out degree for all of the actors. The individual actor differences,
D (i k), in allegiance at each partitioning indicates how each actor is affected by the partitioning. The summation of
the actor allegiance differences, 2p,, , shows the strength change in the block model at partitioning k. When 2p,
is negative, the block structure strength is decreased by this partitioning. The first negative value of 2p,, yields
the maximum number of partitions. If this first negative value of 2p, ,, is significantly negative, then the maximum
partition size is k — 1. Note that overall allegiance Oax) = 2 p -
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3. Co-authorship networks

Co-authorship establishes a linkage or tie between two individuals. These linkages can be examined as a social
network and patterns exhibited in the social network of an individual and his co-authors can shed considerable light on
how an author works and deals with his colleagues. Using the block model analysis outlined in the previous section, we
can cluster the set of co-authors. It should be noted that while a social network is often laid out as a graph for purposes
of visualization, it is also possible to simply look at a co-occurrence matrix. The latter view is useful for purposes of
understanding the block model structure.

Wegman et al. (2006) undertook a social network analysis of a segment of the paleoclimate

any of the individuals or their co-authors.

The solo style needs little explanation. Basically solo style characteriz
solo style is very rare and usually is only found among isolated scienti
connectivity means that there are few truly isolated scientists. One
heavily mathematical are often the work of a single individual eftfore often fo

Fig. 1 is the example of a block model type we call entrepren@rial style. Wedave removed co-author names from this
network. Notice that in what follows, the matrix representati . We identify the blocks by numbering
the partitions from upper left to lower right. So for example B e principal author alone. This graphic
represents a matrix of a network of the 47 co-authqgmaf a princt ho is represented in the upper left-hand
corner. The rows and columns represent the set of hors) and wherever there is a black square in the grid
means that there is a co-author relationship. The blo >

The black borders occur because the pringgmal autho 1, is a co-author with every one of actors in this network.
In this co-author social network, the bl o uggesW@khat the actors are partitioned into nine groups. The principal

availability of Internet
entioning is that papers that are

Fig. 1. Block model (matrix) representation of an entrepreneurial co-author social network.
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every other actor in the same group albeit not neces ) e same paper. That is, say two or three of nine may
be on a given paper, but not all nine are on the same i i
with closely coupled groups. We have refe, epreneunal style because in essence the principal author
i icular paper. In essence these specialty groups represent

subdisciplines and are tightly coupled 1h These specialty groups tend not to collaborate with each

Fig. 2 is aexample of a bl all the mentor style. Here the pr1nc1pal author has 101 co-authors Agam
the black borders means i who occupies Block 1 alone, has collaborated with all 101 co-authors.
Conspicuously absen i representation is the strong block diagonal structure seen in the entrepreneurial

model. Block 2 is who is the principal authors most frequent collaborator. There are two large
blocks, Block 3 these represent single papers in which two different teams collaborated with the principal
author. Unlike eurial gxample, all of the actors in these blocks were co-authors on the one paper. Other than
those two_ex ially no block diagonal structure. We note that using the allegiance methodology,

n within these groups, the clustering structure is not very strong. This principal author
younger colleagues who were his students or other young associates. His basic strategy
giates individually getting them started in scholarship. Once they have the experience of writing a
. to write on their own or with other colleagues in a new venue. The horizontal and vertical bars
in the fO%@R block indicate that the co-authors in that block have moved on from the mentor and have collaborations
with other 2§@prs. Thus the reason we call such a block model co-author social network the mentor style is fairly clear.

Fig. 3 represents a block model type we call the laboratory style. The main scholar in this co-author social network is a
biostatistician, who is a consultant on a number of National Institutes of Health contracts and thus has a distinctive block
diagonal structure representing papers in which most of the members of a particular laboratory project have their names
on the paper. In this example, the principal author has 29 collaborators. Unlike the entrepreneurial style where the cliques
tend not to have every member of the block on every paper, in the laboratory model, the blocks tend to have most if not
all of the members of the block on every paper coming from the laboratory. Notice that the first three blocks in Fig. 3 are
individuals. These are the other consultants with the principal author who tend to collaborate with the principal author
and with certain blocks. For example the author in Block 2 collaborates principally laboratory component represented



2182 Yasmin H. Said et al. / Computational Statistics & Data Analysis 52 (2008) 2177—-2184

&

Fig. 3. Block model (matrix) representation of a lMoratory-style ¢ thor social network.
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4. Block model (matrix) representation of the co-author social network of an individual who changed career status.

by Block 7 and part of Block 8. The author in Block 3 collaborate principally with the laboratories represented by
Block 8. Although we have not examined the co-authorship network of a medical/biological laboratory director here,
in general, that network would have a very strong block diagonal structure with very few blocks.

Fig. 4 represents another interesting co-author social network. Here the principal author has 88 co-authors in the
social network. Again using the allegiance criterion, we obtain a very interesting block model with 15 blocks. There
are significant blocks in both the upper left and lower right corners of this matrix. This principal author was for a time
embedded in a laboratory setting at one institution, became an academic in a standard department, and later, while
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still an academic, became affiliated as a consultant to another laboratory. The purely academic phase is situated in the
middle, which bears the hallmarks of the mentor network, while the upper left and lower right resemble the laboratory
model. This hybrid model represents something of a combination of the laboratory and mentor networks.

4. Implications for peer review

Wegman et al. (2006) suggested that the entrepreneurial style could potentially lead to peer review abuse. Many
took umbrage at this suggestion. Nonetheless, there is some merit to this idea. Peer review is usys egarded as

independent, unbiased, and knowledgeable in the field. As any hard-working editor or associa
independent, unbiased, and knowledgeable referees for a paper or proposal is a difficult ¢

in a favorable way toward someone he or she admires scientifically or
Double-blind refereeing, however imperfect it might be, at least remo
the name of the authors. In an era of Google Scholar, it is usually the names of the authors of a
paper are unigwn, the topic of a paper and
aper in question favorably. Of course

ditors and referees are not acting with

its similarity to the work of the referee can bias the referee t
making these observations about potential problems immediat
integrity. We do not mean to imply that this is the case. Indeed, biases may be entirely subconscious.
Interestingly, referees are usually not identified. Preg the fear of retaliation against a referee
who provides an unfavorable review. Implicit in this B the assumption that the author would not behave with
integrity.

Of course because referees are not identifig
expertise is not readily available. The
however, that safeguards such as douj

vidence of independence, unbiasedness and knowledgeable
sis can therefore only be suggestive. It is our contention,
| not identifying referees invariably lead to the conclusion

ial style suggests the following. There are many tightly coupled groups
d. It is clear that closely coupled groups have a common perspective.

g at many discussions of concerns about peer review seem to take place in medical/biological
related j&@mals. Finally, the mentor style of co-authorship, while not entirely free of the possibility of bias, does suggest
that youngS§@e-authors are generally not editors or associate editors. And often they are not in a position to become
referees, so that the possibility of bias is much reduced. Nonetheless, even here, a widely respected principal author has
the possibility of smoothing the path for his or her junior collaborators, while the papers of a high reputation principal
author may not be as critically reviewed as might be desirable.

5. Conclusions

Social network analysis of author—coauthor networks at the very least gives an interesting insight into the sociology
of scientific workers. The fact that there are distinct modes of authorship readily identifiable by the block model, while
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interesting in its own right, also provides insight into the why certain fields of study may have migrated into a more
politically driven framework.
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