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Abstract

We use scaling and statistical models to study networks of ties among Soviet politicians during the
Brezhnev era created by their co-attendance at events. The data consist of observations made by the
National Foreign Assessment Center of the Central Intelligence Agency of appearances of Soviet
political elites at official and social events for 8 years during the height of the Brezhnev era. Conven-
tional wisdom characterizes the Soviet system as partimonial rather than bureaucratic in nature, that
is, a system in which power is exercised through loyalties to key players often rooted in common
regional and educational associations. One, therefore, might expect that co-attendance at events over
these 8 years to be unrelated to actor’s formal positions and the nature of the events. However, our
scaling models reveal that participation is patterned by the state and party offices elites hold. Random
graph models provide tests of hypotheses about structural features of this network and confirm the
interaction between politicians’ offices and the types of events which they jointly attend. Our discus-
sion of the substantive implications of our analyses highlights the need for more detailed examination
of “career tracks” through the co-participation space, particularly deviant career tracks and the need
for a companion analysis of the structuring participations by informal power groups like those iden-
tified by Willerton [Soviet Stud. 34 (1987) 175]. © 2002 Elsevier Science B.V. All rights reserved.

1. Introduction

A hallmark and unifying principle underlying Romney’s work has been the use of models
for advancing scientific understanding of cultural and social phenomena. One inescapable
message in his writings is that cumulative knowledge requires scientific investigation. This
in turn involves developing general abstract models that are shown to be in correspondence
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with empirical observations (Romney, 1989). In his work, Romney has put quantitative and
statistical approaches in the social sciences on a par with models and scientific inquiry in the
biological and physical sciences (Romney, 1980, 1989, 1999; Romney et al., 1972; Shepard
et al., 1972).

Our paper draws on these aspects of Romney’s work in a small way. We use two differ-
ent modeling approaches to understand social interactions among a community of political
elites. We begin by representing participation using correspondence analysis and principal
components analysis. Patterns in these configurations are then evaluated using characteris-
tics of the politicians and of events in which they participate. We then extend the analysis
using random graph models to test hypotheses about specific structural properties underly-
ing the observed network.

The question we address is how participation in events by Soviet political elites is shaped
by actors’ memberships in different governing bodies and by the nature of the events in-
volved. Our data consist of observations of Soviet political elites at various official and
social functions as recorded by the National Foreign Assessment Center of the Central In-
telligence Agency for 8 years during the height of the Brezhnev era, 1972–1979 (Central
Intelligence Agency, 1973–1980). Such observations were made, we suspect, because an-
alysts thought that shifts in “behind the scenes” political alliances, indeed, membership in
these contending groups, could be inferred from co-attendance at these events. This idea
follows from a widely held view of “Soviet decision making in terms of the interplay of
elite factions” (Ross, 1980).

Our research indirectly comments on this view. We examine the influence of the political
offices held by the elite politicians on their co-attendance at the events and the nature of the
events. We tackle this question using two general approaches. First we use scaling models,
including correspondence analysis and principal components analysis, to represent patterns
of actor co-attendance, both cumulatively for the 8 years and for each year separately, and
to represent event overlap for each year. We then use random graph models to evaluate
the importance of different actor and event configurations in accounting for the observed
patterns of participation. Our aim is primarily methodological—to illustrate how scaling
methods and random graph methods, two methods for modeling affiliation networks, relate
to one another. We believe that the methods we describe are applicable to a wide range of
substantive situations which can be represented as affiliation networks. Our substantive aim
is very modest, to illustrate these methods on interactions between Soviet political elites
and to evaluate the commonsensical claim that official position matters in the determination
of co-attendance. We demonstrate support for this claim and then discuss possible further
research springing from this unsurprising result that we suspect would be more revealing of
the interaction between political elites and so of greater interest to students of Soviet politics.

2. Soviet politics in the Brezhnev era

Scholars of Soviet politics often note the importance of personal network connections,
patron–client relationships and coalition building for advancement within the Soviet polit-
ical system and ascension to elite status (Breslauer, 1980; Murphy, 1981; Willerton, 1987,
1992). Prior to the break-up of the Soviet Union in 1991, membership in the Communist
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Party of the Soviet Union (CPSU) and state governance were intimately intertwined. In
addition, unlike western democracies where political office holders are voted into office
by the public at large or by their delegates, in the Soviet political system members of the
highest bodies (the Politburo and the Secretariat) were admitted by agreement of standing
members. As a consequence, personal contacts, sponsorship and coalition building were
critical for advancement to elite status in the Soviet political system.

There is general agreement that top members of state and party bodies—full members of
the Politburo, candidate members of the Politburo, members of the Secretariat of the CPSU
and members of the Council of Ministers—comprised the Soviet political elite (Bielasiak,
1984; Miller et al., 1987; Willerton, 1987). Our data consist of observations on these politi-
cians plus members of the Ministry of Defense.

Within this political elite there was a status ordering of groups. The Politburo outranked all
other bodies. The Secretariat of the CPSU came next, outranking the Council of Ministers,
which in turn outranked the Ministry of Defense. Within the Politburo there were two levels,
full members who had voting rights and candidate members who did not vote. In practice,
however, decisions were often consensual and the distinction had little practical significance
in terms of voting rights.

A few comments about the responsibilities of, and relationships among, the bodies are in
order. Officially, Party Congresses (held every 5 years) elected people to the various bodies
(Dornberg, 1974). In practice, the Congress elected members of the Central Committee
of the Communist Party (about 300 in number) which in turn chose the party leaders,
party committees and members of the Politburo and Secretariat of the Central Committee
(Gelman, 1984). The Politburo was generally a policy making body, whereas the Secretariat
oversaw the day-to-day administrative tasks. The General Secretary chaired the CPSU
Secretariat. In contrast to the Communist Party bodies, the Council of Ministers was a
“government apparatus” and the Politburo’s “primary vehicle for running the economy”
(Gelman, 1984, pp. 57, 231). The Defense Ministry was under the Council of Ministers,
but in practice answered to the Politburo (Gelman, 1984).

Our data cover the period 1972–1979, the height of Brezhnev’s rule, though Brezhnev’s
political career began decades earlier and continued until his death in 1982. Brezhnev was
a member of the Central Committee of the CPSU and candidate member of the Politburo
starting in 1952. After Stalin’s death in 1953, Brezhnev left these positions until 1956 when
he returned to the CPSU Central Committee and was promoted to a full member of the
Politburo in 1957.

In 1964, the trio of Leonid Brezhnev, Aleksey N. Kosygin and N.V. Podgorny ousted
Nikita Khrushchev from his positions as First Secretary of the CPSU Central Committee
and Chairman of the USSR Council of Ministers. At that time, Brezhnev became leader of
the CPSU in the position of First Secretary of the CPSU Central Committee. Kosygin became
head of the government, as Prime Minister, and Podgorny took over as chairman (President)
of the Presidium (later the Politburo) of the Supreme Soviet, primarily a ceremonial role.
In 1964, Brezhnev also became Second Secretary of the Central Committee of the CPSU.
After considerable turnover among positions during Khrushchev’s rule, Brezhnev sought
to establish stability and during the Brezhnev era there was little turnover in political elite
membership (Miller et al., 1987). He also sought to consolidate his own position by moving
his supporters and proteges into key positions and by acquiring additional positions for
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himself. In 1966, Brezhnev gained the title of General Secretary of the Central Committee
of the CPSU (General Secretary of the Party). In 1977, Brezhnev replaced Podgorny as
President in the role of Chairman of the Presidium of the Supreme Soviet. Brezhnev died in
1982 and was succeeded by Andropov as party leader. Admittedly, our data cover an 8-year
period of relative stability in which patterns of co-attendance might be more routinized by
protocol than during times of political flux or turnover in leadership. It would be informative
to extend our analysis to the early years of Brezhnev’s rule or before, but unfortunately the
data for these years were not available to us.

3. The data

Our data consist of appearances of Soviet leaders at various events, as reported by the Na-
tional Foreign Assessment Center of the Central Intelligence Agency (Central Intelligence
Agency, 1973–1980). These observations record “known appearances of selected Soviet
public figures” (Central Intelligence Agency, 1974, p. 3). According to the Central In-
telligence Agency publication, these individuals include “members of the Politburo and
Secretariat of the CPSU, Deputy Chairmen of the USSR Council of Ministers, leading offi-
cials of the Ministry of Defense and the Minister of Foreign Affairs” (Central Intelligence
Agency, 1974, p. 3). Information was compiled from various sources. The sources are listed
in the Central Intelligence Agency report but without definition or description.1 Records are
published for calendar years, 1 January through 31 December. We use the years 1972–1979,
which cover Brezhnev’s coalition building period (1972), height of power (1975), as well
as the continued maintenance of his position through 1979. The events attended by the po-
litical figures are diverse and include both official gatherings and social occasions.2 Many
observations in the original records involve only a single person and are not included in the
analyses because they do not bring multiple actors into contact.

The number of events attended by more than one political figure varies across years (from
a low of 144 in 1977 to a high of 266 in 1978) as does the set of politicians that attend events
in a given year. The number of people observed in a year ranges from 45 in 1972, 1974 and
1975 to 55 in 1976, 1978 and 1979. All together there are 67 people, 29 of whom are present
in all years and the remainder of whom are present for only a portion of the time. There
are 1816 events total across the 8 years. Most of these events are unique occurrences rather
than events that reoccur across years. On average, each person attended 27.8 events per
year and events averaged 6.1 political elites in attendance. The average number of events
co-attended by each pair of actors ranges from a low of 2.31 in 1977 to a high of 9.38 in
1972.Table 1reports the numbers of events and actors in each of the 8 years.

We also have information about the state and party bodies to which politicians belonged
in each year. These bodies are: CPSU Politburo full member, CPSU Politburo candidate
(non-voting) member, CPSU Secretariat, USSR Council of Ministers and the Ministry of

1 For example, some of the sources listed in 1973 include: Moscow Tass, Pravda, Kras Zved, Moscow Domestic,
FBIS Dr II, Izvestiya, Krasnodar Domestic and Paris Domestic.

2 In 1972, for example, some of the events were: lunch with the Egyptian President, reception for the US
President, opera with Bulgarian leaders, Agricultural Conference, Lenin birthday conference and a CPSU plenary
session.
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Table 1
Event sizes, actor attendance and co-attendance frequency

Year Number
of actors

Number
of events

Average number of
events attended

Average
event size

Average number of
events co-attended

1972 45 251 36.9 6.6 9.38
1973 46 246 30.2 5.6 7.01
1974 45 255 30.1 5.3 8.28
1975 45 211 27.6 5.9 6.15
1976 55 230 30.9 7.4 7.81
1977 53 144 13.6 5.0 2.31
1978 55 266 27.3 5.6 4.96
1979 55 213 24.5 6.3 4.50

Defense. A person could belong to more than one group in a given year. In that case, our
analyses focus on the most prominent group (in order: full member of the Politburo, candi-
date member of the Politburo, Secretariat, Council of Ministers and Ministry of Defense).
We have also coded whether the event was an official occasion or a social occasion. “Social”
events involve some non-official activity or content, such as luncheon, dinner or concert.
Otherwise an event is coded as “official”. Two points should be made about the data. First,
it could be argued that Defense officials were only minor players in Soviet elite politics (at
least as compared to the other actors) and so, while their activities might of interest to the
Central Intelligence Agency, they should not be included in the analyses. We view this point
as easily addressable in future research but that, for present purposes, we think it prudent
to use all the available data. Second, since the data are from public appearances, one may
question whether they offer any substantive insight into the wider set of elite interactions
surely occurring beyond public purview. This question of substantive meaningfulness can-
not, however, be answered a priori. In our opinion one needs to develop the tools to do the
analysis, then use these tools to describe the patterns of co-attendance and then attempt
to assess such patterns against a larger and more comprehensive backdrop of substantive
questions before settling on an answer.

These data form an affiliation network. An affiliation network consists of a set of actors
and a set of events to which actors may belong (Wasserman and Faust, 1994). The events
may be relatively enduring bodies, such as clubs or corporate boards or they may be more
amorphous gatherings, such as the collection of people present at a party or lecture. In
our case, the events are gatherings where the Central Intelligence Agency recorded the
presence of Soviet political elites. Since there are two kinds of entities (actors and events)
an affiliation network is a two-mode network. Moreover, the network is non-dyadic because
the membership relation linking actors to events and events to actors relates subsets of
arbitrary size, rather than simply pairs of entities. Actors may be present at multiple events
and events may contain several actors.

An affiliation network is represented in a two-mode sociomatrix. TheN rows of the matrix
index actors and theM columns index events. We will use the notationX for the matrix,
with entriesxij , wherexij = 1 if actori is in eventj and 0 otherwise. The affiliation network
for observations of Soviet political elites’ attendance at events contains a total of 67 people
and 1816 separate events recorded over 8 years.
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There are a couple of wrinkles to consider in the data, both related to the longitudinal
nature of the observations. First, actors come and go over the course of the 8 years. Some
actors who are present at the beginning of the period are gone by the end (some have died
and others have left, usually because they were “removed” from office or membership in one
of the groups) and others have joined the set. As a consequence, all actors are not eligible
to be included in the events in all years. Second, the events take place across a span of 8
years which, in addition to having different populations of political elites and unique events,
might have different patterns of participation. This suggests that in addition to analyzing
the data as a single set we should also take individual years into account in our analysis.
We can do this either by fitting separate models to the different years or by incorporating
the time dimension into a single model. We take the former approach in this paper.

Our analysis proceeds in several steps. First, we use correspondence analysis and principal
components analysis to represent patterns of participations and we assess how characteristics
of actors and events are related to the configurations. Second, we use random graph models
to evaluate the importance of specific structural properties linking actors and events in the
network.

There are a number of possible approaches that we could adopt for studying this network.
Our research interests and features of the data frame our choice of approaches. First, we are
interested in patterns of political participation and possible trends through time, as evidenced
in social interaction. We are also interested in how the state and party bodies to which actors
belong and the types of events involved, structure participation among actors. These interests
suggest that we focus on two aspects of this network: first, the possible changes in patterns of
attendance across the years; second, the relationships between actor offices and event types
in patterning participation. First, we represent the pattern of participation, both in aggregate
and by year. We are also interested in how official bodies (Politburo, Secretariat, Council
of Ministers, etc.) structure participation. The ordering of these bodies in terms of political
prestige and power, the varied functions of the bodies, and protocol for attendance leads us
to expect that attendance should in part reflect memberships in these groups. As a secondary
issue, we anticipate that patterns of co-attendance are related to the kind of event involved:
social or official. Official events likely have better defined protocol for attendance, whereas
social events may allow greater leeway in composition of the guest list. Furthermore, if
events are occasions for signaling or reinforcing alliances, kinds of events may differ in the
extent to which such alliances are apparent in patterns of co-attendance.

4. Scaling models

We take two approaches to scaling the attendances of Soviet political elites at the vari-
ous events. Our first analysis considers actor co-attendances for all years together and uses
correspondence analysis to produce a single configuration in which each actor is repre-
sented for each year they are included in the observations. However, this result does not
provide an event configuration, for reasons outlined below. Our second analysis scales the
actor-by-event affiliation matrices using principal components analysis for each year sepa-
rately. Here we obtain both actor and event configurations, with separate configurations for
each of the 8 years.
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4.1. Correspondence analysis

Correspondence analysis (Greenacre and Blasius, 1994; Weller and Romney, 1990) is a
data analytic technique for studying associations among categorical variables in two-way
arrays, such as contingency tables or incidence matrices. It is one of a number of related
approaches, including dual scaling (Nishisato, 1994), homogeneity analysis (Gifi, 1990)
and optimal scaling. Correspondence analysis and closely related approaches frequently
have been used to study social networks (Faust and Wasserman, 1993; Kumbasar et al.,
1994; Levine, 1972; Nakao and Romney, 1993; Noma and Smith, 1985; Roberts Jr., 2000;
Schweizer, 1991; Wasserman and Faust, 1989, 1994; Wasserman et al., 1990).

One goal of correspondence analysis is to represent the data in a low-dimensional space
using scores for categories of the variables. These scores serve as coordinates in graphical
displays in which points represent the categories of the variables and the distance between
points represents the similarity between their respective categories.

Correspondence analysis is accomplished through a singular value decomposition of an
appropriately scaled matrix. Entries in the original matrix are divided by the square root of
the product of the row and column marginal totals, prior to singular value decomposition.
Let, F be a rectangular matrix of positive entries.R−1/2 andC−1/2 are diagonal matrices
with entries equal to reciprocals of the row and column totals ofF , respectively. Correspon-
dence analysis consists of a singular value decomposition of the matrixR−1/2FC−1/2:

R−1/2FC−1/2 = UDV

whereD is a diagonal matrix of singular values, andU andV are row and column vectors.
For visual displays,U andV are re-scaled. We use principal coordinates, where, on each
dimension, the weighted mean is equal to 0 and the weighted variance is equal to the singular
value squared. We used UCINET 5.0 (Borgatti et al., 1999) for the correspondence analyses
in this paper.

Correspondence analysis ofF is equivalent, within re-scaling, to correspondence analysis
of FF ′, a result that has important implications for scaling affiliation networks. If one is only
interested in scores for actors and not for events in the affiliation network, one can analyze
the actor co-attendance matrix (XX′) rather than the actors-by-events matrix (X). Scores for
rows (or columns, since the matrix is symmetric) are equivalent, within re-scaling, to row
scores forX. This equivalence also facilitates a strategy for analyzing replicated networks
or replicated similarity matrices by “stacking” comparable matrices from different sources
into a single array (Kumbasar et al., 1994; Romney et al., 1995; Weller and Romney, 1990).
Correspondence analysis of stacked matrices has been widely used for scaling domains
when data come from multiple sources or time points. This approach has been used to study
the relationships among multiple actors’ perceptions of the network structure of the same
group (Kumbasar et al., 1994), to study semantic similarities among animal terms from
different respondents and using different data collection instruments (Romney et al., 1995)
and to study the semantic structure of emotion terms from respondents in different language
groups (Moore et al., 1999; Romney et al., 2000).

We use correspondence analysis of stacked matrices to examine actor co-participations
for all years in a combined model. We begin with the actor co-attendance matrices (XX′)
for each of the 8 years. We then stack these eight matrices into a single two-way array.
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This stacked array has actors-by-years as its rows and actors as its columns. A couple of
modifications are required to accommodate our data. First, in order to “stack” matrices they
must have the same entities indexing columns in all stacked matrices. Since there are slightly
different sets of actors in the different years in our data, we expand the matrix for each year
to include the entire set of actors (67 in number) that were present at any time throughout
the period. This population of 67 actors makes up the columns of the stacked array. Then,
since actors not present in a given year could not attend events with other actors in that year,
their matrix entries are by definition zero for that year. Since these entries are structurally
zero, rows for actors absent in a given year are omitted, though their columns remain. Thus,
the actor-by-actor co-attendance matrix in a given year may be rectangular. The resulting
stacked matrix has 67 columns and 399 rows. Finally, since there are different numbers of
events in the various years, we standardize each year separately by dividing entries by the
number of events in that year. The resulting entries are the proportion of events in a given
year that each pair of actors attended together.

Correspondence analysis of the stacked array results in two sets of scores: one for the
67 actors in the columns of the array—which might be thought of as the “stable” portions
of actors positions across years—and a second for each actor in each year he was present.
Since we are interested in patterns across years, we focus on the actor-by-year row scores.

Fig. 1presents the correspondence analysis row scores for the first two dimensions. There
are 399 points in this configuration—one for each actor in each year he was included in
the observations. Overlaid on this plot are the 68.27% confidence ellipses for the actor
groups (Politburo full member, Politburo candidate member, Secretariat of CPSU, Council
of Ministers and Ministry of Defense). Each confidence ellipse is centered on the means
of the dimension 1 and dimension 2 coordinates for its subset of actors (or events in the

Fig. 1. Correspondence analysis of stacked matrices, 1972–1979.
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analyses presented below). The orientation of the ellipse is determined by the covariance
of the two variables. Actors who belonged to more than one group are assigned to the
higher ranking group, in the order of its status, described above. The first five dimensions
of the correspondence analysis account for 9.6, 7.3, 5.1, 4.9 and 3.9% of the total variance,
respectively. InFig. 1, the first dimension shows a clear separation of the Ministry of
Defense from the other bodies. The second dimension reveals some separation of the Council
of Ministers from the other groups. Members of both levels of the Politburo and of the
Secretariat are basically indistinguishable. It should be noted that in general the points for
years drift from top to bottom of the figure, with centroids for points in years 1972–1975 in
close proximity and a greater separation between those 4 years and the remaining years.3

4.2. Principal components analysis

Two drawbacks of scaling all years simultaneously by stacking actor co-attendance ma-
trices are that we have no configuration for events and patterns characteristic of individual
years may be obscured in the overall representation. Our second set of scaling results uses
principal components analysis to model each year separately, with separate analyses and
representations for actors and events. Two aspects of these results help interpret the pat-
terns: the relationship between actor co-participation and office held by the politician, and
between the type of event (official or social) and the configuration of events. This allows
us to study the configurations of attendances among politicians and events in each year and
the general trends in these patterns across years, even though most of the events are unique
occurrences and the set of actors changes across years.

Principal components analysis can be expressed as the decomposition of a correlation
matrix (R):

R = VDV ′

whereV is a set of eigenvectors ofR andD the diagonal matrix of eigenvalues corresponding
to the eigenvectors inV . Principal component loadings (L) are obtained by multiplying the
eigenvectors by the square roots of their respective eigenvalues:

L = VD1/2

The loadings are then used as coordinates in graphical displays of the similarities among
the points.

Principal components analysis of an affiliation network can be used either to represent
similarities among actors (the rows of the matrix) or events (the columns of the matrix),
depending on which mode is used to calculate the correlation matrix (R). If correlations
are calculated between columns (events)R is anM × M matrix and the loadings pertain

3 In viewing the general north to south drift of years inFig. 1, we suspect that this is due to gradual turnover
in membership across successive years. We also suspect that the notable difference between the early years
(1972–1975) versus the remaining years might be due to a 20% increase in the number of actors in the network
between 1975 and 1976 rather than any substantive difference in participation patterns. Although assessing simi-
larities and differences in patterns across years is an interesting direction of investigation, it is beyond the scope
of the current paper.
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to the events. On the other hand, if correlations are calculated between rows (actors)R is
anN × N matrix and the loadings pertain to the actors.

Some comments about alternative scaling approaches are in order. Often correspondence
analysis, rather than principal components analysis, is used to scale affiliation networks
(Wasserman and Faust, 1994; Roberts Jr., 2000). The two approaches are closely related,
differing primarily in the matrix that is decomposed: principal components analysis is a
decomposition of a correlation matrix, whereas correspondence analysis is a decomposition
of a sums of cross-products matrix with entries divided by the product of square roots of
the row and column totals (Weller and Romney, 1990). Because correlations are sums of
cross-products of standardized variables (mean equal to zero and variance equal to one)
correlations remove differences across variables in both mean and variance (Weller and
Romney, 1990; Borg and Groenen, 1997). This standardization is important when variables
differ greatly in variance.

An advantage of correspondence analysis as compared with principal components anal-
ysis is that, when applied to the affiliation matrix (X), it yields scores for both actors and
events, with a mathematical duality between the two sets (Wasserman and Faust, 1994).
Thus, actors and events can be represented in a ‘joint space’ depicting the relationship be-
tween the two sets. A disadvantage of correspondence analysis is that, as noted above, the
resulting scores and thus the spatial configuration, encode aspects of the variance of the ob-
servations. This is a problem in our data because rates of participation (and thus variances,
because the data are dichotomous) vary greatly among the actors and these rates are related
to the offices actors hold. Full members of the Politburo and members of the Secretariat of
the CPSU attend more events than do other groups and Ministers of Defense attend fewer.
This can obscure patterns of co-attendance among actors.

Another alternative, as described byBrazill and Grofman (2002), is to do a metric
multi-dimensional scaling of the proportion of positive matches between actors (or events).
Just like principal components analysis and correspondence analysis, metric multi-dimen-
sional scaling is a decomposition of a matrix into its basic structure (Weller and Romney,
1990). Thus, the major point of difference between the approach advocated byBrazill and
Grofman (2002)and the one we use is the form of the input matrix: correlations in our
case and proportion matches in theirs.Brazill and Grofman (2002)demonstrate that when
applied to data of known low dimensionality (such as a perfect Guttman scale pattern),
principal components analysis of correlations retrieves extra “bogus” dimensions, whereas
metric multi-dimensional scaling of the proportion matches does not. This may lead to
incorrect conclusions about the dimensionality of the solution. Since our concern is to
represent possible patterning of participation by actor groups and event types, rather than
detecting the “true” dimensionality of the solution, we used principal components analysis,
as described above, despite the possible misrepresentation of dimensionality. Furthermore,
since there are numerous possible measures of similarity that could be used as input to
metric multi-dimensional scaling, this topic deserves further research.4

4 We should note that we did all of the analyses reported in this section using the three approaches just described:
principal components analysis of correlations, correspondence analysis and metric multi-dimensional scaling of
the proportion matches. The substantive conclusions from the three approaches are identical: participation is
patterned by the actor groups not by the type of event.
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Figs. 2 and 3show the principal components analysis results for the 8 years.Table 2
gives the percent of variance accounted for by each of the first three dimensions in each
year. In the plots for actors, actors are close to each other in space if they tended to be
present at the same events and absent at the same events. As with the results combining all
8 years, in these figures we can see the patterning of actor co-participation by offices held.
The separation of the Ministry of Defense from other groups can be seen in all years, as
can the separation of the Council of Ministers from the Politburo and the Secretariat. In the
plots for events, events are close to each other if the same people tended to be present and
the same people absent at them. It appears that there is no distinction between official and
social events in any of the years. A notable feature of the figures for 1972–1974 and 1976
is the “panhandle” of points protruding in the lower left of each figure. These events are
generally small events attended by members of the Ministry of Defense.

These insights are confirmed by analyzing the distinctiveness of actor office groups and of
event types in the principal component loadings for the first several dimensions. We follow

Fig. 2. Principal components loadings for actors in each of 8 years.
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Fig. 2. (Continued ).

the procedure described inRomney et al. (1995)for calculating the “resolving power” of
various data collection methods for distinguishing among different items. An analysis of
variance (ANOVA) comparing loadings along several dimensions between different cate-
gorical groups (actor offices and event types) is used to determine the proportion reduction
in error (PRE) in loadings due to the categorical grouping variables, as measured by the
correlation ratio squared (η2). Table 3presents these measures for the first three dimensions
in each year. Results show that actor groups are distinct on the first two or three dimensions,
but distinctions between official and social events are not important.

Taken together results of correspondence analysis and principal components analysis
reveal that participations of Soviet political elites are patterned by the offices people hold,
primarily distinguishing members of the Ministry of Defense from other groups and showing
considerable overlap among members of the Politburo (both full and candidate members)
and the Secretariat. However, official and social events do not appear to differ in terms of
their participants.
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Table 2
Percent of variance accounted for by each dimension in the principal components analyses

Year Dimension

1 2 3

Event types
1972 17.4 10.9 7.2
1973 19.8 10.0 8.7
1974 17.5 9.9 8.5
1975 18.9 9.1 7.6
1976 21.6 10.1 5.9
1977 18.0 10.1 7.7
1978 16.9 9.0 6.9
1979 19.7 11.2 7.9

Actor groups
1972 23.6 10.4 7.8
1973 21.6 13.2 7.8
1974 21.3 11.1 9.5
1975 20.9 11.6 8.5
1976 22.0 13.8 5.8
1977 19.6 13.1 6.3
1978 18.7 12.9 5.4
1979 16.9 13.3 6.4

Table 3
PRE measures for principal components analysis loadings by event types and actor groups, models for separate
years

Year Dimension

1 2 3

Event types
1972 0.0033 0.0002 0.1175
1973 0.0529 0.0019 0.0641
1974 0.0027 0.0030 0.0967
1975 0.0059 0.0001 0.0016
1976 0.0002 0.0019 0.0190
1977 0.0019 0.0258 0.0002
1978 0.0013 0.0010 0.0005
1979 0.0001 0.0008 0.0363

Actor groups
1972 0.8582 0.8436 0.6447
1973 0.8022 0.8986 0.7198
1974 0.8052 0.8530 0.7498
1975 0.8457 0.8707 0.7119
1976 0.8893 0.8993 0.1725
1977 0.9456 0.8461 0.1998
1978 0.8062 0.7453 0.1402
1979 0.9270 0.8360 0.2191
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Despite confirmation of these findings using ANOVA of dimension scores by actor groups
and event types, subtler aspects of interactions between types of actors and types of events
have not been explored in these analyses. For example, is the distinction between members
of the Defense Ministry and others primarily due to participation in official events or in
social events or both? Do members of the Politburo and Secretariat tend to meet in social
or in official events? Essentially these questions address the possibility of an interaction
between actor offices and the type of event in accounting for patterns of participation.

Evaluating these hypotheses requires statistical tests about structural features of the net-
work of actor–event ties, including information about actor offices and types of events.
Although scaling models depict patterns of actor co-participation or event overlap and we
can use characteristics of these entities to interpret the spatial patterning, these models do not
provide direct statistical tests about the underlying graph that generated the co-participation
or overlap. We might attempt to tease apart the distinction between official and social events
as the basis for patterns in actor co-participation by scaling co-participation in social and of-
ficial events separately. Nevertheless, if we were to find differences in the spatial models of

Fig. 3. Principal components loadings for events in each of 8 years.
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Fig. 3. (Continued ).

actor co-participation for the separate sets of events, we still would not know what specific
configurations of actor–event ties were responsible for these differences, nor would we have
a statistical test of the importance of specific configurations. To investigate this we turn to
statistical models for social networks. These models allow us to test for the importance of
specific structural properties in accounting for participation. Specifically we can evaluate the
extent to which participation is patterned by combinations of actor offices and event types.

5. Statistical models for affiliation networks

Statistical models for social networks have a long history, though early models required
overly simplistic assumptions about independence of observations of actors and dyads. Only
recently have models with more realistic assumptions become available and sufficiently
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well-developed for general use. In this section, we describe one member of a class of
statistical models, the p∗ models and how this model can be adapted to examine the possible
patterns present in the affiliation network of attendances of Soviet political leaders at various
events. There are many papers describing p∗ models (Anderson et al., 1999; Pattison and
Wasserman, 1999; Robins et al., 1999; Wasserman and Pattison, 1996). A brief description
of p∗ models for networks for networks in general is provided in theAppendix A. In this
section, we describe the simplifications and specifications that pertain to affiliation networks.

Statistical models for social networks adopt the stance that networks are random. That
is, the ties in the network and the overall configuration of the graph representing the net-
work are subject to probabilistic or stochastic processes. As a consequence, an observed
network is only one of a possible number of graph realizations that could have arisen from
a distribution of possible graphs. The goal is to model the probability of the observed graph
as a function of various structural (graph) properties. For example, if the network under
consideration consists of friendships in a small group, there may be a tendency for choices
to be reciprocated; if actori chooses actorj as friend, then there is a tendency forj to return
the friendship choice toi. In that case, graphs for friendship networks with tendencies to-
ward reciprocation would have larger probabilities than graphs in which ties tend not to be
reciprocated. Reciprocity would be important structural feature determining the probability
of the graph. Obviously there are numerous structural properties that might be considered
for inclusion in a model and selection of which properties to include depends on theoretical
expectations and the substance of the application. An important aspect of social networks is
that network properties may be quantified at number of different levels: individual, dyadic,
triadic, subgroup or group level. Properties at any of these levels may be important features
of a graph and may be incorporated into the statistical models.Pattison and Wasserman
(1999)andAnderson et al. (1999)describe a number of theoretically and substantively
useful graph properties that can be studied using these models.

As described bySkvoretz and Faust (1999), the p∗ models simplify for affiliation net-
works. Two wrinkles are immediately apparent given the nature of the affiliation relation.
First, the relation is non-directional; actors belong to events and events contain actors. Thus,
a tie may be either present or absent and reciprocity is not a consideration. Second, since an
affiliation network is bipartite (there are two sets of social entities and all ties are between
entities from different sets) subgraphs in which all ties originate from or terminate at a single
node (stars) must be one of two types: stars centered on actors (actor stars) in which an actor
has membership ties to events or stars centered on events (event stars) in which events have
ties to their constituent members. In our models, we limit ourselves to stars of degree two
(two ties from the actor or event in the center of the star). In addition, the models we use in
this paper are simplifications of Markov random graph models. In a Markov random graph
model, the tie in the (i, j) pair is assumed to depend only on the other ties and configurations
in which i andj might be involved, but not on ties involving parties other thani andj (Frank
and Strauss, 1986).

We argue that there are important processes underlying patterns of political elites’ atten-
dance at various events. We expect that patterns of alliances on the one hand and fission
or exclusion on the other, will be evidenced in patterns of co-attendances among actors as
they are brought together (or separated) in various events. Moreover, patterns of partici-
pation should in part be influenced by the state and party offices to which actors belong.
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Job responsibilities and protocol may play a large role in which actors are included in a
given event. In contrast, for the most part events are “unique” occurrences, thus there is
less theoretical importance in how events overlap through common members. In terms of
the star configurations, actor stars capture the linking role of actors between events and
would be theoretically important in studying the extent to which enduring events—such as
corporate boards of directors—are linked through common members. Event stars capture
the linking role of events in bringing actors together and are theoretically important when
we are interested in coordinated activities among actors, as evidenced in common partic-
ipations. As a consequence of these theoretical concerns, our models have homogeneous
actor stars and use actor offices and event types to classify different kinds of event stars.5

Following our emphasis on actor offices and types of events shaping participations of
Soviet politicians, we posit structural properties for the affiliation network that incorporate
tendencies based on these features. The baseline model (model 1) includes only a single
parameter, labeled “choice”, that fits the overall density of ties in the network. We then add
a parameter for two-stars, without distinguishing between actor and event two-stars (model
2). Model 3 distinguishes between two different kinds of two-stars, those centered on actors
(actor two-stars) and those centered on events (event two-stars). We also present BIC statis-
tics, described below, that allow direct comparison of model fits. As noted in theAppendix A,
caution regardingχ2 statistics is in order since estimates are pseudo-likelihood estimates.
We then examine two models that are both nested within model 3. Model 4 includes ho-
mogeneous actor two-stars, but distinguishes between two kinds of event two-stars—those
centered on official events and those centered on social events. Model 5 includes homo-
geneous actor two-stars, but distinguishes among event two-stars depending on the offices
to which members of the actor pair belong (for example, both actors full members of the
Politburo, one actor a member of the full Politburo and the other in the Ministry of Defense
and so on). Including an “other” category for actors, there are 21 possible actor pair types.
The final model (model 6) again includes homogeneous actor two-stars, but now distin-
guishes event two-stars by both the type of event (official or social) and the actor pair types.
There are up to 42 different event two-stars when we classify both events (2 types) and
actor pairs (21 types).Fig. 4shows some examples of the possible kinds of event two-star
configurations, classifying events by type and actor pairs by offices held.

Given the correspondence analysis results reported earlier, we might expect certain con-
figurations to be important and others to be unimportant for understanding attendance pat-
terns in this network. In general, we saw that actors tended to group by offices held. If actors
tend to participate in events with similar others, then event two-star configurations that bring
together pairs of actors from the same office should be important. Resulting parameter esti-
mates for these configurations should be large and positive. Given the distinct position of the
Ministry of Defense in all correspondence analysis results, we anticipate that there will be
an especially strong effect of events bringing together members of the Ministry of Defense.
Moreover, if actors have distinct arenas of participation and events tend not to include actors

5 Two-stars are intimately related to the variances of nodal degrees. Therefore, a model including only effects
for the number of ties and two-stars (model 2 inTable 4) is quite limited in the structural effects it expresses,
since it fits only the mean and variance of the degrees. Moreover, this model treats actor and event degrees as
comparable, which may be undesirable.
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Fig. 4. Examples of some event two-stars, including event type and actor pair groups.

from different groups, then parameter estimates for event two-star configurations contain-
ing different types of actors should be large and negative, indicating that graphs with such
patterns have low probabilities. Again, looking at the correspondence analysis results, we an-
ticipate that configurations linking members of the Ministry of Defense with members of the
Politburo (either full or candidate members) and the Secretariat of the CPSU will be unlikely
and parameter estimates for these configurations should be large and negative. On the other
hand, given the overlap of full Politburo, candidate Politburo and Secretariat members in the
correspondence analysis figures, we expect that event two-stars linking members between
these different groups will be important and will have large and positive parameter estimates.

Since the principal components analysis of events shows no distinction between official
and social events, we expect that any improvement in fit of models including this distinction
should be minimal.

We present the p∗ model results in two stages. First, we consider fits of the six models
described above, looking at the impacts of actor offices and event types. We then examine the
parameter estimates that quantify the importance of the different structural effects of actor
and event two-star classifications for the most complex model. We fit models separately for
each year.

Table 4presents fit statistics (−2log(pseudo-likelihood)) for the six models for each of the
8 years. Since the magnitude of these statistics depends on both the number of parameters
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in the model and the sample size (here the number of actor–event pairs) it is difficult to
evaluate which models fit the data and to decide between competing models. The large
sample sizes give rise to large pseudo-likelihood statistics and thus might lead us to reject
a good model. An alternative model selection procedure relies on a Bayesian approach and
employs the BIC statistic (Raftery, 1986, 1995). In comparing the fit of two models (M0
and M1) the question becomes “given the data, which of M0 and M1 is more likely to be
the true model?” (Raftery, 1986, p. 145). Taking the baseline model (model 1 inTable 4)
for comparison, the BIC for model M is equal to−L2

(M0)
+ d.f .(M0)logN , where−L2

(M0)

is the difference between the pseudo-likelihood ratio statistics for the two models being
compared, d.f .(M0) the difference in degrees of freedom for the models andN is the number
of observations. A negative BIC leads to the conclusion that model M is preferred over
the null model. The BIC statistic can also be used to compare models that are not nested;
the model with the more negative BIC is preferred. The BIC statistics for models 2–6, as
compared with model 1, are presented inTable 5. We use these statistics to evaluate the
relative fits of the models.

Comparing models 2 and 3, we can evaluate the impact of the distinction between actor
and event two-stars, as compared with treating two-stars homogeneously. In all years, the
distinction is important, though its impact is weaker in 1972 than in other years. The impor-
tance of the distinction between official and social events can be evaluated by comparing
the fits of models 3 and 4. Here, the distinction appears to be important in all years except
1977, though it is weak in 1974. The impact of the offices held by pairs of people (regardless
of whether the event was official or social) is evaluated by comparing models 3 and 5. The
offices are important in all years. Finally, model 6 contains both event type and actor pair
offices, and can be compared with model 4 to evaluate the impact of actor pair offices ad-
ditional to the distinction between official and social events, and to model 5 to evaluate the
impact of event type additional to actor pair offices. Comparing models 4 and 6, it appears
that in all years the offices held by pairs of actors are important when added to a distinction
between event types. Comparing models 5 and 6 shows that the distinction between event
types is important when added to the classification of offices of pairs of actors in all years
except 1977.

In summary, co-participations of pairs of actors in events are impacted by both whether the
event is official or social and by the offices held by the two actors. In all years except 1977,
model 6, which includes actor two-stars in addition to event two-stars that incorporate both
actor offices and event types, is the preferred model. In 1977, model 5, which incorporates
actor offices but not the type of event into the event two-stars is, the preferred model.

As a second step in interpreting the results of the p∗ models, we examine the parameter
estimates for the most complex model, model 6 inTable 4. Since there are dozens of param-
eter estimates, we simplify presentation in three ways. First, we present the exponentiated
parameter estimates (expb). These are interpreted as the effect of a one unit change in
the independent variable on the odds of the dependent variable, given the other variables
in the model. Effects above 1.0 indicate an increase in the odds, whereas effects below 1.0
indicate a decrease in the odds. Second we present only those estimates that are nominally
significant atP < 0.01, keeping in mind that significance tests should be used cautiously
with p∗ models. For reasons described in the appendix, they should not be interpreted lit-
erally. Finally, we have grouped the estimates so that effects bringing together actors in
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the same office (for example, full Politburo members with each other) are presented in the
one panel, effects bringing together actors from different offices (for example, full Politburo
members with members of the Secretariat) are in the next panel and effects involving people
not in one of the offices are in the final panel of the table.

Table 6presents the exponentiated pseudo-likelihood estimates for the parameters in
model 6 for each of the years. In addition to the overall “choice” parameter that fits the
density of ties in the network, there is an effect for actor two-stars and effects for event
two-stars classified by both the event type (official or social) and the combination of
actor pair offices. If all possible actor and event types were present in a given year the
full model would have 44 parameters. When some actor types are not present in a given
year, there are fewer possible actor pair configurations and thus fewer parameters in the
models.

Exponentiated parameter estimates greater than 1.0 indicate that networks with the cor-
responding configuration have larger probabilities; in other words, the presence of that
configuration is an important feature of the network. On the other hand, exponentiated pa-
rameter estimates below 1.0 indicate that networks with the corresponding configuration
have lower probabilities; the absence of that configuration is an important feature of the
network and graphs with that property have lower probabilities.

In summarizing overall tendencies for positive or negative effects several trends can be
seen. First, the most consistent positive effects bring together the following sets of actors
and types of events.

Within actor groups
Politburo full members with each other in official events (all years but 1975).
Politburo full members with each other in social events in the last 3 years (1977–1979).
Defense Ministry members with each other in both official and social events (except in

1975 and 1977 for social events).
Members of the Council of Ministers with each other in social events in the first 3 years

and in 1979.

Between actor groups
Politburo full and Politburo candidate members in official events (except in 1975 and

1977).
Politburo full and Politburo candidate members in social events (except in 1972, 1975

and 1978).
Politburo full members and Secretariat in official events (all years but 1979).
Politburo candidate members and Secretariat in official events (except 1977).

Second, there are negative effects for the following configurations.

Within actor groups
Secretariat members with each other in social events (in 1972, 1973 and 1977).
Members of the Council of Ministers with each other in official events in the first 3 years.

Between actor groups
Politburo full members and members of the Ministry of Defense in official events

(except in 1973, 1975 and 1978).
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Table 6
Exponentiated pseudo-likelihood estimates (expb) for parameters in model 6 (choice+ actor two-stars+ event
two-stars by actor pair groups and event types)

Parameter 1972 1973 1974 1975 1976 1977 1978 1979

A two-stars 1.04 1.04 1.04 1.04 1.04 1.07 1.03 1.05
PP-O 1.25 1.24 1.37 1.24 1.35 1.12 1.38
PP-S 1.77 1.21 1.29
CC-O 0.80 1.21
CC-S 1.06 0.91 1.39 1.23 1.12
SS-O 1.46
SS-S 0.80 0.70 0.67
MM-O 0.66 0.36 0.75
MM-S 1.76 1.34 1.65 0.67 1.96
DD-O 1.86 2.20 1.97 1.82 1.61 1.77 1.95
DD-S 1.92 2.09 2.27 1.76 1.71 2.12
PC-O 1.24 1.25 1.13 1.24 1.42 1.11
PC-S 1.48 1.60 1.14 1.67 1.31
PD-O 0.91 0.89 0.78 0.87
PD-S 1.16 2.00 0.92
PM-O 1.09 1.12 0.94 1.13
PM-S 3.87 1.47 1.4 2.05 1.63
PS-O 1.26 1.30 1.06 1.29 1.28 1.32 1.23
PS-S 1.24 0.84
CD-O 1.23 0.64
CD-S 1.11
CM-O 1.19 1.37 1.19 1.08
CM-S 0.94 1.16 0.88
CS-O 1.75 1.69 1.68 2.35 1.97 1.75 1.59
CS-S 1.30 1.32 1.38
SD-O 1.96
SD-S 0.66
SM-O 1.42 1.61 1.14 1.30
SM-S 0.59 2.17
MD-O 0.26 0.69
MD-S 0.74
CX-O × ×
CX-S 0.82 × ×
PX-O × × 1.22 1.44 0.52
PX-S 1.72 × × 1.84
MX-O 1.41 × × 2.34
MX-S × ×
DX-O × × 1.24 1.40
DX-S × × 2.95
SX-O 0.55 × ×
SX-S × ×
XX-O × × × × × 0.15
XX-S × × × × ×
Choice 0.01 0.01 0.00 0.01 0.01 0.01 0.00 0.00

Only estimates withP < 0.01 are reported;× indicates that the parameter was not included in the model;
P: full Politburo; C: candidate Politburo; S: Secretariat CPSU; M: Council of Ministers; D: Ministry of Defense;
X: other; -O: official event; -S: social event.
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Taken together these results confirm some aspects hinted at in the spatial configura-
tions from the correspondence analysis and principal components analyses. Members of
the Ministry of Defense form a relatively distinct set. Positive effects bring them together
in both official and social events, but there are no consistent effects across years that bring
them together with members of other groups and there are important effects that indicate
that members of the Ministry of Defense do not attend official events with full Politburo
members. The overlapping of full and candidate Politburo members with members of the
Secretariat arises through the following configurations: full members of the Politburo come
together in official events and with candidate Politburo members in both official and social
events; both full and candidate Politburo members participate with members of the Secre-
tariat in official events but members of the Secretariat do not participate with each other in
social events nor do they participate with full Politburo members in social events in the later
years. Members of the Council of Ministers do not show any clear pattern of participation
or non-participation with members of other groups.

We can now address the issue of the convergence of our two different approaches. For
the most part, our conclusions are consistent, though not entirely so. To the extent that
there are positive p∗ model effects bringing together actors in the same group, we see
these groups clustering in the principal components analysis representations. For exam-
ple, members of the Ministry of Defense form a relatively tight and distinct subset in
the principal components analysis and also have positive within group p∗ parameter esti-
mates. In addition, positive p∗ parameter estimates linking different groups (for example,
between full Politburo and candidate Politburo members, between full Politburo members
and members of the Secretariat and between candidate Politburo members and members
of the Secretariat) are echoed in the principal components analysis representations where
these three sets of actors consistently occupy overlapping regions of the space. On the other
hand, there are instances where the strength and direction of the p∗ parameter estimates
is not clearly reflected in the principal components analysis representation. For example,
members of the Council of Ministers have negative within group effects for attendance
at official events in years 1972–1974, off-set by positive effects for social events in these
years and nevertheless are quite closely clustered in the principal components results in
all years.

We expect that in general a positive within group p∗ effects will be reflected by rela-
tively tight clustering of the group in the spatial representation, whereas negative within
group p∗ effects should lead to a more diffuse, less distinct clustering of the group. Pos-
itive between group effects should be seen in groups overlapping regions of the space,
whereas negative between group effects should be seen in the two groups occupying different
regions.

6. Summary

In this paper, we have used two different though complementary approaches to under-
stand patterns of participation of Soviet political elites in official and social events. Scaling
models, including correspondence analysis and principal components analysis, revealed
that attendance was largely patterned by the state and party offices to which the politicians
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belonged. Statistical models confirmed this insight but also pointed to unanticipated fea-
tures underlying observed patterns. In the scaling models, the distinction between social
and official events was not apparent. Nevertheless, statistical tests of the interaction be-
tween types of events and actor offices indicated that social and official events operated in
different ways for bringing together or separating, actors occupying different state or party
offices.

We believe a strength of combining scaling and statistical models is that the depth of
insight provided by visual representations can then be substantiated by statistical models.
Statistical models can test hypotheses about specific structural configurations underlying
the network. In our example, these statistical models provided unexpected insights into
important features of the network.

The fact that political offices impact co-attendance at social and official events appears
simply to confirm commonsense expectations. However, we note that while commonsense
might lead us to expect that the offices would have the same effects over the years, they
do not. Some combinations of offices and events do appear to consistently enhance or in-
hibit co-attendance, but others do not. Adducing substantive reasons for these departures
may be a interesting research problem, but one that is beyond the scope of our method-
ological interests in this paper. Our point is that our methodology enables us to raise this
problem in a systematic way. Also equally interesting but beyond our scope would be a
project to relate the patterns in the co-participation of actors to the membership in informal
power groups.Willerton (1987)would be a good start on this project since he identi-
fies client–patron relations during the Brezhnev era among the same actors that we have
studied.

Finally, it may be that, even upon closer analysis, no surprises occur in how co-attendance
is influenced by political office. That is, the substantive significance of co-attendance may
simply derive from the dictates and duties of the offices held rather than the informal
“backstage” coalitions to which politicians belong. Yet, while the general rule would be
participation determined by office, the rule would apply more or less accurately to partic-
ular individuals. We suggest that of more substantive interest against the backdrop of duty
influenced participation would be significant departures from this backdrop by particular
individuals. The analysis we envision here would look at the “careers” of particular individ-
uals through the multi-dimensional space defined by co-attendance patterns. Of particular
interest would be the trajectories that depart from the typical path and how those individuals
fare in the contests for power and influence.
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Appendix A

This appendix describes p∗ models for social networks in general. More detailed descrip-
tions can be found inAnderson et al. (1999), Pattison and Wasserman (1999), Robins et al.
(1999)andWasserman and Pattison (1996).

Consider the graph of ties on relationχ represented in matrixX. The entriesxij in X are
dichotomous: 1 if there is a tie from actori to partnerj and 0 otherwise. Our discussion is
restricted to dichotomous relations, however, extensions of p∗ models to valued relations
are presented inRobins et al. (1999).

In these models the probability of the graph is expressed in terms of a collection of graph
statistics. These graph statistics are explanatory variables in a model accounting for the
probability of the graph and are calculated from the observed network. We will denote the
graph statistics byzk(x), with the collection of statistics:

z1(x), z2(x), . . . , zk(x)

A vast array of statistics may be considered for inclusion. The selection of statistics depends
on what structural properties are hypothesized to be operating in generating the graph under
study. These may include individual tendencies to send or receive ties, dyadic tendencies
for reciprocity, triadic tendencies for transitivity, graph connectivity or graph centralization,
among many others. The researcher’s hypotheses specify expected dependencies among ties
in the network expressed in these hypothesized structural tendencies and translate into the
specific graph statistics that are to be included in the model. The probability of the graph
is modeled as a function of the hypothesized structural properties. Model parameters (θ ’s)
are coefficients in a linear equation for the probability of the graph:

θ1z1(x) + θ2z2(x) + · · · + θkzk(x)

The θ ’s are unknown parameters to be estimated and quantify the importance of the re-
spective graph properties for the probability of the graph. Parameters that are large and
positive indicate that graphs with the respective property have larger probabilities, whereas
parameters that are large and negative indicate that graphs with the respective property have
lower probabilities. However, statistical tests are only approximate, for reasons discussed
below.

The model for the probability of the observed graphx, Pr(X = x), is a function of the
graph statistics, expressed in a log-linear form:

Pr(X = x) = exp{θ1z1(x) + θ2z2(x) + · · · + θkzk(x)}
κ(θ)

The normalizing constant in the denominator of this equation (κ(θ )) is problematic and is
difficult to estimate for all but small networks. What allows this model to be fit is an alterna-
tive version that expresses the response variable as the logarithm of the odds (logit) of a tie
being present rather than absent and relies on a pseudo-likelihood estimation strategy de-
scribed inStrauss and Ikeda (1990). In addition, the Hammersley–Clifford theorem (Besag,
1974) states that the probability of the graph is the product of the conditional probabilities
of the individual ties. A little more notation is required. Let,Xc

ij be the complement graph
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(the network with everything but theij tie), X+
ij be the graph with theij tie forced to be

present (xij = 1) andX−
ij be the graph with the tie fromi to j forced to be absent (xij = 0).

We then express the model in terms of conditional logits—the logarithm of the ratio of the
conditional probability of the tie being present to the conditional probability of its absence.
The logit version of the p∗ model is:

ln

[
Pr(Xij = 1|Xc

ij)

Pr(Xij = 0|Xc
ij)

]
=

exp{θ ′z(x+
ij )}

exp{θ ′z(x−
ij )} = exp{θ ′[z(x+

ij ) − z(x−
ij )]}

This form of the model shows that the conditional logit is a function of changes in the graph
statistics when theij tie changes from 1 to 0. Changes in graph statistics are calculated for
each pair from the observed data by computing the statistic first with the tie present and then
with the tie absent, and then taking the difference between the values of the two statistics.
The p∗ model can be fit approximately using standard logistic regression packages, such as
SAS or SPSS.

The p∗ model and simplifications including the Markov random graph model, are es-
timated using a pseudo-likelihood estimation strategy. This technique is widely used in
spatial modeling where equations include intractable normalizing constants (Besag, 1974;
Strauss and Ikeda, 1990). The resulting parameter estimates are pseudo-likelihood esti-
mates rather than maximum likelihood estimates and the goodness of fit statistic (the usual
−2log(likelihood)) is also a pseudo-likelihood statistic. As a result, statistical tests for pa-
rameter estimates and model goodness of fit statistics should be used cautiously.

The graph statistics in the p∗ models express hypotheses about possible dependencies in
the network. The simplest models are versions of the p1 model, which contains parameters
for overall network density, the propensities for actors to send and receive ties, and the
reciprocity of ties between pairs of actors (Holland and Leinhardt, 1981). In the p1 model,
dyads are assumed to be independent. A slightly more realistic model, the Markov graph
model (Frank and Strauss, 1986), posits that the tie from actori to actorj is dependent only
on ties that actorsi andj might or might not have to other actors, but not on ties between
pairs of actors not involvingi andj. The models we describe and illustrate for affiliation
networks are versions of Markov graph models which additionally take into account the
bipartite nature of the affiliation network and also incorporate attributes of actors and events.
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