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Abstract

Network analysis is distinguished from traditional social science by the dyadic nature of the standard data
set. Whereas in traditional social science we study monadic attributes of individuals, in network analysis we
study dyadic attributes of pairs of individuals. These dyadic attributes (e.g. social relations) may be represented
in matrix form by a square 1-mode matrix. In contrast, the data in traditional social science are represented as
2-mode matrices. However, network analysis is not completely divorced from traditional social science, and
often has occasion to collect and analyze 2-mode matrices. Furthermore, some of the methods developed in
network analysis have uses in analysing non-network data. This paper presents and discusses ways of applying
and interpreting traditional network analytic techniques to 2-mode data, as well as developing new techniques.
Three areas are covered in detail: displaying 2-mode data as networks, detecting clusters and measuring
centrality.
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1. Introduction

According to Wellman (1988), social network analysis differs from traditional social
science in that traditional social science studies personal attributes whereas network
analysis studies social relations. While we agree with this distinction, as methodologists,
we would prefer to put it another way. In our view, it is better to say that traditional
social science studies attributes of INDIVIDUALS (call these monadic attributes)
whereas network analysis studies attributes of PAIRS OF INDIVIDUALS (call these
dyadic attributes). Social relations are just one type of dyadic attribute. Other members
of this set are distances (such as miles between cities), and similarities (such as
correlations among respondents’ responses across a set of questionnaire items).

Even in the case of social relations, the data that are actually collected are attributes
of the relation, not the relation itself. For example, for the case of the friendship relation,
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researchers might measure (for each pair of actors) the strength of the friendship
(Krackhardt, 1990), which is one particular aspect of the friendship relation. It is also
possible to measure other aspects of the relationship, such as its duration, the reason for
its existence, etc.. In sexual networks, what is actually measured is typically the
frequency of sexual contact with each partner. In communication networks, researchers
may record both the frequency and the length of individual communications between
pairs of actors.

The differential focus on monadic and dyadic attributes results in traditional social
science and network analysis having different canonical data sets. In the traditional case,
the canonical data set is a person-by-attribute matrix in which the persons are seen as
cases and the monadic attributes are seen as variables. In the network case, the canonical
data set is a person-by-person matrix, which is conceived of as recording a single social
relation (or other dyadic attribute) among a set of actors. Here, the cases are the (ordered
or unordered) pairs of actors, and the entire relation or dyadic attribute is a single
variable.

Both data matrices may be described as having two dimensions or ways, which
means simply that they have more than one row and more than one column '. The
number of ways in a matrix is just the number of subscripts needed to identify each
individual datum, as in x, 5+ The data sets differ in the number of modes, which are
distinct sets of entities pointed to by the subscripts. In the traditional data set, the two
subscripts refer to two different sets of entities, persons and attributes. Hence, a
methodologist might describe traditional social science as the study of 2-way 2-mode
matrices. In contrast, in the network data set, both subscripts refer to the same set of
entities, persons. The same methodologist might describe network analysis as the study
of 2-way 1-mode matrices.

In practice, however, the distinction between traditional social science and network
analysis is not nearly so neat. One reason is that there are ways of converting 2-mode
data sets into 1-mode matrices 2, to which we can then apply the techniques (if not the
theories) of network analysis. Another reason is that some 2-mode data are clearly
relational in spirit and arise naturally in network research. For example, the assignment
of faculty to courses may be seen as a relation between the set of faculty and the set of
courses. Similarly the membership of individuals in voluntary organizations may be seen
as a relation between two equally interesting sets. Still another reason is that some data
can be recorded either as 1-mode or 2-mode, at the convenience of the researcher. For
example, in some universities, faculty are asked to name one or more graduate students
that they would like as research assistants, while, simultaneously, students are asked to
name faculty that they would like to work with. If faculty and graduate students are
regarded as separate sets of entities, the data are 2-mode, but if they are seen as a single
set of entities (persons), the data are 1-mode.

This paper considers new methods of visualizing and analysing 2-mode data using

: Typically, 1-way matrices are simply called ‘arrays’.
? For example, we can compute correlations or other measures of similarity among the rows or the columns
of the 2-mode matrix yielding a 1-mode correlation matrix.
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network analytic techniques. In particular, we consider the following topics: visual
representations of 2-mode data, clustering, centrality and structural similarity. Methods
for dealing with 2-mode data have been suggested by a number of authors. Freeman
(1980) and Doreian (1980) used Q-Analysis. Seidman (1981) proposed using hyper-
graphs. The idea we develop is based upon bipartite graphs and was first suggested by
Wilson (1982). See also Breiger (1974) and McPherson (1982) for relevant discussions
of 2-mode data.

2. Two or three views of 2-mode data in network analysis

Some 2-mode data sets are not seen as particularly relevant to network analysis. For
example, if we randomly sample 1500 Americans and ask their opinion on a 100 attitude
questions, we get a person-by-question 2-mode matrix that we do not normally regard as
a candidate for network analysis. However, we could in fact apply network methods to
the analysis of these data by deriving a dyadic variable from the data. For example, we
can compute correlations among all pairs of respondents across all 100 attitudes to get a
1500-by-1500 person-by-person matrix which records the degree to which each pair of
persons in the sample has similar attitudes. This 1-mode matrix can then be analyzed
like any other dyadic attribute. We could then use cohesive subgroup algorithms to find
groups of respondents with similar attitudes, or use centrality measures to identify
respondents whose views are more ‘middle-of-the-road’ and less ‘fringy’ than others.

In other cases, 2-mode data sets are collected or constructed explicitly as an
intermediary step toward the construction of a 1-mode network data set. For example,
one may record, as Davis et al. (1941) did, the guest lists of a series of social events
attended by society women. The data are arranged as a woman-by-event matrix X in
which x;; = 1 if the ith woman attended the jth event, and x;; = 0 otherwise. The data
matrix is shown in Fig. 1. Given matrix X, it is possible to construct the product of
matrix X and its transpose XX', whose ijth cell gives the number of events that both
woman / and woman j attended. This value is interpreted as an index of the strength of
social proximity of the two women.

11111

12345678901234
E1E2E3E4E5E6E7ES8ESELEIELELEL

1 EVELYN 11111101100000
2 LAURA 11101111000000
3 THERESA 0112111111060000
4 BRENDA 1 0111111000000
5 CHARLOTTE 0 0111010000000
6 FRANCES 00101101000000
7 ELEANOR 00001111000000
8 PEARL 0 0000101100000
9 RUTH 00001011100000
10 VERNE 00000011100100
11 MYRNA 00 000001110100
12 KATHERINE 00 000001110111
13 SYLVIA 00000011110111
14 NORA 000006110111111
15 HELEN 00000011011111
16 DOROTHY 0 0000001110100
17 OLIVIA 0 0000000101000
18 FLORA 000000001021000

Fig. 1. Davis, Gardner and Gardner data (DGG).
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What this index of social proximity means exactly is not always clear. In some cases
we would be willing to assume that strong proximity reflects a positive affective tie. In
other cases, we would recognize that certain pairs of highly proximate women might not
like each other at all (e.g., have a competitive relationship), but are still closely familiar
with and influenced by each other. In still other cases, we would recognize the
possibility that two women could co-attend a series of the same (large) events and not
ever have even met each other, in which case we might regard the large value of XX,
as an index of the potential for some kind of tie to develop between a pair. In all of these
cases, XX’ is regarded as representing the valued graph of a social network which could
not be measured directly and was instead constructed from an intermediate data set X.

In still other cases, 2-mode data sets may be collected with the explicit intention that
they will remain 2-mode data sets, but the spirit of the analysis is still relational in
character. That is, the data consist of relations between two equally important sets of
entities. For example, in a classic assignment problem, we may ask faculty to indicate
which courses they would like to teach, or ask fraternity members which rooms they
would like to occupy. The result is a matrix X in which x;; > 0 if person i chooses item
(e.g., room) jand x;; = 0 otherwise. Here, what is of primary interest is which person is
connected to which room or course, not how the persons are connected via the items,
nor how the items are connected via the persons. Yet the latter two issues are not
unimportant, and could still play an important part in the analysis.

In the first two cases there is no need to develop any new techniques to analyze
2-mode data, since the data are immediately converted to 1-mode data, for which the full
range of network analytic methods are available. In contrast, for the last case, we need
techniques that can work with the 2-mode data directly, without reducing it to 1-mode
data first.

3. Visual representations of 2-mode data

One technique that is specifically designed for the analysis of relations between two
modes is correspondence analysis. In simplified terms, correspondence analysis can be
seen as a method for representing both the rows and columns of a 2-mode matrix as
points in a metric space such that distances between the points are meaningful. Applied
to the Davis, Gardner and Gardner data, a correspondence analysis results in a map in
which (a) points representing the women are placed close together if the women
attended mostly the same events, (b) points representing the social events are placed
near each other if they were attended by mostly the same women, and (c) women-points
are placed near event-points if those women attended those events *. A correspondence
analysis map of the Davis, Gardner and Gardner data is given in Fig. 2.

3 Actually, correspondence analysis includes an adjustment for marginal effects with the result that women
are placed close to events to the extent that (a) those events were attended by few other women, and (b) those
women attended few other events.
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Fig. 2. Correspondence analysis of the Davis data. Note: some points are obscured by others.

Three problems should be noted with respect to correspondence analysis representa-
tions of these kind of data. First, because the data values in relational data sets have a
severely limited range (all zeros and ones), they are difficult to fit using a continuous
distance model of low dimensionality. This means that 2-dimensional maps will aimost
always be severely inaccurate and misleading. Second, correspondence analysis is
designed to model frequency data, such as might arise from a Poisson, multinomial or
product-multinomial sampling process. Yet the data values in the Davis, Gardner and
Gardner data set are very different — they are not frequencies that just happen to have a
restricted range. They are not, for example, the outcome of a set of Bernoulli processes
with one trial. Rather, they are an arbitrary numerical representation of a discrete binary
relation. Therefore, a modeled value of 0.7 (approximating 1.0) for any data cell may be
meaningless, and the distances on the map difficult to interpret. In fact, there is no way,
based on the 2-dimensional map, to determine which women attended what events,
which would seem like an elementary criterion for representation adequacy. Third, the
distances in correspondence analysis are not Euclidean, yet human users of the technique
find it very difficult to comprehend the maps in any other way.

An alternative approach begins by treating the data as a bipartite graph. A graph is
bipartite if the vertices may be partitioned in exactly two mutually exclusive sets such
that there are no ties wholly within either set — i.e., the endpoints of every tie come
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Fig. 3. Simple bipartite graph representation of the DGG dataset.

from different sets *. The advantage of the bipartite representation is that no data is lost:
we always know which women attended which events.

Fig. 3 shows the Davis, Gardner and Gardner data represented as a classic bipartite
graph. Armed with the knowledge that what is being represented is a mathematical
graph, we can remind ourselves that the information in the figure is contained solely in
the pattern of connections, not in the spatial positioning of the nodes or the length of
lines. However, the picture is so complex that it is difficult for the mind to get a sense
for the structure of the data.

A compromise approach is to combine the correspondence analysis and classical
graph representations so that nodes are positioned spatially according to the coordinates
from the correspondence analysis, but lines are drawn between women and events to
show membership linkages. The result of this is shown in Fig. 4. The advantage of this
approach is that the complexity of the figure is considerably reduced by the non-random
placement of nodes in the space.

While more successful than either approach alone, the combination still has faults.
For one thing, all the flaws of applying correspondence analysis to these kind of data are
still present. We are tempted to interpret the distances between points, but this would be
a mistake for the reasons mentioned earlier. Instead, we must interpret the figure as a
representation of the bipartite graph drawn in such a way as to improve the aesthetic
quality of the representation and consequently its readability. Yet the figure is clearly
not optimal with respect to this last criterion. This is to be expected given that

* In addition, in this paper, we assume that the graph is connected and undirected.
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Fig. 4. DGG bipartite graph with points located according to coordinates derived from correspondence
analysis.

correspondence analysis was not designed as an algorithm for drawing bipartite (or any
other) graphs. If the objective is to represent the data in such as way that the mind can
readily absorb its structure, then there are other methods which are better designed to
deliver that benefit.

A more direct approach is as follows. First, compute geodesic distances between all
pairs of nodes in the bipartite graph (see Fig. 5). Note that the geodesic distances among
women (and among events) cannot be less than two (nor odd-valued) because women
are not directly connected to other women (the same goes for events). Second, submit
this geodesic distance matrix to ordinary multidimensional scaling. Fig. 6 shows the
results of non-metric scaling, with ties between women and events superimposed. The
map is quite revealing, making it easy to draw rough conclusions at a glance. For
example, we can readily see that there are two groups of women and corresponding
events. Even more interesting, however, is that we can see that there are some central
women and events that are connected to both groups and serve to bring these groups
together.

Davis, Gardner and Gardner also give a description of the social structure of the
women. They identify two groups and within each group they have levels of participa-
tion. The first group consists of the women labelled 1 to 8 in Fig. 1. They identify a core
within this consisting of the first four women, namely, Evelyn, Laura, Theresa and
Brenda. The second group consists of the women 10 to 18; the core of this group is
Sylvia, Nora and Helen. They place Ruth in both groups but at the lowest level. The
map is in close agreement with this analysis.

A still more direct approach is to define what figure qualities contribute to aesthetic
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. Such definitions have already appeared in the network analytic

literature (Chung and Borgatti, 1994, Krackhardt et al., 1994). Perhaps the most obvious
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Fig. 5. Geodesic distances among nodes in the bipartite DGG graph.
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approval and human readability, and design an optimization algorithm to minimize an
appropriate cost

Fig. 6. Bipartite DGG data with nodes located by MDS of geodesic distances.
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Fig. 7. MINLEN drawing of DGG bipartite graph.

criteria for readability are a minimum number of crossed lines, the preservation of some
space around each node (that is, preventing nodes from being placed right on top of each
other), and the placement of nodes near each other that are adjacent (directly connected
by a tie). We have written a PASCAL program called MINCROSS based on a standard
(Fletcher-Powell) function minimization algorithm (Press et al., 1989). The procedure
tries to minimize a cost function containing terms for the number of crossed lines
(Davidson and Harel, 1989), the spatial proximity of vertices, and the sum of Euclidean
lengths of all lines. Unfortunately, calculating the number of crossed lines is expensive,
and the MINCROSS algorithm is unacceptably slow for graphs of more than 20 points.
However, we have found that if we eliminate the term for the number of crossed lines,
the routine runs quite rapidly and the picture quality deteriorates only marginally. This is
because minimizing the sum of lengths of all lines tends to reduce the number of crossed
lines anyway, and particularly reduces the number of crossed long lines, which are the
most visually disturbing. We call this new routine MINLEN °.

Applied to the bipartite Davis, Gardner and Gardner data, MINLEN yielded the map
in Fig. 7. The results are very similar to those of the MDS map in Fig. 6, but the groups
are more clearly distinguished.

Both the MINCROSS and MINLEN programs accept a set of starting coordinates for
each node as input. By starting the programs with nearly optimal initial coordinates, the
user can greatly reduce the processing time. This feature enables the programs to be
used to improve the visual output from correspondence analysis or MDS.

5 MINLEN and other programs discussed in this paper are available via the INTERNET from the worldwide
web site presently located at http: / / www .analytictech.com /download.htm.
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Fig. 8. Circles represent faculty, squares are courses. Arrows indicate which faculty chose which courses.
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Fig. 9. Film data courtesy of Candace Jones, Boston College. Squares are project team members, ellipses are
film projects.






