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MODELING MULTIVARIATE SEQUENTIAL DYADIC 
INTERACTIONS * 
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Northwestern University 

This study explores two methods for analyzing sociometric data measured on several relations 
observed at several points in time. The multirelational, sequential data may be represented in a 

four-dimensional actors X partners X relations X time points super-sociomatrix. One current means 

of analyzing such data would be the multivariate, sequential mode1 extensions of log-linear models 

for relational data. These methods are briefly reviewed in this paper. Because super-sociomatrices 

can be quite large, these methods are not always practical. In this paper, we seek alternative 

methods for analyzing such complicated data sets that may be more feasible. In particular, we 

explore two methods. The first method proposed as an alternative to analyzing such super-socio- 

matrices is an application of a four-mode eigenvector model. The second proposed alternative 

method is an analysis of variance applied to parameter estimates from simple log-linear network 

models. These methods are described in detail and then applied to two real data sets: the relations 

in a monastery (Sampson 1968) and the friendship ties among a set of college students (Newcomb 

1963). 

1. Introduction 

Dyadic interactions are the interdependent behaviors observed between 
an actor and a partner. Numerous relations may be observed between 
the members of a dyad (e.g. one person might “like”, “have respect 
for” or “criticize” another person; one corporation might receive 
payment from another; one nation might ask another for assistance in 
achieving some goal). One or more relations may also have been 
recorded at more than one point in time. In this paper, we are 
interested in simultaneously modeling dyadic interactions on multiple 
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relations at multiple times. We refer to these data as multirelational, 
sequential data. 

Dyadic interactions are of interest to researchers working in many 
substantive areas. For example, clinical psychologists may be interested 
in studying the dyadic interdependencies in marital interactions (Gott- 
man 1979; Margolin and Wampold 1981). A couple’s interactions 
might be coded on such relations as verbal content and non-verbal 
affective behaviors. Sequences of these behaviors might be analyzed for 
dynamic patterns such as autodependence (where previous behavior is 
predictive of future behavior) or dominance (where one partner’s 
behavior predicts the other partner’s behavior (Budescu 1984; Gottman 
and Ringland 1981; Wampold 1984)). Furthermore, the behavioral 
sequences might be useful in discriminating between distressed and 
non-distressed couples. 

Developmental psychologists might be interested in studying the 
sociometric friendship choices measured in a classroom of children. 
These sociometric data might be multivariate, as in the monastery data 
where each member was asked to nominate others on the basis of 
friendship, esteem and several other relations (Sampson 1968). These 
sociometric choices can also be obtained at several points in time. 
Children may be asked for friendship choices at several times 
throughout the school year. Data on the monks were obtained at 
several points in time immediately preceding and following philosophi- 
cal changes in the church. Network data were collected at several times 
in the Newcomb studies of college males in housing units (Newcomb 
1963) in order to observe the role of attitude similarity in attraction or 
friendship formation. 

Sociologists might study the transactions existing between a set of 
corporations and non-profit organizations (Galaskiewicz and Wasser- 
man 1987). For this example, the actors are corporations and the 
partners are non-profit organizations. The relational variable might be 
the amount donated by the corporation to the non-profit during some 
time interval, such as a year. These records exist for each year, and they 
could provide a sequence, or history, of the interactions between the 
businesses and the non-profit organizations. It might be expected that 
the past pattern of donations would be predictive of the future dona- 
tions. The data may be multivariate (e.g. records of the transfer of 
funds and transfer of information) and sequential (if the networks are 
observed for more than one time period). 
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Researchers working in these different areas are motivated by differ- 
ent questions, but can use a common approach in modeling their data. 
In the abstract, the multirelational and longitudinal nature of the 
corporate data are no different from those observed for married 
couples or sociometric patterns of friendship among children. The main 
concern of this paper is not the substantive understanding of any 
particular application area. Rather, the main concern is how to model 
such data. 

Section 2 contains a brief review of the data, some of the usual 
concerns in summarizing these data, and a description of one of the 
log-linear modeling approaches designed for this type of data. In the 
subsequent two sections are described two proposed approaches to the 
modeling of these complex (multivariate and sequential) network data. 
These approaches are then applied to the real data sets of Sampson and 
Newcomb. 

2. Structure of the data 

Dyadic interactions are often represented in a sociomatrix, where a 
typical element xii depicts a relation originating with actor i, and 

Time 

RIXJT = 1x111 l&l .” [&,I ... 1x1,1 
1x211 IX*21 ',' [X*t] . [&I 

Relations [%,I [X,21 ... [&,I ‘.’ 

where each [X,,] is an I by J sociomatrix, for relation r, time t. For example: 

Partners 

1 2 3 4 ..I J 

Actors 1 x12 X13 x14 XI/ 
2 x21 

_ 
-x23 x24 %J 

3 x31 x32 x34 x3J 

4 x41 x42 x42 x4J 

i XII XI2 Xl3 Xl4 

Elements x,, in [X,,] denote relation r at time t originating with actor i in the direction of 
partner j. 

Fig. 1. Representation of super-sociomatrix. 
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going to partner j. There would exist an actors x partners sociomatrix 
for each relational variable observed at each time point. For example, if 
a group of children were asked for friendship nominations at the 
beginning and end of the school year, there would be two socio- 
matrices, both representing the relation of “liking”. 

Sequential social interaction data on multiple relations, then, can be 
represented by an R x T matrix of I X J sociomatrices, where I 
represents the number of actors, J represents the number of partners, 
R represents the number of relational variables and T represents the 
number of time points. A diagrammatic representation of this super-so- 
ciomatrix is given in Figure 1. A typical cell entry in this matrix is x,,,.~ 
for the interaction in the dyad consisting of persons i and j on relation 
r at time t. 

3. Usual concerns in data summary 

Some researchers have focused on the analysis of multivariate dyadic 
interactions (Fienberg et al. 1985; Kenny 1981; Mendoza and Graziano 
1982) and others have focused on the analysis of sequential data 
(Budescu 1984; Gardner and Hartmann 1984; Gottman and Ringland 
1981; Wampold 1984). We will develop models for the general data 
matrix (R relations and T time points) which are easily applied to the 
special case of R relations and 1 time point (multivariate but not 
longitudinal), or 1 relation and T time points (one sequential relational 
variable). 

In the simplest case, where there is one relation and one time point 
(i.e. R = T = l), researchers might be interested in estimating effects 
for the expansiveness of actors (e.g. in friendship choices made), the 
popularity of partners (e.g. in friendship choices received) and the 
reciprocity unique to the particular dyadic relationship (e.g. mutual 
friendship choices). The following section briefly reviews the log-linear 
method for analyzing network data of Holland and Leinhardt (1981) 
and Fienberg and Wasserman (1981). These models allow estimation of 
effects for actors, partners and reciprocity. Extensions of this approach 
can also address the issues in more complicated networks, where data 
are multivariate, and the researchers wants to estimate levels of associa- 
tion between relations, and/or the data are sequential, and the re- 
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searcher wants to estimate predictive effects such as dominance or 
autodependence. 

4. Statistical analysis of relational data 

The theory and statistical details for the methods that will be described 
in this section have been presented in many sources (Fienberg and 
Wasserman 1981; Fienberg et al. 1985; Holland and Leinhardt 1981; 
Iacobucci and Wasserman 1987, 1988; Wasserman 1987; Wasserman 
and Galaskiewicz 1984; Wasserman and Weaver 1985; Wasserman and 
Iacobucci 1986, 1988). Accordingly, the present discussion will be brief. 

For a single relational variable, the dyad consisting of actors i and j 
is described by the values (x,, = k, x,, = m), where k denotes the 
discrete rate at which actor i relates to partner j, and m denotes the 
rate at which partner j relates to actor i (k, m E (1, 2,. . . , C}) 
(Wasserman and Iacobucci 1986). 

Fienberg and Wasserman (1981) showed how log-linear models may 
be fit to a “Y-array”, which is defined as follows: 

Y r,k,,, = 1 if ( xij = k, x,, = m) 

= 0 otherwise. (I) 

For I = J = g actors and partners, and a single relation, the Y-array is 
gxgxcxc. 

A simple log-linear model for these relational data follows: 

In q YiJkrn = l} = A,, + 0, + e?l + a;(k) + cyJ(m, + P,(k) + P,(m) + P(km). 

(2) 

The lambda parameters ensure that the probabilities sum to one for 
each dyad. The thetas reflect the grand mean level of frequency of the 
relations. Of most interest in this model are the three sets of parame- 
ters: alpha, beta and rho. The alphas represent effects for the expan- 
siveness of actors, the betas represent effects for the popularity of 
partners, and rho represents an effect for the interaction or relationship 
within the dyads. 
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The parameters in this model (the alphas, betas, rhos, etc.) are effects 
in the data. A model that is proposed to describe the data can contain 
any subset of these parameters. The parameters of interest may be 
estimated by specifying the marginal totals of Y that must be fit in a 
log-linear model. Maximum likelihood estimates for this entire set of 
parameters may be obtained by fitting the following log-linear model to 
the Y-array: [12] [13] [24] [14] [23] [34], where each set of numbers 
within brackets represents fitting a model with terms corresponding to 
the highest-order interaction among the given margins, as well as all 
lower-order effects (Fienberg 1980). For example, [34] denotes fitting 
margins corresponding to the grand mean, main effects for the varia- 
bles associated with the third and fourth margins ([3], corresponding to 
k and [4], corresponding to m), and their interaction ([34]). Parameter 
estimation is discussed in more detail in other papers (Fienberg and 
Wasserman 1981; Fienberg et al. 1985; Wasserman and Iacobucci 
1986; Wasserman and Weaver 1985). 

The Y-arrays and the models and parameters may be generalized to 
multivariate and sequential data. For an example of a multivariate 
network, imagine a group of actors and partners consisting of children 
in a classroom that have been measured on three relational variables 
(e.g. toys offered, aggressive acts, vocalizations). The data on the pair 
of children (i, j) could be denoted x,,(,~~~) = k(toys), xli(toysJ = m(toys), 

x,;(aE& = Qaggr), x,,(~~~) = m(aggr), i,,(,ocarj = Qvocal), and Xjr(vocar) = 
m(voca1). 

In words, child i gives toys to child j at level k(toys) and receives 
toys from his or her partner at level m(toys). Child i acts aggressively 
against child j at rate k(aggr) and is acted aggressively against by that 
child at rate m(aggr). Finally, child i vocalizes at level k(voca1) to 
child j, and child j vocalizes to child i at level m(voca1). 

The Y-array would be defined: 

Y r~k(toys).m(toys).k(a~~r).m(aggr).k(vocal),~(vocal) 

= 1 if the data for dyad (i, j) are: 

(k(toys), m(toys)) on relation 1, 

( k (aggr) , m (aggr)) on relation 2, 

and ( k (vocal), m (vocal)) on relation 3 

= 0 otherwise. (3) 
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The Y-array for this example is g X g X Ci X C, X C, X C, X C, X C,, 
where g is the number of children, C, is the number of levels recorded 
for the toy offerings (e.g. C, = 3 may represent codes of “none”, “few” 
and “many” toys offered), C, is the number of levels of aggressive acts, 
and C, is the number of levels of vocalizations recorded. 

As an example of sequential network data, imagine data observed on 
the same children for toys offered at times 1 and 2. This Y-array would 
be six-dimensional; g x g x Ci X C, x C, X C,, where g again is the 
number of children, C, is the number of levels recorded for toy 
offerings made at time 1, and C, is the number of levels recorded for 
toy offerings made at time 2 (which may be equal to C,). 

The notation can now be extended to include both multivariate and 
sequential data. As an example, imagine the children observed for 
sequences of two time units measured on the three variables (toys 
offered, aggressive acts, and vocalizations). There would be six socio- 
matrices: X1i, Xi, (for toys offered at times 1 and 2 (or times t and 

j + 1)) X21, X,, (for aggressive acts at times 1 and 2), and X3*, X,, 
(for vocalizations at times 1 and 2). 

The behavior of the dyad (i, j) would be denoted (k(toys, timel), 
m(toys, timel)), or (k( Y = 1, t = l), m( Y = 1, t = l)), for “short”, where 
the r and t stand for the relational variable and the time point. The 
rest of the data would be denoted (k( r = 1, t = 2), m (r = 1, t = 2)), for 
toys offered at time 2, (k( r = 2, t = I), m( r = 2, t = 1)) and (k( r = 2, 
t = 2), m( r = 2, t = 2)), for aggressive acts at times 1 and 2, and 
(k(r=3, t=l), m(r=3, t=l)) and(k(r=3, t=2), m(r=3, t=2)) 
for vocalizations at times 1 and 2. With C,, C, and C, levels of the 
three relational variables (recorded with the same number of codes at 
each time point, for convenience), the size of the Y-array is g x g X (C, 

x C,> x (C, x C,) x (C, x C,) x (C, x C,) x (C, x C,) x (C, x C,) 
where g is the number of actors and partners. 

In addition to extending the Y-array in (1) to multivariate and/or 
sequential networks, the log-linear modeling approach can also be 
extended in another direction. Frequently researchers are not interested 
in the behavior of particular individuals or dyads, but in the general 
behavior of subgroups of individuals. For example, clinical psycholo- 
gists might be interested in comparing the relations that exist within 
distressed couples to those observed for non-distressed couples. Devel- 
opmental psychologists might be interested in comparing the social 
behavior of boys and girls, or older and younger children. Sociologists 
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and economists might be interested in comparing the donations made 
by small corporations to those made by larger corporations. 

Subgroups can be formed using a priori, substantive theoretical 
grounds, such as the previous examples of the attributes: distress, sex, 
age and size of corporation. Alternatively, these subgroups could be 
derived by post hoc methods of blocking individuals (cf. Boorman and 
White 1976; Breiger et al. 1975; Lorrain and White 1971; Noma and 
Smith 1985; Wasserman and Anderson 1987; Wasserman and Weaver 
1985; White et al. 1976). In the log-linear modeling, the Y-array is 
aggregated over individuals within identical subgroups to form a II’- 
array. This aggregation is possible because the individuals within 
subgroups are assumed to behave similarly; parameters for individuals 
within subgroups are equated by this aggregation. 

Models fit to the Y-array would reflect the behavior of individuals, 
and models fit to the IV-array would reflect the behavior of the 
subgroups. For example, Table 1 lists the 14 one-way margins and 
subscripts of a W-array for a network measured on 3 relations at 2 
times (R = 3, T = 2). The models fit to the W-array can contain any 
hierarchical subset of parameters, or effects. Statistical testing of any 
parameter is standard in hierarchical log-linear modeling and requires 
comparing the fit statistic of a model that contains the effect to the fit 
statistic of a model that does not contain the effect. 

The “main effect” parameters correspond to one-way margins, and 
these effects may be combined to estimate many types of interactions. 
For the 14-dimensional example W-array, there are 14 main effects, 91 
two-factor interactions, 364 three-factor interactions, etc. It is not 
feasible to test every combination of effects, so log-linear model-fitting 
strategies (as described in Fienberg 1980) are necessary to locate 
significant parameters and to identify models that fit. 

For example, the multivariate aspects of the data may be reflected in 
simple two-factor interactions, or associations. For example, if relations 
1 and 2 are associated at time 2, the parameter corresponding to the 
margin [59] (which equals [6,10], due to the symmetry in the Y- and 
W-arrays) should be statistically significant. Three-way or higher-order 
associations would be reflected by three-way or higher-way interaction 
parameters (e.g. [3,7,11]). 

Autodependence for the first relation would be the interaction 
between an actor’s behavior at time 1 (margin [3]) with the actor’s 
behavior at time 2 (margin [5]) or margin [35]. (Again by symmetry, 
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Table 1 

Margins, subscripts and corresponding effects for a W-array with 3 relations, and 2 time points 

One-dimensional 

Margin Subscript Effect 

PI 
PI 
[31 

[41 

[51 

[61 

[71 

PI 

191 k(r= 2, t = 2) 

[lOI 

[ill 

VI 

[I31 

u41 

s, 

Y&=1. t=l) 

m(r=l, t=l) 

k(r=l, t=2) 

m(r=l, t = 2) 

k(r=2, t=l) 

m(r= 2, t =l) 

m(r= 2, t = 2) 

k(r=3, t=l) 

m(r= 3, t =l) 

k(r = 3, t = 2) 

m(r = 3, t = 2) 

Actor subgroup 

Partner subgroup 

Actor (subgroup s,) 
behavior on relation 1 at time 1 

Partner (subgroup s,) 

behavior on relation 1 at time 1 

Actor (subgroup s,) 

behavior on relation 1 at time 2 

Partner (subgroup s,) 

behavior on relation 1 at time 2 

Actor (subgroup s,) 

behavior on relation 2 at time 1 

Partner (subgroup s,) 

behavior on relation 2 at time 1 

Actor (subgroup s,) 

behavior on relation 2 at time 2 

Partner (subgroup s,) 

behavior on relation 2 at time 2 

Actor (subgroup s,) 

behavior on relation 3 at time 1 

Partner (subgroup 3,) 

behavior on relation 3 at time 1 

Actor (subgroup s,) 

behavior on relation 3 at time 2 

Partner (subgroup s,) 
behavior on relation 3 at time 2 

[35] = [46], so both margins would be fitted.) the autodependence 
effects for the second and third relational variable would be estimated 
by fitting the margins [79] = [8,10] and [11,13] = [12,14]. 

There may be effects that cross over relations and time. For example, 
there might be an effect of dominance for which an actor’s behavior at 
time 1 on relation 1 (margin [3]) is predictive of his or her partner’s 
behavior at time 2 on relation 2 (margin [lo]). This effect would be 
estimated by the parameter corresponding to the two-way margin 
[3,10] = [4,9]. 

Y-arrays or W-arrays can be constructed for any number of actors, 
partners, subgroups, relational variables and points in time. Further- 
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more, the formulation is general enough that any such array may be 
modeled (via log-linear analyses) to study a wide variety of effects. 
Despite the flexibility of this approach, there are practical limitations. 
The simultaneous modeling of several relations and several time points 
may necessitate the creation of an array that is too large to analyze, or 
the estimation of too many parameters may require the inversion of 
huge matrices, limiting the modeling due to the currently available 
computer facilities. For example, in the 16dimensional example given, 
if all the relational variables were coded with only three levels, the 
Y-array would be g X g X 3 12, which would result in a table with over 
one-half million cells. 

These practical limitations require that the researcher aspire to only 
models with few terms or simpler parameter structures. That is, the 
data might need to be recoded to have fewer levels, or some subgroups 
might need to be aggregated to have fewer clusters, or the researcher 
might have to model fewer relations and fewer time points. In the 
following two sections are presented methods proposed as alternatives, 
or complements, to these log-linear models for complex network data. 

4.1. Application of eigensolutions to super-sociomatrices 

In the mid-1960s Tucker extended standard models for principal 
components analysis and factor analysis to complex data sets (Tucker 
1963, 1964, 1966). In “standard” data sets, to which a researcher might 
apply “standard” components or factor analysis, the data matrix would 
be a “two-mode” matrix. That is, the rows of the data matrix depict 
something different from the columns. For example, a groups of S 
subjects might be measured on a series of T tests. The data matrix 
would be subjects x tests, and the standard application of principal 
components analysis or factors analysis would be to correlate over 
subjects and derive components or factors on the tests mode. 

A three-mode data matrix would result if we measured those S 
subjects on the T tests at each of 0 occasions. The data matrix could 
be depicted as a three-dimensional array, where rows represent sub- 
jects, columns are tests, and layers are occasions. With these data, the 
researcher might again be interested in the components or factor 
structure of the tests. In addition, the three-mode extension of principal 
components or factor analysis allows the researchers also to study the 
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structure of the testing occasions as well as the subjects. That is, each 
mode of the data matrix may be studied in the same detail as the test 
mode in the application of the standard models. 

In the 1963, 1964 and 1966 papers, Tucker introduced a three-mode 
principal components model, in which a researcher obtains principal 
components for all three modes of a data matrix (such as subjects, tests 
and testing occasions), as well as a matrix that describes the interac- 
tions among these components. Tucker also proposed a three-mode 
version of a true common-factor model, where estimates of communali- 
ties are obtained (Tucker 1966). 

The three-mode model is slightly more complicated in execution 
than standard principal components analysis or factor analysis, but is 
not more complicated in theory. If S subjects complete a battery of T 
tests on each of 0 testing occasions, a three-mode factor analysis 
would describe a set of common factors for subjects, a second set of 
factors for tests, and a third set of factors for occasions. In standard 
principal components analysis, the analysis begins by deriving a corre- 
lation matrix (or a sums of squares and cross products matrix), where 
the correlations are computed between tests over subjects. In three-mode 
principal components analysis, the modeling begins by deriving three 
correlation (or sums of squares and cross products) matrices. In the 
first, the correlations are computed between tests over subjects and 
over occasions. In the second, the correlations are computed between 
occasions over subjects and tests, and the final matrix is computed 
between subjects over tests and occasions. An eigenvalue and eigenvec- 
tor decomposition is obtained for each of the three matrices, and the 
principal components are simply the eigenvectors resealed by the 
square root of the corresponding eigenvalues. 

These methods can be extended further, if a data set has more than 
three modes. In general, this family of methods is referred to as 
“multi-mode” models. Multi-mode models, and special cases of these 
models, have been of great interest to many researchers (e.g. Carroll 
and Chang 1970; Carroll and Wish 1974; Kroonenberg 1983; Law et 

ul. 1984). In particular, the multi-mode components model has been 
extended to four (Lastovicka 1981) and more modes (Kapteyn et a/. 
1986; Law et al. 1984). Researchers have also studied procedures for 
the estimation of the model parameters (Bentler and Lee 1978, 1979; 
Kroonenberg 1983; Kroonenberg and de Leeuw 1980; Sands and 
Young 1980). 
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In the application to super-sociomatrices, the four modes are: actors, 
partners, relational variables, and time points. Eigenvectors would be 
derived for each of these modes. Vectors on the actors’ and partners’ 
modes might help determine empirical clusters of individuals, and may 
perhaps correspond to blockmodels that would result from algorithms 
such as CONCOR, which Schwartz (1977) demonstrated for the stan- 
dard two-way sociomatrix. Vectors on the relations and time modes 
might describe the associations between relations and between time 
points. 

The four-mode eigensolution may be introduced in the same way as 
many stochastic models are presented; the data are a function of a 
structural model and some random fluctuation: 

X !/i-l = 
2 r/t-r + E,pt- (4) 

The subscripts represent the following: actors, i = 1, 2,. . . , I; partners. 
j=l, 2 
t=l, 2’“” 

J; relational variables, Y = 1, 2,. . . , R; and time points, 

>“., T. The remaining discussion focuses on the precise form of 
the structural part of the model, Z,,,.‘, because the distribution of the 
E r,rf’~ is unknown. 

The four-mode model, in summation notation follows. 

This notation requires explanation. The eigenvectors of the correlation 
matrix for the actors’ mode are placed as columns into the matrix A. 
This matrix will have I rows, one for each actor, and qi columns, one 
for each eigenvector retained in the analysis. That is, there will be I 
eigenvectors, and a scree plot of the I eigenvalues will suggest an 
exploratory number of vectors with which to begin modeling the actors’ 
mode. The number of vectors corresponding to the relatively largest 
eigenvalues is denoted q,. We might have chosen notation such as r,, as 
a mnemonic for the “rank” of the actors’ mode correlation matrix, but 
we are already using r to represent relations. We use “q” in general, in 
all four modes of the super-sociomatrix, to denote the number of 
vectors retained in the modeling. The subscript on the q refers to which 
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of the four modes the derived eigenvectors pertain. Thus, if we retain 
two eigenvectors from the actors’ mode, two from the partners’ mode, 
three from the relations’ mode and one from the time mode, the 
notation would be: qi = 2, qi = 2, q, = 3 and q, = 1. 

The qj eigenvectors were retained from the eigensolution of the 
partners’ correlation matrix. The vectors are placed into the columns of 
a matrix B. The order of the matrix is J x q,. Similarly, the eigenvec- 
tors derived from the relations and time modes become columns of the 
matrices C and D, respectively, where these matrices are of the orders 
R x q, and TX qt. The parameters { a, b, c and d } are elements of 
these column-wise orthogonal eigenvector matrices: 

(6) 

(where ,M, denotes a matrix M with r rows and c columns). These 
loadings matrices correspond to vectors for actors (A), partners (B), 
relational variables (C) and time points (D). 

Thus, for example, LZ,~, refers to the ith actor’s loading on the f,th 
eigenvector in the actor’s mode. The fs are simple indices that range 
from 1 to the number of vectors in the matrix. That is, L., f,, f,, and f, 
range from 1 to qi, q,, q,, and qr, respectively. The ‘f ’ is meant as a 
mnemonic representing which “factor” or column in the eigenvector 
matrix is being referenced. The subscripts on the fs, like those for the 
qs, refer to which mode the vectors belong. To continue with the 
example of u,~, this element represents the eigenvector coordinate of 
the ith actor (i=l, 2,..., I) on the f,th vector (f, = 1, 2 ,..., q,). 

Together, these eigenvectors of the four modes can hopefully reduce 
the information contained in the I X J X R X T super-sociomatrix into 
pieces that are smaller and simpler to understand, while still repre- 
senting the structural characteristics in the data. When we have derived 
q, vectors that describe the behavior of “typical” (or “ideal” types, or 
factors of actors), we have first reduced the size of the modeling 
problem. We have gone from I actors to q, types of actors, where an 
understanding of those q, types is sufficient to an understanding of the 
I actual actors. Furthermore, we have not lost the original information 
on the I individual actors, since we have the loadings matrix, which can 
help us study how the I individuals may be defined as combinations of 
those qi types. 
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One option in the modeling of multimode data is to allow an 
“extended mode”, or a mode for which vectors are not derived 
(Kroonenberg 1983; Kroonenberg and deLeeuw 1980; Tucker 1972). 
For example, if the number of time points, T, is small, or if the vectors 
derived for that mode are nonsensical, given the ordered nature of time, 
this mode might be better modeled as extended to the full T time 
points, rather than as the subset of qt time vectors. To complete this 
example, the four-mode model with an extended mode for time points 
follows: 

This would be equivalent to the full four-mode model where the 
eigenvector matrix TDT is equal to a TX T identity matrix. 

In addition to each of these four eigenvector matrices, the four-mode 
principal components model includes the g parameters. These are 
elements in the “core” matrix, R,GJT, which is interpretable analo- 
gously to a standard factor pattern matrix, and contains the informa- 
tion on how the vectors derived for these four modes are related. The 
following discussion focuses on how these all of these model parame- 
ters are estimated. 

The super-sociomatrix R,XJT may be rearranged in each of four 

ways: 1x,,? J IRT? R ’ ‘MT, and TXIJR- For example, see Figure 2 for a 
diagrammatic representation of ,X,,.. Rearranging the sociomatrix 
enables the computation of the four relevant sums of squares and cross 
product (SSCP) matrices. For example, when ,XJRT is multiplied by its 
transpose ( ,XJRT * ,X;,, = I X,,, * JRTX, = I X,,X,), the result is an 
1 x I sums of squares and cross products matrix (SSCPI) that is 
descriptive of the actors, aggregating over all remaining modes. An 
eigensolution may be obtained for the SSCP matrices on each of the 
four modes. The eigensolution follows, where LI denotes a diagonal 
matrix containing the eigenvalues of (SSCPI), and LJ, LR and LT 
contain the eigenvalues for the partners’, relations’ and time points’ 
modes, respectively. The columns of ,Aq, are the eigenvectors for the 
actor’s mode, and the columns of JBq,, RCqr and TDqt are the eigenvec- 
tors of the partners’, relations’ and time points’ modes, respectively. 
The eigensolution only approximate the entries in the SSCP matrices if 
the eigenvectors retained are fewer than the number that correspond to 
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I;f:.;_L::: r;YT :.. :L;;2.T::: r;P..* 

- 

IX~RT JRTXI 

i = 1, 2,. , I actors 

j=l,2 , , J partners 
r = 1, 2,. , R relation variables 

t=1, 2,..., T time points 

Fig. 2. Deriving ,(SSCPI), =,X,,, x, 

non-zero eigenvalues: 

,XJR.X, =,(SSCPI), = Jq,W,‘% 

,X,,,X, =,(SSCPJ)_t = J4$-J),,4 

R~I_IT~R = R (SSCPR) R = R c,,.( LR > q, cR 

r11 

1Rl 
2Rl 

TRl 

1lJ 
215 

TlJ 

1RJ 
2RJ 

TRJ 

TX,JRXT=T(sscpT)T= rD,(L%& (8) 

Some of the work relevant to the computation of eigensolutions from 
an SSCP matrix of these super-sociomatrices would include: Schwartz’s 
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derivation of principal components on the actors and partners modes 
(1977); and others’ applications of the common factor model to a 
sociomatrix (MacRae 1960) and binary data (Christofferson 1975; 
Muthen 1978). If the data are binary, the entries in the SSCP matrices 
would be frequencies. If the data are discrete in general with more than 
two levels, the entries in the SSCP matrices would be weighted frequen- 
cies. Correspondence analysis has become quite popular recently 
(Greenacre 1984; Nishisato 1980; Van Der Heijden and De Leeuw 
1985; Wasserman and Faust 1988; Wasserman et al. 1987), and these 
methods may be described as eigensolutions of centered and/or scaled 
frequency matrices. Accordingly, it might be informative in the present 
application to use an eigensolution on discrete data. 

It has been shown that the super-sociomatrix may be rearranged in 
each of four ways, 
each mode and the 
analysis, X, A, B, C 
solved for: 

which enables computation of SSCP matrices for 
corresponding eigensolutions. At this point in the 
and D are known, and the core matrix, G, may be 

y,q,qiGq, = ((& @‘4, Al) ‘~S,,)R,,~~*~~’ 

where @ denotes the Kronecker product. 
As in the two-way eigenanalysis case, this eigenvector-based solution 

is equivalent to the solution that satisfies a least-squares criterion, as 
long as all eigenvectors that correspond to non-zero eigenvalues are 
incorporated as columns of the loadings matrices (Kroonenberg 1983; 
Tucker 1966). However, it is frequently the case that a complete 
decomposition (i.e. the use of the eigenvectors associated with all 
non-zero eigenvalues) is undesirable, given the usual concern for 
parsimony. Furthermore, in real data, the observated latter eigenvalues 
may not be precisely zero, so the rank of the matrices may be unclear. 
Finally, some data matrices may have one or more very large modes 
(e.g. a large number of subjects), which may cause computational 
difficulty in obtaining a full eigensolution, so modifications of the 
solution have been used (Tucker 1966). If, for any of these reasons 
fewer components are retained than would be suggested by the non-zero 
eigenvalues, the eigensolution does not result in a least-squares solu- 
tion. However, Kroonenberg developed an alternating least-squares 
algorithm to find a solution to the three-mode problem (Kroonenberg 
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1983; Kroonenberg and deLeeuw 1980) and its extension to four 
modes is straightforward (see Iacobucci 1987a). 

The eigenvectors may be transformed by a rotation to ease interpre- 
tation without changing the overall fit of the model. The transformed 
solution follows: 

Pq; =,Aq,Tq, =“lBq Tq i i RCgT = R CJq, TD: = T Dq,Tqr ) 

where the T matrices are non-singular transformations, or rotation 
matrices. 

The data (X) may be represented by these transformed matrices, 
without a change in fit, as long as the inverse transformations are 
applied to the core matrix: 

(12) 

Even though the rotations are possible, they might not be desirable. 
The standard rotation criterion is simple structure (cf. Harman 1967), 
and this may not be appropriate for all modes. For example, one does 
not usually find simple structure in modes representing individuals 
(actors and partners). Loosely speaking, simple structure would require 
that each actor was represented by only one factor, but the classifica- 
tion of subjects is often more probabilistic or complex than discrete 
group membership. Nevertheless, blockmodels are discrete and make 
these simple structure types of assumptions, so rotation on these modes 
might provide blockmodels that are easier to understand. 

The rotation of the eigenvectors for the relational variables would be 
most closely analogous to the usual rotation of factors derived for the 
variables’ mode in standard, two-mode factor analysis. Deriving groups 
or factors of similar relations has been referred to as the equivalence of 
relations (Burt 1980; Wasserman and Anderson 1987), and is the 
counterpart of blockmodeling individuals. In the relations or time 
modes, the term equivalence could also be used to refer to redundan- 
cies in the data among the variables recorded. 
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Component scores (or vector scores) may be computed once the 
loadings matrices have been estimated (using either the eigensolution 
procedure or the alternating least-squares approach). These scores may 
be of interest in themselves, or they may be used for data reduction, 
enabling the researcher to fit log-linear models to the smaller resulting 
table. There are many ways to derive component scores in multi-mode 
data. For example, component scores on the f,th vector of the actors 
mode for the jth partner, the rth relational variable, and at the t th 
time point would be computed as follows: 

The component scores for the other three modes are easily derived by 
permuting subscripts (for remaining component scores, see Iacobucci 
1987a) 

Component scores may also be derived for more than one mode. The 
score on the f,th actor component and on the f,th partner component 
of relation r at time t follows: 

Notice there would be 4 x 3/2 = 6 sets of these component scores. 
Finally, component scores may be derived on three components for a 
particular level of the fourth mode. For example, the score of the tth 
time point on the f,th component for actors, 6th component for 
partners and f&h component for relations is computed as follows: 

Although all of these types of component scores may be computed, it 
might be the case that only a few sets of scores would be interesting in 
any given data set. At the very least, the four sets of eigenvectors 
should prove informative, and the four-mode eigensolution should be 
capable of handling large data sets. 

The four-mode eigensolution is an exploratory method, in contrast 
to the log-linear models discussed previously, which have the advantage 
of extensive supporting statistical theory. However, the eigenanalysis 
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has the advantage that it is a practical, feasible alternative when 
confronted with large data sets: large I, J, R and/or T. Principal 
components analysis and factor analysis have a strong established 
history, so it is not as if the methods themselves are in developing 
stages or of debatable utility. Rather, many researchers would agree 
that these methods are quite useful in detecting simpler structures 
contained in the data matrices. The presentation in this paper is meant 
as a suggestion that these methods might also be quite useful when 
applied to network data, especially when the network data sets are 
large and complex. We will soon demonstrate the application of the 
four-mode model to the data of Sampson and Newcomb. 

4.2. Application of analysis of variance 

In neither this nor in the previous section are we necessarily advocating 
one of the methods (eigensolutions or analysis of variance) over the 
other. Rather, we are testing them and trying to find methods that can 
inform us about network structure and that are practical to implement 
when confronted with large data sets. Accordingly, in this section, 
another approach will be described as an alternative to the simulta- 
neous modeling of several relations and time points. In this approach, a 
simple log-linear model would be fit to each sociomatrix separately for 
each relational variable at each point in time. That is, a simple 
log-linear model (such as model (2) that includes parameters for actors, 
partners and reciprocation effects) would be fit to the W-array associ- 
ated with each of the separate sociomatrices: Xrr, XII,. . . , Xl=,. . . , XR,, 
X R?_,.-., X,,. This is much simpler than fitting models to large Y-arrays 
that try to simultaneously incorporate data from multiple relations and 
multiple time points (such as the Y-array defined in equation (3), or the 
margins listed in Table 1). Fitting model (2) to each of the socio- 
matrices separately would result in R * T sets of three types of parame- 
ter estimates; estimates for actor effects (alphas), partner effects (betas) 
and the mutual relationship effect (rhos). 

The number of unique parameters estimated for alphas, betas and 
rhos are equal to (S, - l)( C - l), (S, - l)( C - 1) and (l/2)( C( C - 1)). 
For example, if the number of subgroups for the actors and partners is 
two (i.e. S, = Sj = 2), and the sociomatrices were recorded as binary 
data, then the number of unique alpha parameters is (2 - 1)(2 - 1) = 1; 
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the number of unique beta parameters is (2 - 1)(2 - 1) = 1; and the 
number of unique rho parameters is (l/2)(2(2 - 1)) = 1. 

Analyzing each sociomatrix separately will not in and of itself result 
in any statement about the multivariate, sequential aspects of these 
data. There would be an alpha, beta and rho for each relation and each 
time point. Since no relations or times were analyzed jointly at the first 
stage of the modeling, there would as yet be no information on the 
associations between the relations and times. However, these associa- 
tions might be derived from further statistical analyses. A simple, 
standard statistical method that could serve as a starting point is an 
analysis of variance. In this framework, a parameter estimate that has 
resulted from fitting the log-linear models would serve as a dependent 
variable. The explanatory factors in this analysis of variance would be 
“ relation”, with levels 1, 2,. . . , R and “time”, with levels 1, 2,. . , T. 
The secondary analysis would integrate and investigate the multivariate 
and sequential nature of the data. 

Thus, the factorial structure of the super-sociomatrix might be 
decomposed in the analysis of variance tradition. If each of the R * T 
sociomatrices has an alpha, beta and rho, we might treat the relations 
as a factor and the time points as another factor, in order to study 
“main effects” of relations and of times, and their “interaction”. 

Given the factorial representation described here and depicted in 
Figure 1, an analysis of variance type of model may seem quite 
suitable. However, even though this paper has been setting up the 
problem in such a way as to make the application of analysis of 
variance seem quite straightforward and appropriate, we do not think 
that its application is simply obvious. First, the multimode eigensolu- 
tion is also well suited for fully crossed factorial designs in data, so 
neither method should be perceived as more or less appropriate at this 
stage in the exploration. Second, we do not know of previous published 
work on the application of analysis of variance to parameters describ- 
ing factorially varied networks. Third, much of network and relational 
analysis is observational and naturalistic-the experimental paradigm is 
less prevalent. Data such as Sampson’s were not, of course, experimen- 
tal, but nevertheless the different relations and time points provide a 
factorial structure to which the application of analysis of variance 
might prove fruitful. Fourth, even given the theoretically simple idea of 
applying the ANOVA model to the log-linear parameters, the practical 
application is somewhat difficult, since there are many possibilities in 



D. Iacobum / Multivariate sequential &adic interactions 335 

the actual implementation. Some of these issues are raised as we 

describe the method in more detail. 
An analysis of variance is usually applied to “raw” data, but here it 

would be applied to parameter estimates. The parameter estimates are 
independent observations, but it is not so obvious that they would be 
normally distributed with a common variance. Nevertheless, analysis of 
variance has the advantage that it is familiar to many researchers, it is 
robust to violations of most of its assumptions, and it would be 
interesting to see how well it performs in this framework. Furthermore, 
other tools in analysis of variance might also be applicable here. For 
example, should there be significant main effects for relation or time, 
or an interaction, follow-up contrasts or planned comparisons may 
provide additional information. 

These contrasts would enable a researcher to locate truly statistically 
equivalent relations-namely those that are not significantly different. 
Contrasts would also allow studying time trends, such as linear trends 
in friendship development, or periodic effects in corporate donations. 
In addition, the relation by time interaction may be useful in discover- 
ing associations that cross relations and time, such as dominance. 

Finally, contrasts may prove useful in determining the appropriate 
number of subgroups, or the appropriate number of levels by which the 
relational behaviors are coded. For example, if there is no statistical 
difference between two subgroups, perhaps these classes should be 
combined and the modeling started over. That is, perhaps too many 
subgroups were hypothesized (or too many eigenvectors retained), and 
the two indistinguishable subgroups should be combined. Effects that 
are similar, in the sense of not being statistically different, might be 
indicative of the equivalence of actors, or of relations. 

In general, there would be several ways to formulate the applications 
of analysis of variance. When the network data are binary and there are 
only two subgroups, it has already been noted that there would only be 
three unique parameters: one alpha, beta and rho. For this situation, 
treating a parameter estimate, such as alpha, as a dependent variable is 
straightforward. The complexity arises when there is a vector of alphas 
that have been estimated, due to the network having more than two 
subgroups, or discrete relational data with more than two levels. The 
question, then, is how to model a vector of alphas in the analysis of 
variance framework. 

There are at least five approaches that may be considered. While we 
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Table 2 

Alternative schemes in analyzing a pair of alpha estimates in the analysis of variance framework 

Approach 

Each alpha 

analyzed 

separately 

Each alpha 

Explanatory variables 

Relation Time 

1 1 

1 2 

2 1 

2 2 

3 1 

3 2 

Relation Time 

1 1 

1 2 

2 1 

2 2 

3 1 

3 2 

Relation Time Level 

Dependent variables 

Analysis of first alpha 

Gil 

nl 

CXl 

LX1 

Ul 

al 

Analysis of second alpha 

n2 

a2 

u2 

a2 

012 

l-2 

Alpha 

analyzed as 1 1 1 lX1 
different 1 1 2 a2 
level 1 2 1 lX1 

2 (u2 

1 al 

2 u2 

1 01 

2 n2 

1 al 

2 a2 

1 CXl 

2 a2 

Each alpha Relation 

analyzed as 1 
a separate 1 
dependent 2 
variable in 2 
a MANOVA 3 

3 

Vector of Relation 

alphas 1 
aggregated 1 
by computing 2 

mean alpha 2 

3 

3 

Time First alpha 

1 al 

2 CYl 

1 a7 

2 Cul 

1 01 

2 al 

Time Mean alpha 

1 (al + a2)/2 

2 (al + a2)/2 

1 (al + a2)/2 

2 (al + (Y2)/2 

1 (al + (Y2)/2 

2 (al + a2)/2 

Second alpha 

012 

a2 

a2 

012 

012 

a2 
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Table 2 (continued) 

Approach 

Linear 

combination 

of alphas by 

eigensolution 

of inter-alpha 

correlations 

Explanatory variables 

Relation Time 

1 1 

1 2 

2 1 

2 2 

3 1 

3 2 

Dependent variables 
_ 

Linear combination 

c,al + c,a2 ‘I 

c,al+ c,o12 

c,a1+ C2U2 

c,al + rza2 

c,al + c>(u2 

c,(Yl + c,(u2 

’ Note, the c coefficients are the loadings on the eigenvectors 

later demonstrate only one of these five approaches on the Sampson 
and Newcomb data, all five methods will be briefly described in 
keeping with the exploratory nature of this work. These five approaches 
are diagrammed in Table 2. 

For purposes of this discussion, let us assume that there are three 
relations and two time points (R = 3, T = 2) as had been true of the 
example described in the section on log-linear models. We are also 
assuming we have only two alphas, to keep the problem simple, and 
this would be the case if we had three subgroup and binary data, or two 
subgroups and data coded with three discrete levels. (This discussion 
uses alphas as an example, but the same would hold for a vector of a 
vector of betas or rhos.) 

For the first approach listed in Table 2, each alpha parameter would 
be analyzed as a dependent variable in separate analyses of variance. 
This analysis would be simple, but does not seem to be most ap- 
propriate or optimal, if the intent of the analysis is to study the whole 
network simultaneously. The alphas belong together in a logical sense, 
since they all relate to describing the psychological phenomenon of an 
actor effect in network data. Thus, if the alphas logically belong 
together, perhaps they should be modeled together. 

A second approach would be to treat the string of alphas as 
replications of the same dependent variable. In this framework, there 
would be a single dependent variable called “alpha”, and there would 
be three explanatory variables. Two of the predictor variables would 
again be relation and time. The third factor might be called “level”, 
representing the different alphas in the alpha vector. In our example 
network, where there would be two alpha estimates, the variable 
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“level” would take on the value one or two to represent each separate 
alpha. 

This second approach would have the advantage that a relation by 
time interaction could be estimated. There are not likely to be repli- 
cations per cell in any of these ANOVAs, so if we were to use an 
approach that has only relation and time as predictors, we could not 
estimate the interaction term. (Replications per cell in this framework 
would mean there would be more than one network of actors and 
partners studied on each relation at each time.) With three independent 
variables, we can estimate main effects for relation, time and level, and 
the two-way interactions between relation and time, relation by level, 
and time by level. 

A third approach would be to treat the vector of alphas as several 
dependent variables to be analyzed jointly in a multivariate analysis of 
variance. In this approach, there would be two predictors, relation and 
time, and two dependent variables, the pair of alphas. Notice that, 
similar to the first approach, the estimation of the relation by time 
interaction would not be possible using this third approach. 

The fourth and fifth approaches are similar to each other. These 
approaches preprocess the data so that the vector of alphas is in some 
way aggregated to form a single dependent variable. This single depen- 
dent variable then would be used in an analysis of variance with the 
two predictors of relation and time. The fourth approach would simply 
be to take the mean over all alpha parameters. In the fifth approach, 
we recognize that a mean may not always be the best-suited linear 
combination for summarizing the alphas. Instead, we could compute 
the correlation matrix, over the RT sets of alphas, between the vector 
of alpha estimates. This correlation matrix could be “factored”, and 
the resulting eigenvectors can be used to compute a summary alpha 
statistic that can be used as a dependent variable. 

Any of these five approaches might also be applied to the set of 
betas and to the set of rhos. In more complex models, it may be 
desirable to jointly analyze the alphas, betas and rhos as several 
dependent variables in a multivariate analysis of variance. Hopefully, 
the complexity of these proposed methods can be justified if the 
combination of models can describe the structure of relations and time 
in the network. 

In application to the Sampson and Newcomb data, we will use the 
second of these five approaches, since it is the only one that allows for 
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the estimation of a relation by time interaction. If the relational data 
between actors and partners differ across relations in a way that 
depends on the time points (i.e. there is a relation by time interaction), 
we would want to be able to study it. 

5. Analyses of two real data sets 

Sampson collected relational data from a group of monks at five points 
in time (Sampson 1968). We have chosen to work only with Sampson’s 
times 2, 3 and 4, since the network at these times describe the 
interactions among a constant set of 18 monks. The number of actors 
and partners then is 18 (I = J = 18) and the number of time points in 
our modeling is 3 (T = 3). 

Each monk gave his first and last three sociometric choices on four 
relations. Separating the positive and negative valence in each of the 
four relations would result in data on the following eight relations: like 
and dislike, positive and negative esteem, positive and negative in- 
fluence, and praise and blame. For the eight relations (R = 8), the data 
take on the values 0 for the brothers not chosen, and 1, 2 and 3 
reflecting the first three choices (where the partner nominated as the 
most liked got a score of 3). Thus, C = 4. 

A four-mode eigensolution was derived for this 18 X 18 X 8 x 3 
super-sociomatrix. The number of vectors retained in the modeling 
were: 4, = 2, qj = 3, q, = 2, q1 = 1, based on the relative sizes of the 
eigenvalues in their respective modes. The eigenvectors for the actor 
and partner modes were used to form clusters of individuals. The 
eigenvectors on the relations and time modes were plotted to study the 
associations among the relations and among the time points. Each is 
described in more detail below. 

5.1. Subgroups in the monastery 

The eigenvectors for the actors’ and partners’ modes might be plotted 
and studied for subjective patterns, just as for the relations’ and time 
modes. One natural question when examining the structure in the 
actors’ and partners’ modes would be to ask how similar the actors and 
partners are in their relations, in an attempt to form subgroups of 
actors who relate similarly. Rather than plot these vectors and seek 
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structure subjectively, another study suggests an alternative means of 
seeking structure from the eigenvectors that is more objective (Iaco- 
bucci 1987b). The method is described, and used here. The five actor 
and partner vectors were used to derive subgroups on the individuals in 
the following manner: inter-individual distances were computed over 
these five vectors, and the distance matrix was analyzed using single-link 
clustering. This technique for deriving subgroups performed most opti- 
mally, with respect to recovery of known group structure, in a Monte 
Carlo study described in Iacobucci (1987b). The resulting partition of 
individuals was: (1) (2), (3, 17, 18) (4) (5, 6, 7, 8, 9, 10, 11, 12, 14, 15, 

16) (13). 
The subgroups derived in this paper seem to be of three types. First, 

the group of three monks characterized by Sampson as “outcasts” 
forms one group ((3, 17, 18) because by definition, they seemed to 
relate similarly to all others, and the others related similarly to the 
three). Second, the subgroup containing 11 of the monks seems to 
suggest that most of the men behaved in a similar manner (i.e. they had 
high agreement in their choices). The third type of subgroup is the set 
of four individuals who are in their own subgroups. They seem to relate 
to others in ways not common with any other monk. Subsequent 
analyses (i.e. the analysis of variance presented later in this paper) 
similarly suggest (perhaps confirm) that the data on these four monks 
are in fact different from the data on the other 14 monks. In addition, 
monk 1 was identified as “arrogant” and monk 2 was the first to leave 
the monastery (Reitz 1982), so their atypical behaviors described in 
Sampson’s observations are reflected in their being in separate sub- 
groups. 

The obtained partition is somewhat similar to and somewhat differ- 
ent from subgroups that other researchers have obtained (cf. Breiger et 
al. 1975; Faust 1985; Wasserman and Anderson 1987; White et al. 
1976), and these comparisons deserve attention. For example, let us 
consider the partition derived in White et al. (1976). The groupings of 
the 18 monks were as follows: the monks labeled as “loyal oppo- 
sitionists” (10, 5, 9, 6, 4, 11, 8); the monks labeled “young turks” (12, 
1, 2, 14, 15, 7, 16); and the “outcast” monks (13, 3, 17, 18). The 
partitioning by Breiger et al. (1975) was similar except that monk 13 
was placed in the group of young turks. That their solutions were 
similar is not surprising, considering both papers approached the 
partitioning task using the same blocking algorithm, CONCOR (de- 



D. Iacobucci / Multivaruzte sequential dyadic interactions 341 

scribed in both papers). The articles differed in their treatement of the 
data-Breiger et al. (1975) used the positive and negative ratings as 
Sampson collected them (ranging from - 3 to + 3) on four relations, 
while White et al. (1976) split the positive and negative ratings into 
eight relations (as we also did). However, given the constraints inherent 
to the data task (“Pick your top three choices and your bottom three 
choices”), no monk chosen on a positive relation could be chosen on 
the negative version of the relation (and vice versa), so the positive and 
negative ratings were necessarily distinct. 

The partition we have just reported looks different from their results. 
The only clear similarity is the core of outcast monks 3, 17 and 18. We 
offer some considerations as to why these differences exist, and then we 
offer some reasons as to why this is not terribly problematic. 

First, to consider some reasons why the differences exist, we list 
some means by which the data treatments differed, as well as a few 
interpretative comments about the monks’ movement across the groups. 
In the current analysis, data were aggregated over all three time points. 
In the aforementioned published accounts, both analyzed only Samp- 
son’s time 4. Some of their results suggest stability over the time points, 
and some of our results, namely the analysis of variance to be pre- 
sented shortly, suggest perhaps the time points differ somewhat for 
effects of expansiveness and popularity. If the network relations vary 
over times 2, 3 and 4, treating the times separately or together may lead 
to different conclusions, both of which are interesting, just simply 
different. 

Some insights, by Sampson, and by White et al. are also useful. For 
example, monk 13 was the monk whose position varied across parti- 
tions in the aforementioned papers. He was also labeled an “intersti- 
tial” (in Breiger et al. 1975), so it is of interest, and perhaps sensible, 
that he remained in a solitary cluster in the present analysis. 

Similarly, it is interesting to take note of the monks who left the 
monastery early. The outcasts (3, 17 and 18) were expelled, as was 
monk 2. Monk 1 then immediately left voluntarily. White et al. (1976) 
pondered why monk 12 remained at the monastery so much longer. In 
the current analysis, monk 12 was grouped in the larger cluster of 
monks, perhaps suggesting stronger ties to others than what would at 
first appear, given monk 12’s ties to monks 1 and 2. Perhaps these 
stronger ties of monk 12 to monks other than monks 1 and 2 reflect 
patterns at times 2 and 3, more than at time 4. 
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The difficulty in these comparisons is that none of the partitions is 
definitive. The “true” subgroups for these monks are unknown, so the 
subgroups derived by one researcher cannot be used as a standard 
against which other partitions might be judged. The method of deriving 
subgroups used in this paper was based on a simulation study in which 
known structures in fact existed, thus one might expect the partition 
obtained on these real data sets also to approximate most closely the 
“ true” structure (Iacobucci 1987b). 

We might add that the goals of these two methods (CONCOR and 
the four-mode eigensolution) are rather different. The blocking al- 
gorithm is seeking a permutation of actors to maximize zeroblocks and 
find structural equivalence in the actors. The eigensolution is meant to 
simplify the structure in all four modes, allowing us to suggest sub- 
groupings of actors and partners, but also to look at the structure 
among the relations, and time points, as well as the interactions among 
all four modes. Given that the goals are rather different, it does not 
seem to be critical that part of the results of the eigensolution differed 
from results using different methods. Furthermore, we might simply 
suggest that these methods are at least provocative, given that the 
results have some similarities and some dissimilarities to other results 
on the same data. The methods proposed here can be perceived to be 
useful even if, or perhaps especially if, the results differ from results 
obtain by other methods. We proceed now to the remaining results of 
the eigensolution model for the Sampson super-sociomatrix. 

5.2. Relations and time eigenvectors in Sampson’s data 

Figure 3 contains a plot of the two relations vectors and the one time 
vector. The core matrix is also included. Notice that the relations divide 
perfectly into the positive-valenced relations (1, 3, 5 and 7) and the 
negative relations (2, 4, 6 and 8). The time vector seems to indicate no 
major change in group structure. It is unfortunate that there was not a 
larger group of monks that was constant over all five of Sampson’s 
time points. Since there was a reported upheaval in the monastery, a 
change in the network over time would certainly be expected. That is, 
the parameters that describe the network at the earlier time points 
should differ from the parameters that describe the network at the later 
(especially the last) time points. Perhaps the eigenvector for the time 
mode, in effect aggregating over the remaining modes, is not sensitive 
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Fig. 3. Sampson’s data. Plots of eigenvectors for relation and time modes, and core matrix. 

enough to identify network changes. (In fact, we will see that the 
analysis of variance results suggest that the times may indeed vary.) 

The core matrix elements seem to be dominated primarily by the 
i = 1, j = 1 element. Perhaps this is reflecting a concentrated structure, 
so that the patterns in the actors mode and in the partners mode are 
explained fairly well even by only the first eigenvectors. The first 
column represents the first partner eigenvector, and the elements 
suggest a slight contrast between the two actor eigenvectors (q, = 1 and 
qi = 2) for the first relation eigenvector (q, = 1). The second column 
represents the second partner eigenvector, and the large core elements 
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indicate some sort of interplay between the second actor vector and the 
first relation vector, and between the first actor vector and the second 
relation vector. Finally, the third column seems to contrast the first and 
second relation vectors. 

Since the monks’ subgroups are a complicated function of the actor 
and partner vectors, the interactions suggested in this core matrix are 
difficult to translate in any greater detail back into terms of the raw 
data-the monks themselves, the eight relations and the three time 
periods. 

The size of this super-sociomatrix (18 x 18 x 8 x 3) proved to be no 
obstacle for the four-mode model. The model was successful in deriving 
eigenvectors for the actors and partners modes that translated into 
meaningful subgroups. Furthermore, the model was successful in iden- 
tifying the associations among the eight sociometric relations. The 
eigenvector for the time mode seemed to the insensitive to network 
change (assuming such existed), and the core matrix was unfortunately 
not as readily interpretable or informative as was hoped. 

5.3. ANOVA on parameter estimates for Sampson’s data 

The analysis of variance tables for the alpha, beta and rho parameters 
estimated on the Sampson data are included in Table 3. Notice that 
even using a very conservative criterion (say (Y = 0.005), most effects 
are significant; the means for the significant effects are plotted in 
Figures 4-6. The results are discussed below. 

Analysis of variance for alpha 
The plot of the relation means (at the top of Figure 4) indicates that the 
positive relational variables (relations 1, 3, 5 and 7) are roughly 
clustered together, as are the negative relational variables (relations 2, 
4, 6 and 8). The exception is relation 7, which is nearer relations 2, 4, 6 
and 8 than it is near the other positive relations. Relation 8 is 
statistically different from relations 5 and 1, and relation 7 is not 
statistically different from relations 2, 4, 6 or 8. 

Contrasts on the time means indicated that times 2 and 3 were not 
statistically different, and that time 4 was significantly different from 
times 2 and 3 (see center plot in Figure 4). Time 4 was the point in time 
nearest the break in the monastery. The ANOVA modeling might not 
have been as sensitive as the eigensolution modeling with respect to 
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Table 3 
Analysis of variance on parameter estimates from fitting a simple log-linear model to each of 
Sampson’s R( = 8) * T( = 3) sociomatrices 

Dependent variable: Alpha 
Source df 

Relation 7 
Time 2 
Level 14 
Relation *Time 14 
Relation * Level 98 
Time * Level 28 
Error 196 

ss MS F P 

193.630 27.661 18.86 0.000 
22.185 11.092 7.56 0.001 
49.888 3.564 2.43 0.004 
68.535 4.895 3.34 0.000 

231.961 2.367 1.61 0.002 
54.750 1.955 1.33 0.133 

287.435 1.467 

Dependent variable: Beta 
Source df 

Relation I 

Time 2 

Level 14 

Relation * Time 14 

Relation * Level 98 

Time * Level 28 

Error 196 

ss MS F P 

5223.129 746.161 49.04 0.000 

233.495 116.748 7.67 0.001 

1063.797 75.986 4.99 0.000 

1244.497 88.893 5.84 0.000 

4877.078 49.166 3.27 0.000 

406.932 14.533 0.96 0.535 

2982.168 15.215 

Dependent variable: Rho 
Source df ss MS F P 

Relation 7 328.506 46.929 3.38 0.004 

Time 2 13.376 6.688 0.48 0.620 

Level 5 215.237 43.047 3.10 0.014 

Relation *Time 14 292.250 20.875 1.50 0.133 

Relation * Level 35 507.656 14.504 1.04 0.428 

Time * Level 10 170.011 17.001 1.22 0.291 

Error 70 972.116 13.887 

identifying the structure of the relations, but the ANOVA model was 
more sensitive to differences in the network at different time points. 
We will return to the last main effect plotted in Figure 4 shortly. 

The relation x time interaction (in Figure 5) is similar to the relation 
main effect in that the profiles for relations 1, 3 and 5 lie somewhat 
near each other, and the profiles for all the negative relations (2, 4, 6, 
and 8) and relation 7 are near each other. There are few deviant points; 
relation 5 at time three, and relation 8 at the final time point seem to 
be different from the remaining points in the plot. 

The factor “level” is defined for these data as follows. The Sampson 
relational data took on four levels, so the factor “level” takes on three 
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Sampson ANOVA on Alpha: Relation 
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Fig. 4. Plots of means for main effects from ANOVA on alpha parameter estimates fit to 
Sampson’s data. 

values per subgroup: subgroup 2 has values 1, 2 and 3 (for the different 
strengths in the relational ties); subgroup 3 is associated with values 4, 
5 and 6; subgroup 4 is associated with values 7, 8 and 9; subgroup 5 is 
associated with values 10, 11 and 12; and the last subgroup is associ- 
ated with values 13, 14 and 15. See Table 4 for a representation of the 
values of “level”. 

The main effect for level (plotted at the bottom of Figure 4) is not 
easily explained. If the means were to group according to which 
subgroup they represent, the means would be clustered 1, 2, 3 together; 
4, 5, 6; 7, 8, 9; 10, 11, 12; and 13, 14, 15. This pattern only roughly 
holds in these data. Conservative Scheffe contrasts indicate no signifi- 
cant differences among these means. 
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Fig. 5. Plot of means for relation by time interaction from ANOVA on alpha parameter estimates 

fit to Sampson’s data. 

Table 4 

Representation of “level” in the ANOVA for the Sampson data 

For alpha and beta: For rho: 
Strength of relation 

k,m= 1 2 3 4 m 1 2 3 4 

Subgroup 1 0 0 0 0 k 1 0 0 0 0 
2 0 1 2 3 2 0 1 2 3 
3 0 4 5 6 3 0 2 4 5 
4 0 7 8 9 4 0 3 5 6 
5 0 10 11 12 
6 0 13 14 15 

Representation of “level” in the ANOVA for the Newcomb data 

For alpha and beta: For rho: 

Strength of relation 

k,m = 1 2 3 ?Vl= 1 2 3 

Subgroup 1 0 0 0 k 1 0 0 0 

2 0 1 2 2 0 1 2 

3 0 3 4 3 0 3 3 
4 0 5 6 

5 0 7 8 

6 0 9 10 

Note: “Level” takes on 15 values for the ANOVA of alpha or beta estimated from Sampson’s data 
since there are 15 unique alpha or beta parameters ((r - l)( C - 1) = (6 - 1)(4- 1) = 15). “Level” 

takes 6 values for rho (C( C - 1)/2 = 4(3)/2 = 6) for Sampson. “Level”takes on 10 values for the 
ANOVA of alpha or beta estimated from Newcomb’s data ((6 - 1)(3 - 1) = lo), and 3 values for 

the ANOVA of rho (3(2)/2) = 3). 
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Fig. 6. Plots of means for relation by level interaction ffom ANOVA on alpha parameter estimates 

fit to Sampson’s data. 

The relation X level interaction is similarly complex. This effect was 
plotted in two separate plots (both panels of Figure 6) so that the 
profiles could be distinguished more easily. Generally, the profiles for 
all relations are quite similar and (statistically) flat. However, there are 
several peculiar points. 

In the top half of the relation x level plot, the profiles seem very 
similar with the exception of the point for relation 2 at level 7. Level 7 
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(see Table 4) would be a weak relational tie extending from the actors 
in the fourth subgroup. The fourth subgroup consists of only one 
individual, monk 4. 

In the bottom panel of the relation x level interaction plot, the 
profiles have more deviant points. There are extreme points for relation 
6 at level 1, and relation 8 at levels 1 and 2. Levels 1 and 2 (see Table 4) 
describe behavior of subgroup two. Subgroup two consists of only one 
person, monk 2. There are also extreme points for relation 5 at levels 4, 
5 and 6, and for relation 8 at levels 4, 5 and 6. Levels 4, 5 and 6 
describe the behavior of subgroup three. Subgroup 3 consisted of the 
three “outcasts”, monks 3, 17 and 18. 

The final peculiar point in the relation x level interaction is the point 
for relation 7 at level 13. This value of the factor “level” corresponds to 
the last subgroup. This last subgroup again consisted of only one 
member, monk 13. These results are providing fairly strong evidence 
that network researchers might not want to create subgroups that 
contain only a single member. These points are clearly more variable. 
The addition of individuals to each of these subgroups would probably 
have stabilized these profiles. 

Perhaps the researcher who wishes to use these analysis of variance 
techniques would be best off to form subgroups of actors and partners 
where group membership is larger than one actor per group. For 
example, the subgroups suggested by White et al. (1976) all have 
substantial sample sizes. On the other hand, these methods might be 
helpful to the network researcher interested in identifying peculiar 
individuals, such as “outcasts” or isolates, as in identifying children 
with problematic social skills in an educational setting. However, from 
a purely statistical point of view, these points might be more variable, 
or more extreme, because the subgroups contain only one, or few, 
members. Once again, these results suggest the importance of larger 
sample sizes, or at least a large ratio of individuals to subgroups. Thus, 
one conclusion we might draw already is that the analysis of variance 
technique might show greater stability, and perhaps fewer significant 
interactions, if the group sizes are larger. The greater stability would be 
important to the researcher more interested in studying the relation and 
time effects than in identifying outlier types of actors. 

Analysis of variance for beta 
The center section of Table 3 contains the analysis of variance table for 
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Sampson ANOVA on Beta: Relation 

Sampson ANOVA on Beta: Time 

J 

Sampson ANOVA on Beta: Level 

Fig. 7. Plots of main effects from ANOVA on beta parameter estimates fit to Sampson’s data. 

the beta model parameter estimates. Means for the significant effects 
are plotted in Figures 7-9. 

The relation main effect (plotted at the top of Figure 7) is more 
clearly delineated according to intuitive expectations about the rela- 
tionships among the eight variables (than in the analysis of alpha). 
Here, the odd-numbered (positive-valenced) relations are clearly 
grouped together, and are separated from the even-numbered 
(negative-valenced) relations. For some reason, relation 8 is more 
extreme on this scale. Relation 8 is statistically different from relations 
2, 4 and 6, which are statistically different from relations 1, 3, 5 and 7. 

The main effect for time indicates time 3 being significantly different 
from times 2 and 4 (see the center plot in Figure 7). It might have made 
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more simple intuitive sense if these means had been sequentially 
ordered, or if we had information to lead us to believe that time 3 was 
in fact atypic& Nevertheless, the ANUVAs on the alpha and on the 
beta estimates suggest that expansiveness was different at time 4 than it 
was at times 2 and 3, where as effects of popularity were different at 
time 3 than at times 2 and 4, which is quite interesting. Furthermore, 
we might add that if such different micro-effects of expansiveness and 
popularity are changing during different time points, perhaps it is not 
surprising that when performing a more macro analysis (in the sense of 
aggregating over ail time points and over expansiveness and popularity), 
as in the eigensolution, these time differences do not appear. Perhaps 
the differences between times 2, 3 and 4 are too subtle to observe when 
aggregating the data, but they can appear when performing less global 
analyses. 

The main effect for level is as complex as it was for the analysis of 
alpha (see the bottom panel in Figure 7). Once again, if the values of 
level clustered on the basis of subgroups, we would have expected the 
pattern of: I, 2 and 3 together; 4, 5 and 6; ‘7, 8 and 9; 10, If and X2; 
13, 14 and 15. The points that are most different from the rest are 
levels 3 and 9, corresponding to subgroups 2 and 4, each of which 
contains a single member. Again we are seeing that partitioning the 



352 D. Iacobucci / Multivariate sequential &udic rnteractions 

20 la ,. 

16 '. 
1 + ,. 
12 '. 

Sampson ANOVA on Beta: 
Relation by Level 

(Part 1 of 2) 

LEGEND 

_ r-1 

-.r2 

_____ r==3 

-6 ‘. 
-8 ‘. 

-10 A 
-12 ‘. 
-14.. 
-16 ‘. 
-1a ” 
-20’ : ! ! ! ! ! ! : : t 

1 2 3 4 5 6 7 8 9 101112131415 

LWd 

Sampson ANOVA on Beta: 
Relation by Level 

(Part 2 of 2) 

21 LEGEND 

r=8 I 
12 
10 

R 
6 
4 
2 
0 

- 2 
-4 
-6 
-8 

-10 
-12 
-14 

- r=5 

-_ r=6 

_____ r=7 

_- r=8 

Fig. 9. Plots of relation by level interaction from ANOVA on beta parameter estimates fit to 

Sampson’s data. 

actors too finely produces more results that are significant, perhaps due 
to the instability of smaller subgroup sizes. 

The relation x time interaction, like the relation main effect, also 
clearly shows the difference between the positive relations and the 
negative relations, especially as the network interacted at the earlier 
time points (see Figure 8). The only major deviance is in the profile for 
relation 8, which is similarly deviant in the relation main effect. 
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The relation by level interaction plot is again split in two so that the 
effects may be seen more clearly (see both panels of Figure 9). For the 
most part, the profiles for relations 2, 4, 6 and 8 are those that are 
uppermost, and the profiles for relations 1, 3, 5 and 7 are those that lie 
beneath. 

Analysis of variance for rho 
The plot in Figure 10 is the relation main effect for the analysis of rho. 
These results contrast relations 6 and 8 (negative influence and blame) 
with relation 5 (positive influence). Relations 1, 2, 3, 4 and 7 fall nearer 
zero. 

The analysis of variance on the alpha, beta and rho parameters 
might be well suited toward identifying deviant persons or subgroups 
in network interactions, given the results that the outlying points in 
many of the plots represented subgroups with one or few members. The 
ANOVAs were fairly sensitive to the time and relation structures, but 
the interaction (or even the main effect for “level”) were sufficiently 
complex that interpretations of such effects in some arbitrary data set 
might be quite challenging. We turn now to another network in which 
complex data exist, to apply the eigensolution and analysis of variance 
methods. 

5.4. Newcomb data 

The second network example that we are analyzing in this paper are 
those data collected by Newcomb (1963). The Newcomb data are 
sociometric ranks of friendship, or attraction, between 17 college 
sophomores and juniors at the University of Michigan during the fall 

Sampson ANOVA on Rho: Relation 

fi-_ 

-3 -1 1 3 

Fig. 10. Plot of significant effects from ANOVA on rho parameter estimates fit to Sampson’s data. 
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semester of 1955. These students were asked to rate each of the other 
17 (with whom he lived) on how much he liked them, for each of 15 
weeks. Ratings were made weekly, from week 0 to week 15, skipping 
week 9. 

The size of this super-sociomatrix than is I = J = 17, R = 1 and 
T= 15. These data are worth studying as a second example because 
there are far more time points than often characterize sociometric data. 
These sociometric choices had been recorded as ranks, but we have 
converted these data from the ranks (l-5, 6-11, 12-16) to the scores 
(3, 2, 1). It should be noted that a four-mode solution was obtained on 
the data with C = 16 for comparison, and the results were not qualita- 
tively different from those obtained after the recoding. 

Subgroups for Newcomb 
The four-mode eigensolution was derived for this 17 X 17 X 1 X 15 
super-sociomatrix. The number of vectors retained in the modeling 
were: qi = 3, qj = 3, q,. = 1, qr = 1. The six actor and partner vectors 
were used to derive subgroups on the individuals and the resulting 
partition follows: (6), (9), (lo), (14), (2, 3, 4, 13), (I, 5, 7, 8, 11, 12, 15, 
16, 17). Similar to the results of the subgroups on the Sampson data, we 
have one large group indicating high inter-rater agreement, or high 
agreement of interpersonal perception and choice, and several groups 
with “loner” individuals. 

The time e~ge~~ector in Ne~~comb’s data 
Figure 11 contains the plot for the time mode, and the elements of the 
core matrix. The time plot seems to indicate that the network is 
adjusting itself slightly in the first three weeks (weeks 0, 1 and 2) and 
by the fifth week (week 4) the dyadic relational structure in the 
network seems to have stabilized. These results are similar to the 
equilibrium discussed by White et al. (1976) reached at weeks 4-5, 
where the structure then seems to remain constant through week 15. 

The dominating elements in the core matrix are the yi = qj = 1, 
qi=q,=2a d n q, = q, = 3 entries. This pattern indicates no interaction 
between the actor and partner eigenvectors. (The relations and time 
vectors cannot contribute to an interaction since there is only one of 
each; q, = 1.) The lack of an interaction among the actor and partner 
modes suggest the sending and receiving choices are fairly symmetric. 
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Newcomb: Time Eigenvector 
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Fig. 11. Newcomb’s data. Plot of eigenvector for time mode, and core matrix. 

Symmetry, or reciprocity, might be expected in these data, since the 
relation measured is interpersonal attraction or friendship. 

ANOVA on parameter estimates for Newcomb’s data 
The analysis of variance results on the log-linear model parameter 
estimates follow. The analysis of variance tables for alpha, beta and rho 
are listed in Table 5, and the significant effects are plotted in Figures 
12 and 13. Newcomb had data for one relation and 15 weeks, so the 
estimation of a relation by time interaction is not estimable (nor 
sensible). 

These results show no effect for week for the analysis of alpha and 
beta. This might make sense if the behavior of the network does not 
change much over time. Given the eigenvector on time, which sug- 
gested little change after week 4, perhaps the stability of weeks 5-15 
overwhelm the variability in the earlier weeks. There is an effect of 
week for the rho parameter, which might be sensible if, for example, 
reciprocation in friendship increases over time. However, if reciproca- 
tion increases over time, the weeks would probably be sequentially 
ordered, and this pattern only roughly holds in these data (see Figure 
13). 
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Table 5 

Analysis of variance on parameter estimates from fitting a simple log-linear model to each of 

Newcomb’s R ( = 1) * T( = 15) sociomatrices 

Dependent variable: Alpha 

Source df ss MS F P 

Week 14 0.326 0.023 0.76 0.706 

Level 9 14.246 1.583 51.92 0.000 

Error 126 3.841 0.030 

Dependent variable: Beta 

Source df 

Week 14 

Level 9 

Error 126 

ss MS F P 

96.399 6.886 0.96 0.497 

1696.945 188.549 26.31 0.000 

902.919 7.166 

Dependent variable: Rho 

Source df 

Week 14 

Level 2 

Error 126 

ss MS F P 

4.142 0.296 14.10 0.004 

32.683 16.342 778.19 0.000 

2.585 0.021 

Newcomb ANOVA on Alpha: Level 

-I 

Newcomb ANOVA on Beta: Level 

1 
-0 -7 -5 -3 -1 1 3 5 

Fig. 12. Plots of means for significant effects from ANOVA on alpha and beta parameter 

estimates fit to Newcomb’s data. 
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Newcomb ANOVA on Rho: Level 
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Fig. 13. Plots of means for significant effects from ANOVA on rho parameter estimates fit to 

Newcomb’s data. 

The effect of “level” is significant for the analysis of all three 
parameters. The effect for level for alpha seems to be roughly in the 
same relative order as the effect for level for beta. The similarity 
between the results for alpha and beta again suggests the relational ties 
were primarily symmetric. 

The values of level represent the subgroups as defined in the second 
half of Table 4. The plots of level (for alpha or beta) seem to contrast 
subgroup 4 (values 5 and 6) with subgroup 5 (values 7 and 8) (see 
Figure 12). The remaining values fall nearer zero. These contrasted 
groups were two of the smaller groups; subgroup 4 consisted of 
individual 14, and subgroup 5 consisted of individuals 2, 3, 4 and 13. 
The plot for the main effect of “level” for the analysis of the rho 
parameter (in Figure 13) indicates that reciprocity at high relation 
strengths (k = m = 3; level = 3) is different from reciprocity at lower 
relational strengths (k = m = 2; level = 1, and k = 2, m = 3; level = 2). 
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6. Summary 

The modeling of network data increases in complexity when there are 
many relations and time points to consider simultaneously. Two possi- 
ble approaches to modeling these data were investigated, both of which 
consist of the application of otherwise standard methods (an eigensolu- 
tion and an analysis of variance). These methods were applied to the 
Sampson and Newcomb data sets, and seemed to be fairly successful at 
identifying some of the structural characteristics of the dyadic interac- 
tions. 

Either the four-mode approach or the analysis of variance of param- 
eter estimates might be used in conjunction with the log-linear models 
also described in this paper. The four-mode eigensolution might be 
obtained prior to the log-linear modeling to look for redundant rela- 
tional variables, or time points that may be aggregated. The four-mode 
might also be helpful in deriving empirical subgroups in the absence of 
theoretical attribute variables. The ANOVA on the parameter estimates 
from the simpler models might suggest effects existing in the data, and 
be helpful in forming a strategy in performing the parameter testing in 
the log-linear modeling. The contrasts in the analysis of variance might 
also help to determine when subgroups or categories of relational data 
should be combined. The ANOVA method also seemed well suited to 
identifying individuals whose behavior is atypical to the network. 

Finally, it should be noted that although the results were at times 
rather complex, the questions asked of multivariate, sequential network 
data can also be quite complex. It might be considered progress, for 
example, even to have analyzed all the Sampson data, or all the 
Newcomb data, simultaneously. 
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