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Symbolic Data Analysis Approach to
Clustering Large Ego-Centered Networks
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Abstract

In the paper an adapted version of the leaders clustering method as an ef-
ficient method for clustering ego-centered networks is presented. The original
data are transformed into symbolic objects. Clustering problem is defined as
an optimization problem. Based on this definition an adapted leaders method
was developed. The example on the dataset on social support in Ljubljana
collected by the Faculty of social sciences at the University of Ljubljana is
presented. The clustering of the data was done using the adapted leaders
program from the program package CLAMIX.

1 Introduction

Clustering is the grouping of similar objects (Hartigan, 1975). Clusters in the
clustering are usually described with a central object (described by mean values of
its variables). For better and more detailed descriptions of the objects and their
clusters Diday introduced new descriptions called symbolic objects (Diday, 1979;
Diday, 1997).

In the social science research object of interest — units are mostly respondents.
Beside respondents (egos) researches are frequently interested also for their personal
networks (alters). In this case we are talking about ego-centered or personal
networks. Such networks are usually presented in two datasets: one for egos and
one for ego’s alters.

Every ego is described by selected variables. Alters can be described with the
same variables, but usually several (other) variables are also measured on them,
which describe relationship among ego and alters and properties of alters (Miiller,
Wellman, and Marin, 1999).

Three important problems related encountered during the analysis of a set of
personal networks are considered in the paper:
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e the problem of units description: the units for analysis are descriptions
of egos and their personal networks. In such descriptions we want to save as
much information about egos and their alters as possible;

e the problem of data size: the (random) sample of egos can be large — some
hundreds of egos and the corresponding set of personal networks consists of
some thousands of alters;

e the problem of mized units: variables used for describing egos and alters are
usually measured in different scales (nominal, ordinal, interval or ratio).

To describe egos and their alters we shall use a special type of symbolic objects
(Diday, 1997) using variables distributions. They provide a more detailed description
of personal networks than the ’standard’ approach where descriptions with the value
of an appropriate statistics — e.g., mean value are used.

The size of the dataset is reduced with clustering method, where units are clus-
tered into selected number of groups (clusters) in which the units are as similar
as possible. For large datasets, hierarchical clustering methods are not the best
choice for this task. These methods are mainly based on the dissimilarity matrix
and are therefore of higher than quadratic complexity. Because of this they are not
appropriate for large datasets.

For large datasets, usually the local optimization clustering methods are used
(e.g., k-means method). The main drawback of these methods is that they are
implemented only for numerical data. Korenjak-Cerne and Batagelj (1998) proposed
an adapted version of the leaders clustering method that can efficiently cluster large
datasets with units described with symbolic objects.

Although we shall describe in details the clustering of units, several other meth-
ods of symbolic data analysis can also be applied to symbolic descriptions of personal
networks (Bock and Diday, 2000).

2 Symbolic object description of a personal
network

Let denote the finite set of egos with E and with A the set of alters. To each ego
X € E corresponds a group of alters A(X). It holds Uxecg A(X) = A. Suppose
that each ego X € E is described with m, variables Uy, Us, Us, ..., Uy,

X = [u17u2:u37 < 7ume]

where u; = U;(X) is the value of the i-th variable U; on ego X; and that each alter
Y is described with m, variables Vi, V5, V3, ..., Vi,

a

Y =[v,v9,03,...,0n,]
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where v; = Vi(Y).
We represent an ego’s alters group with a symbolic object So(A (X)) that consists
of distributions f; of its alter’s values for each variable V.

So(A(X)) = [f1,f2,f5,. .., fim,]

fj = f(X, VJ) = [f(l, X; Vj), f(2, X; Vj), f(3, X; Vj), PN ,f(kj, X; VJ)]

They are constructed as follows. The domain of the variable V' is partitioned into &y
subsets. Then f; of the respondent (ego) X is determined by the relative frequencies

q(i,X;V)

J6XV) = Chaam)

where ¢(i, X; V) = card(Q(i, X; V)) and
Q(i,X;V) = {Y :Y is an alter of the ego X with the value in the i-th subset}.

With card(C) the number of elements in the set C' is denoted.
Finally we combine the description of ego X and symbolic object describing its alters
into an extended ego’s description — symbolic object

So(X) =[X, f]

These symbolic objects are the basis for symbolic data analysis of personal networks.
They provide an unzform description of originally mixed units and their clusters.

2.1 An example of a symbolic object description of an ego

For three selected variables of egos measured in different scales: U; — Satisfied with
informational support (ordinal), Uy — Average monthly income (in SIT) (numerical
- ratio), and Uz — Sex (nominal), we use the following partitions of their domains:

U, = Satisfied with informational support U; = Average monthly income

1 = very dissatisfied 1 = less than 50.000 SIT
2 = quite dissatisfied 2 = 50.000 SIT
3 = little dissatisfied 3 = between 50.000 and 100.000 SIT
4 = little satisfied 4 = 100.000 SIT
5 = quite satisfied 5 = between 100.000 and 150.000 SIT
6 = very satisfied 6 = 150.000 SIT

7 = between 150.000 and 200.000 SIT
Us = Sex 8 = 200.000 SIT
1 = male 9 = more than 200.000 SIT
2 = female 10 = no income

and for two selected variables of alters: V; = Sex of the alter (nominal) and
Vo = Frequency of contact (ordinal)
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Vi = Sex of the alter Vo = Frequency of contact
1 = male 1 = every day
2 = female 2 = couple of times in a week

3 = couple of times in a month
4 = approximately once a month
5 = couple of times in a year

6 = once in a year or less

The description of selected ego X;go; is
X001 = [5747 1] =
=[[0,0,0,0,1,0],]0,0,0,1,0,0,0,0,0,0], 1, 0]]

From this description it can be seen that selected ego Xgo1 is 'quite satisfied with
alters informational support’, is ‘'male’ with average monthly income ’100.000 SI'T".

The descriptions of three of his alters are

Yoot = [2,1]

— [[0,1],]1,0,0,0,0,0]]
Y02 = [2,3]

= [[0 1],[0,0,1,0,0,0]]
Y 1001:03 = % 1]

[1,0],[1,0,0,0,0,0]]

Therefore the ego’s alters group A(Xlogl) = {Y1001:01, Y1001;02, Y1001:03} is de-

scribed with

122 1

SO(A(XIOOI)) [[ga g]’ [gaoa 550’050”

because one of the alters is man in two are women, and two of them are ’every day’
in contact with the ego and one contact with the ego only 'couple of times in a
month’.

Finally the combined symbolic object description for the ego X;gg; is

1 2. 2 1
X = 4.1, =, =, [=,0, =
SO( 1001) [5a ) a[3a3]a[350: 37

Such a description has the following important properties:

0,0,0]]

e it requires a fixzed space per variable;

e it is compatible with merging of clusters — knowing the description of
two disjoint clusters C; and Cy, C; N Cy = (), we can, without additional
information, produce the description of their union

card(C) f(i,Cy; V') 4 card(Cs) f(i,Co; V)

f5,CLUCy; V) = card(C}) + card(Cy) ’

e it produces an uniform description for all the types of variables;

e with the distributions the complete information about alters zs stored.
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3 Clustering as an optimization problem

Suppose that units descriptions consist of m selected variables from So(X). To
develop a clustering procedure for their analysis first the dissimilarity between two
units X; and X5 is defined as the weighted sum of the dissimilarity between them
on each variable V'

d(X1,X2) =) 05 (X1, X5Vj), Y o5=1
j=1 j=1
where
1Y .
daps (X1, X2; V) = > DO, Xy V) — £(i, Xg; V)| (3.1)
i=1
or
1Y .. : 2
dsqr (Xla X2; V) = 5 Z(f(la Xl; V) - f(la XZ; V)) . (32)
i=1
Here, a; > 0 (j = 1,...,m) denote weights, which could be equal for all variables or

different if we have same information about their importance. Because the clusters
are represented in the same way the same definitions for defining the dissimilarity
between two clusters are used.

Based on this definition the clustering problem is defined as the following opti-
mization problem: Among clusterings C from the set of feasible clusterings ® find
a clustering C* for which

P(C*) = {:nelg P(C).

For the clustering criterion function P(C) its most common form — the sum of cluster
errors is used:

P(C)= ) p(C),

CeC

where

p(C) = 3 d(X, Lo).

XeC

L¢ is the leader (the representative element) of the cluster C.

4 The adapted leaders method

For clustering very large datasets where variables of units are measured in differ-
ent scales we adapted the leaders method (Korenjak-Cerne and Batagelj, 1998), a
variant of the dynamic clustering method (Diday, 1979). This version is based on
descriptions of clusters with distributions and on the definition of clustering as an
optimization problem as it was described in previous section. The proposed method
can be shortly described with the following procedure:
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determine an initial clustering
repeat

determine leaders of the clusters in the current clustering;

assign each unit to the nearest new leader — producing a new clustering
until the leaders do not change any more.

A special version of this method is also the well-known k-means method, which is
appropriate only for numerical variables (Hartigan, 1975).

The leaders are also symbolic objects described with distributions. They are
determined so that they minimize the cluster error. It can be proved that for the
first selected criterion function P, with the dissimilarity dgs (3.1) the optimal
leaders are determined with the maximal frequencies; and for the second criterion
function Py, with dy,, (3.2) with the average distributions. This provides an
easy interpretation of the clustering results.

5 An example:
The dataset on social support in Ljubljana

The proposed approach was applied on the dataset on social support in Ljubljana
collected by the Faculty of social sciences at the University of Ljubljana.

The data were collected between March and June 2000 by computer assisted
telephone interview (CATI) and computer assisted personal interview (CAPI) for
a representative sample of 1033 inhabitants of the city of Ljubljana, Slovenia, de-
scribed with 38 variables. These respondents produced 5849 alters described with
10 variables. Variables are measured in different scales. The sample was made on
the basis of the telephone directory of Ljubljana. The details can be found in the
paper by Kogovsek, Ferligoj, Coenders, and Saris (2002).

The purpose of this article was not to analyze the data, but to present some
possibilities of the symbolic data analysis approach to ego-centered networks. Be-
cause of this only basic explanations and the possibilities of the interpretations of
the results are given. More detailed results and the CLAMIX program (the adapted
version of the leaders method) are available at URL:
http://www.educa.fmf.uni-1j.si/datana/

The dataset of egos and the dataset of alters are combined into one dataset with
1033 units — symbolic objects. Each unit represents an ego with his/her personal
network. Symbolic object is described with 48 variables (38 egos and 10 alters
variables).

For the initial clustering the partition on 20 clusters was randomly selected. The
maximal allowed dissimilarity between the unit and the clusters leader was also
limited. The clustering procedure was tested with different selections of variables’
weights and in all cases leaders stop changing after less than 20 iterations.
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The output files of the leaders program contain a lot of information about each of
the clusters, such as: the number of units in the cluster; the error of the cluster; the
nearest unit to the leader and it’s dissimilarity from the leader; the farthest unit and
it’s dissimilarity from the leader. Optionally the user can get also the frequencies for
each variable; values of the characteristic classes (classes with maximal frequencies)
for each variable; and the set of all units in the cluster.

5.1 An example of the description of the output cluster C

Selected cluster C' contains 45 units. For the variable DQ3A (social companionship)
the following information is available:
max frequency = 35 (77.78 %), # missing: 0, # no sense: 0

gC:v): 0 0 0 0 10 35
maxL(V): 0 0 0 0 0 1

Explanation: In the cluster C' are 45 egos. For the variable DQ3A (social com-
panionship) none of them has 'missing’ or 'no sense’ values. Ten egos in the this
cluster are 'quite satisfied with alters social companionship’, and most (precisely 35,
which is 77.78 %) of the egos in this cluster are ’very satisfied with alters social
companionship’.

The percentage of the units with values in the last subset among six subsets of
the domain of the variable DQ3A (social companionship) is rather high, so it can
be said that the values in this subset (in this case the value ’'very satisfied’) are
characteristic for the selected cluster C.

From the distribution above can also be seen that if the subset of values is
extended to a nearest subset into the subset {quite satisfied, very satisfied}, all units
are included in this extended subset. From that can be concluded that all egos inside
the selected cluster C' are at least 'quite satisfied’ with the social companionship from
their alters.

Similar interpretations can be made for all variables because for all of them the
whole distributions are available.

Based on the above interpretations of characteristics, the modal subsets of the
variables’ domains show the following characteristic values of the selected cluster C'
(a variable is included only if maximal frequency is more than 50%):

91.11 % D2(how many children under 19 in the household) = no
57.78 % DA4(live in the town (in years)) = from 22 to 25

86.67 % D7(age) = from 22 to 26

86.67 % D8 (profession) = university student

91.11 % D9(education) = 4-year high school

95.56 % D10 (marital status) = single

75.56 % SPOL (sex) = female
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88.89 % DQI1A (material support) = very satisfied
80.00 % DQ2A (informational support) = very satisfied
77.78 % DQ3A (social companionship) = very satisfied
84.44 % DQA4A (emotional support) = very satisfied

55.37 % Q12 (alters sex) = female
52.44 % Q14 (how far he/she lives) = 15 min or less

As can be seen from this description in the cluster are mainly ’single’ per-
sons (95.56 % of units inside this cluster are single), 'with 4-year high school’
(91.11 %), female’ (75.56 %), 'university students’ (86.67 %), 'very satisfied with al-
ters support’ (variables DQ1A,DQ2A,DQ3A,DQ4A), have friends living close to them
(52.44 % of ego’s alters live 15 minutes or less from the ego).

In the interpretations also the number of subsets of the variables domain is
important. For example, the variable Sex has only two possible values and therefore
its domain is divided into only two subsets. If the percentage in one of them is
only a little more than 50%, we can not say that such value is characteristic. More
appropriate interpretation is that the cluster is in such case well balanced regarding
to that variable. Based on such interpretation the selected cluster is well balanced
regarding to the sex of the egos’ alters. But on the opposite, the domain of the
variable Q14 (how far he/she lives) is partitioned into five subsets so the relative
frequency in one of them can be considered as rather high if it is more than 50%.

6 Conclusion

The main advantages of symbolic data analysis approach to ego-centered networks
are:

e the analysis is based on descriptions of ego-centered networks with distri-
butions; thus preserving more information than methods based on central
values, and providing an uniform description of mized units;

e it is appropriate for large datasets;

e variables can be wetghted by their importance.
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