Cluster analysis aims to identify
and classify similar entities, based
upon the characteristics they

possess. It helps the researcher to
understand patterns of similarity
and difference that reveal naturally
occurring groups.
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Baszic concept

Example

Basic concept

Like factor analysis (Chapter 22}, cluster analysis examines an entire sel of interdepend-
ent relationships. Cluster analysis makes no distinction between dependent and
independent variables. Rather, interdependent relationships between the whole set of
variables are examined. The primary objective of cluster analysis is to classify objects
into relatively homogeneous groups based on the set of variables considered. Objects in
a group are relatively similar in terms of these variables and different from objects in
other groups, When used in this manner, cluster analysis is the obverse of factor analysis
in that it reduces the number of objects, not the number of variables, by grouping them
into a much smaller number of clusters.

This chapter describes the basic concept of cluster analysis. The steps involved in conduct-
ing cluster analysis are discussed and illustrated in the context of hierarchical clustering by
using a popular computer program. Then an application of non-hierarchical clustering is
presented, followed by a discussion of clustering of variables. We begin with an example
that illustrates the use of clustering to aid the process of defining target markets.

Ice cream ‘hot spots™

In order to achieve an expanded customer base, Haagen-Dazs (www.haagen-dazs.com) iden-
tified potential consumer segments that could generate additional sales. It used
gaodemographic technigues {as discussed in Chapter 5), which are based upon clustenng
consumers, using geographic, demographic and lifestyle data. Additional primary data were
collected to develop an understanding of the demographic, lifestyle and behavioural charac-
teristics of Haagen-Dazs Café users, which included frequency of purchase, time of day o
visit café, day of the week and a range of other product variables. The postcodes or Zip
codes of respondents were also cbtained,. With a postcode or zip code, respondents can be
assigned to one of the arays of established geodemographic classifications. Haagen-Dazs
compared Its profile of customers with the profile of geodemographic classifications to
develop a clearer picture of the types of consumer it was attracting. From this |t decided
which profiles of consumer or target markets [t believed to hold the most potential for addi-
tional sales.

Cluster analysis is a class of techniques used to classify objects or cases into relatively
homogeneous groups called clusters. Objects in each cluster tend to be similar to each
other and dissimilar to objects in the other clusters. Cluster analysis is also called classifi-
cation analysis or numerical taxonomy.* We are concerned with clustering procedures that
assign each object to one and only one cluster.” Figure 23.1 shows an ideal clustering situ-
ation in which the clusters are distinctly separated on two variables: quality consciousness
(variable 1) and price sensitivity {variable 2). Note that each consumer falls into one clus-
ter and there are no overlapping areas. Figure 23.2, on the other hand, presents a
clustering situation more likely to be encountered in practice. In Figure 23.2, the bound-
aries for some of the clusters are not clear cut, and the classification of some consumers is
not obvious, because many of them could be grouped into one cluster or another.
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Figure 23.1
An ideal clustering

solution

Figure 23.2
A4 practical clustering

solution
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Both cluster analysis and discriminant analysis are concerned with classification.
Discriminant analysis, however, requires prior knowledge of the cluster or group member-
ship for each abject or case included, 1o develop the classification rule. Tn contrast, in cluster
analysis there is no a priori information about the group or cluster membership for any of
the objects. Groups or clusters are suggested by the data, not defined a priori.’ Cluster analy-
sis has been used in marketing for a variety of purposes, including the following:®

® Sepmennng the market. For example, consumers may be clustered on the basis of bene-
fits sought from the purchase of a product. Each cluster would consist of consumers
who are relatively homogeneous in terms of the benefits they seek.” This approach is
called benefit segmentation as illustrated in the following example.

Thailand escapists’

A study assessed examined 510 touwrsts' image of Thailand as an international travel destina-
tion. It examined the impact of the destination's image on the likelihood of the traveller retuming
to Thailand, The sample was made up of international travellers who visited Thailand and were
departing from Banghkok Intermmational Airport. The study involved the use of a three-stage sam:
pling approach that included proportionate stratified, cluster and systematic rmandom sampling.
Cluster sampling was used to randomly select departure fights fraom Bangkok International
Alrport, The results of the study revealed that Thailand has a negative image of emnviranmeantal
and secial problems. At the same time, it has a positive image as a safe travel destination,
associated with the benefits of: scenic natural beauty, culture, culsine and hotels, and good
shopping. Overall, most tourists, but espacially a group classified as ‘escapists', indicated that
they would returm to Thailand for a vacation. Thus Thalland should make a special effort to reach
the ‘escapists” segment, as the country would appaal the most to these tourists,



Statistics associated with cluster analysis

®  Understanding buyer behaviours. Cluster analysis can be used to identify homogeneous
groups of buyers. Then the buying behaviour of each group may be examined sepa-
rately, as can happen for example with different types of car buyers. Cluster analysis has
been used to identify the kinds of strategies car buyers use to obtain information to
support their buyving decisions,

® [dentifying new product oppertunities. By clustering brands and products, competitive
sets within the market can be determined. Brands in the same cluster compete more
fiercely with each other than with brands in other clusters. A firm can examine its cur-
rent offerings compared with those of its competitors to identify potential new product
oppartunities.

® Selecting test markets. By grouping cities into homogeneous clusters, it is possible to
select comparable cities to test various marketing strategies,

® Reducing data. Cluster analysis can be used as a general data reduction tool to develop
clusters or subgroups of data that are more manageable than individual observations.
Subsequent multivariate analysis is conducted on the clusters rather than on the indi-
vidual observations. For example, to describe differences in consumers” product usage
behaviour, the consumers may first be clustered into groups. The differences among the
groups may then be examined using multiple discriminant analysis,

Statistics associated with cluster analysis

Betore discussing the statistics associated with cluster analysis, it should be mentioned
that most clustering methods are relatively simple procedures that are not supported by
an extensive body of statistical reasoning, Rather, most clustering methods are heuristics,
which are based on algorithms. Thus, cluster analysis contrasts sharply with analvsis of
variance, regression, discriminant analysis and factor analysis, which are based upon an
extensive body of statistical reasoning. Although many clustering methods have important
statistical properties, the fundamental simplicity of these methods needs to he
tecognised.® The following statistics and coneepls are associated with cluster analysis.

Agglomeration schedule, An agglomeration schedule gives information on the objects or
cases being combined at cach stage of a hierarchical clustering process.

Cluster centroid. The cluster centroid is the mean values of the variables for all the cases
or objects in a particular cluster.

Cluster centres. The cluster centres are the initial starting points in non-hierarchical clus-
tering. Clusters are built around these centres or seeds.

Cluster membership. Cluster membership indicates the cluster to which each object or
case belongs.

Dendrogram, A dendrogram, or tree graph, is a graphical device for displaying clustering
results, Vertical lines represent clusters that are joined together. The position of the line on
the scale indicates the distances at which clusters were joined. The dendrogram is read
from left to right. Figure 23,8 later in this chapter is a dendrogram.,

Distances between cluster centres. These distances indicate how separated the individual
pairs of clusters are. Clusters that are widely separated are distinet and therefore desirable,
Icicle diagram. An icicle diagram is a graphical display of clustering results, so called because
it resemnbles a row of icicles hanging from the eaves of a house. The columns correspond to
the objects being clustered, and the rows correspond to the number of clusters. An icicle dia-
gram is read from bottom to top. Figure 23.7 later in this chapter is an icicle diagram.

Similarity/distance coefficient matrix, A similarity/distance coefficient matrix is a lower
triangular matrix containing pairwise distances between objects or cases.
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Conducting cluster analysis

The steps involved in conducting cluster analysis are listed in Figure 23.3, The first step is
to formulate the clustering problem by defining the variables on which the clustering will
be based. Then, an appropriate distance measure must be selected. The distance measure
determines how similar or dissimilar the objects being clustered are. Several clustering
procedures have been developed, and the researcher should select one that is appropriate
for the problem at hand. Deciding on the number of clusters requires judgement on the
part of the researcher, The derived clusters should be interpreted in terms of the variables
used to cluster them and profiled in terms of additional salient variables. Finally, the
researcher must assess the validity of the clustering process.

Formulate the problem

Perhaps the most important part of formulating the clustering problem is selecting the
variables on which the clustering is based. Inclusion of even one or two irrelevant vari-
ables may distort an otherwise useful clustering solution. Basically, the set of variables
selected should describe the similarity between objects in terms that are relevant to the
marketing research problem. The variables should be selected based on past research,
theory or a consideration of the hypotheses being developed or tested. If cluster analvsis is
used as an exploratory approach, the researcher naturally exercises his or her judgement
and intuition.

To illustrate, we consider a clustering of consumers based on attitudes towards shop-
ping. Based on past research, six attitudinal variables were identified as being the most
relevant to the marketing research problem. Consumers were asked to express their degrec
of agreement with the following statements on a seven-point scale {1 = disagree, 7 = agree):

V, Shopping is fun.

V, Shopping is bad for your budgert.

V, | combine shopping with eating out.

 try to get the best buys while shopping.

V. I'don't care about shopping.

V., You can save alot of money by comparing prices,

Data obtained [rom a pretest sample of 20 respondents are shown in Table 23.1. Note that,

in practice, clustering is done on much larger samples of 100 or more. A small sample size
has been used to illustrate the clustering process,

Formulate the problem
Select & distance measure
Select a clustaning procedure

Declde on the number of clusters
Interpret and profile clusters
Figure 23.3 ¥
Conducting cluster
analysis Assess the reliability and validity
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Euclidean distance

The square rogt of the sum
of the aquarad ditferences in
valuas for each varabie,

Conducting cluster analysis

Table 23.1 Aftitudinal data for clustering
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Select a distance measure

Because the objective of clustering is to group similar objects together, some measure is
needed to assess how similar or different the objects are. The most common approach is
to measure similarity in terms of distance between pairs of objects. Ohjects with smaller
distances between them are more similar to each other than are those at larger distances.
There are several ways (o compute the distance between two ohjects.?

The most commonly used measure of similarity is the Euclidean distance or its
square.'” The Euclidean distance is the square root of the sum of the squared differences in
values for each variable. Other distance measures are also available. The city-block or
Manhattan distance between two objects is the sum of the absolute differences in values for
each variable. The Chebychev distance between two objects is the maximum absolute dif-
[erence in values for any variable, For our example, we use the squared Euclidean distance,

If the variables are measured in vastly different units, the clustering solution will be
influenced by the units of measurement. In a supermarket shopping study, attitudinal
variables may be measured on a nine-point Likert-type scale; patronage, in terms of fre-
quency of visits per month and the amount spent; and brand loyalty, in terms of
percentage of grocery shopping expenditure allocated to the favourite supermarket. In
these cases, before clustering respondents, we must standardise the data by rescaling each
variable to have a mean of 0 and a standard deviation of 1. Although standardisation can
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Hierarchical clustering

A clustering procedure
charactorisad by the
dovelopment of a hierarchy or
treelike structura,

Agglomerative clustering
A higrarchical clustenng
procodure where each objoct
starts out in @ separate
cluster. Clusters are formed
by grouping objects into
bigger and bigger clusters.
Divisive clustering

A higrarchical clustenng
procedure where all objects:
start out in one giant cluster
Clusters are formed by
divading this cluster into
smaller and smaller clusters

Linkage methads
Agglomerative mathods of
higrarchical clustermg that
cluster objects based on a
computation of the distance
batween them.

Single linkage

A linkage mothod based on
minimum distance or the
nearest neighbour rule

Complate linkage

A limkage method that is
based on maximum distance
or the farthest neighbour
approach,

Average linkage

A linkage method based on
the average distance
betwaden all pairs of objocts,
whore one member of the
pair is from gach of the
chusters.

Figure 23.4
A classification of
clustering procedures
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remove the influence of the unit of measurement, it can also reduce the differences
between groups on variables that may best discriminate groups or clusters. It is also desir-
able to eliminate outliers [cases with atypical values).!!

Use of different distance measures may lead to different clustering results, Hence, it is
advisable to use different measures and to compare the results. Having selected a distance
or similarity measure, we can next select a clustering procedure,

Select a clustering procedure

Figure 23.4 is a classification of clustering procedures.

Clustering procedures can be hierarchical or non-hierarchical. Hierarchical clustering
is characterised by the development of a hierarchy or treelike structure. Hierarchical
methods can be agglomerative or divisive. Agglomerative clustering starts with each
object in a separate cluster, Clusters are formed by grouping objects into bigger and bigger
clusters. This process is continued until all objects are members of a single cluster.
Divisive clustering starts with all the objects grouped in a single cluster. Clusters are
divided or split until cach object is in a separate cluster.

Agglomerative methods are commonly used in marketing research. They consist of
linkage methods, error sums of squares or variance methods, and centroid methods.
Linkage methods include single linkage, complete linkage and average linkage. The single
linkage method is based on minimum distance or the nearest neighbour rule. The first
two objects clustered are those that have the smallest distance between them. The next
shortest distance is identified, and either the third object is clustered with the first two or a
new two-object cluster is formed. At every stage, the distance between two clusters is the
distance between their two closest points (see Figure 23.3), Two clusters are merged at any
stage by the single shortest link between them. This process is continued until all objects
are in one cluster. The single linkage method does not work well when the clusters are
pootly defined. The complete linkage method is similar to single linkage, except that it is
based on the maximum distance or the farthest neighbour approach. In complete linkage,
the distance between two clusters is calculated as the distance between their two farthest
points (see Figure 23.5). The average linkage method works similarly. In this method,
however, the distance between two clusters is defined as the average of the distances

v
Parallel  Optimising

v v 1

methods  methods  methods
'
Ward's method
' i '
Singe Complete AVETBEE
linkage  linkage linkage



Figure 23.5
Linkage methods of
clustering

Variance method

An sgglomearative mathaod of
hierarchical clustanng in
which clusters are generated
to minimize the within-cluster
varance.

Ward's procedure

A variance mathad in which
the squared Euclidean
distance ta the cluster
means ks minimised.
Centroid method

A variance mathad of
hiararchical clustaring in
which the distance between
twi clusters is the distance
between their centroids
|maans for all the vanabies),

Figure 23.6
Other agglomerative
clustering methods

Conducting cluster analysis

Single linkage
- -
Minimurm N
- distance -
Cluster 1 Cluster 2
Complete linkage
Baximmum
& distance o
L] L]
Cluster 1 Cluster 2
Average linkage
; Average )
distance
Cluster 1 Cluster 2

between all pairs of objects, where one member of the pair is from cach of the clusters
(Figure 23.5). As can be seen, the average linkage method uses information on all pairs of
distances, not merely the minimum or maximum distances. For this reason, it is usually
preferred o the single and complete linkage methods,

The variance methods attempt to generate clusters to minimise the within-cluster vari-
ance. A commonly used variance method is Ward's procedure, For each cluster, the means
for all the variables are computed. Then, for each object, the squared Euclidean distance to
the cluster means is calculated (Figure 25.6), and these distances are summed for all the
objects. At each stage, the two clusters with the smallest increase in the overall sum of
squares within cluster distances are combined, In the centroid method, the distance
between two clusters is the distance between their centroids {means for all the variables},
as shown in Figure 23.6. Every time objects are grouped, a new centroid is computed. Of
the hierarchical methods, the average linkage method and Ward's procedure have been
shown to perform better than the other procedures.'*

Ward's procedure

Centroid method
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MNan-hierarchical
clustering

& procedure that first assigns
or determines a clustar
cantre and then groups all
ohjects within a pre-specified
threshold valus from the
centre.

Parallel threshold method
& non-hierarchical chestenng
method that specifies
several cluster centres at
once. All objects that are
within a pre-spacifiad
threshold valuse from the
cantre are grouped together.

Optimising partitioning
miethod

& non-hierarchical clestenng
mithod that allows for later
reassignmeant of objects to
clusters to optimisa an
overall criterian.
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The second type of clustering procedures, the non-hierarchical clustering methods, are
frequently referred to as k-means clustering. These methods include sequential threshold,
parallel threshold and optimising partitioning. In the sequential threshold method, a clus-
ter centre is selected and all objects within a pre-specified threshold value from the centre
are grouped together. A new cluster centre or seed is then selected, and the process is
repeated for the unclustered points. Once an object is clustered with a seed, it is no longer
considered for clustering with subsequent seeds. The parallel threshold method operates
similarly except that several cluster centres are selected simultaneously and objects within
the threshold level are grouped with the nearest centre. The optimising partitioning
method differs from the two threshold procedures in that objects can later be reassigned
to clusters to optimise an overall criterion, such as average within-cluster distance for a
given number of clusters.

Two major disadvantages of the non-hierarchical procedures are that the number of
clusters must be pre-specified and that the selection of cluster centres is arbitrary.
Furthermore, the clustering results may depend on how the centres are selected. Many
non-hierarchical programs select the first k cases (k= number of clusters) without miss-
ing values as initial cluster centres. Thus, the clustering results may depend on the order of
observations in the data. Yet non-hierarchical clustering is faster than hierarchical meth-
ods and has merit when the number of objects or observations is large. It has been
suggested that the hierarchical and non-hierarchical methods be used in tandem, First, an
initial clustering solution is obtained using a hierarchical procedure, such as average link-
age or Ward’s. The number of clusters and cluster centroids so obtained are used as inputs
to the optimising partitioning method."

The choice of a clustering method and the choice of a distance measure are interrelated.
For example, squared Euclidean distances should be used with Ward’s and the centroid
methods. Several non-hierarchical procedures also use squared Euclidean distances,

We will use Ward's procedure to illustrate hierarchical clustering. The output obtained
by clustering the data of Table 23.1 is given in Table 23.2, Useful information is contained
in the agglomeration schedule, which shows the number of cases or clusters being com-
bined at each stage. The first line represents stage 1, with 19 clusters. Respondents 14 and
16 are combined at this stage, as shown in the columns labelled ‘Clusters combined? The
squared Fuclidean distance between these two respondents is given under the column
labelled ‘Coefficients. The column entitled “Stage cluster first appears’ indicates the stage
at which a cluster is first formed. To illustrate, an entry of 1 at stage 6 indicates that
respondent 14 was first grouped at stage 1. The last column, "Next stage|, indicates the
stage at which another case {respondent} or cluster is combined with this one. Because the
number in the first line of the last column is 6, we see that, at stage &, respondent 10 is
combined with 14 and 16 to form a single cluster. Similarly, the second line represents
stage 2 with 18 clusters. In stage 2, respondents 6 and 7 are grouped together.

Another impartant part of the output is contained in the icicle plot given in Figure
23.7. The columns correspond to the objects being clustered; in this case, they are the
respondents labelled | 1o 20. The rows correspond to the number of clusters. This figure
is read from bottom to top. At first, all cases are considered as individual clusters. Since
there are 20 respondents, there are 20 initial clusters. At the first step, the two closest
objects are combined, resulting in 19 clusters, The last line of Figure 23.7 shows these 19
clusters. The two cases, respondents 14 and 16, that have been combined at this stage
have no blank space separating them. Row number 18 corresponds to the next stage, with
18 clusters. At this stage, respondents 6 and 7 are grouped together. Thus, at this stage
there are 18 clusters; 16 of them consist of individual respondents, and 2 contain two
respondents each, Each subsequent step leads to the formation of a new cluster in one of



Figure 23.7

Wertical icicle plat using

Ward's procedure

Figure 23.8

Dendrogram using
Ward's procedure
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three ways: (1} two individual cases are grouped together, (2) a case is joined to an
already existing cluster, or (3] two clusters are grouped together.

Another graphic device that is useful in displaying clustering results is the dendrogram
{see Figure 23.8). The dendrogram is read from left to right. Vertical lines represent clus-
ters that are joined together. The position of the line on the scale indicates the distances at
which clusters were joined. Because many distances in the early stages are of similar mag-
nitude, it is difficult to tell the sequence in which some of the early clusters are formed. It
is clear, however, that in the last two stages, the distances at which the clusters are being
combined are large. This information is useful in deciding on the number of clusters.

It is also possible to obtain information on cluster membership of cases if the number

“of clusters is specified. Although this information can be discerned from the icicle plot, a
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tabular display is helpful. Table 23.2 contains the cluster membership for the cases,
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depending on whether the final solution contains two, three or four clusters. Information
of this type can be obtained for any number of clusters and is useful for deciding on the
number of clusters,

Decide on the number of clusters
A major issue in cluster analysis is deciding on the number of clusters. Although there are

no hard and fast rules, some guidelines are available,

1 Theoretical, conceptual or practical considerations may suggest a certain number of
clusters. For example, if the purpose of clustering is to identify market segments, man-
agement may want a particular number of clusters.

Table 23.2 Resulls of hierarchical clustering

Case processing surmmary™®
Cases
Valld Missing Total
N % N % M %
20 1000 1] 0.0 20 100.0
* squared Euclidean distance used, ¥ Ward finkage
Ward linkage: agglomeration schedule
Clusters combined Stage cluster firsl appears
Stage Cluster 1 Cluster 2 | Coefficients Cluster 1 Cluster 2 Next stage

i 14 16 1.000 o 0 &
2 G T 2.000 o ] T
3 2 113 3,500 0 ] 15
4 5 i | 5.000 i 0 11
5 3 8 6.500 0 ] 16
<] 10 14 B.167 o 1 2
5 & 12 10.500 2 1] 10
a 9 20 13.000 i ] 11
2 4 10 15.583 0 & 12
10 i & 18.500 0 7 13
11 b £"| 23.000 4 8 15
12 4 15 27.750 g a i7
13 1 A 33.100 10 ] 14
14 1 15 41,233 13 0 i6
15 2 ] 51.833 2 11 18
16 1 a 54.500 14 3] 18
17 4 18 T9.667 12 ] 18
i8 2 4 172.667 15 17 i9
19 1 2 328.600 16 i8 o
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Table 23.2 Continued

Cluster membership
Case Wumber of clusters
Four clustars Three clusters Two clusters
1 1 i | i |
2 2 2 2
3 1 1 1
4 3 3 2
B 2 2 2
& 1 1 1
7 1 1 1
B 1 1 1
o 2 2 2
10 3 3 2
11 2 2 2
12 1 1 1
13 2 2 2
14 3 3 2
15 1 1 1
16 3 3 2
17 1 1 1
18 4 3 2
19 3 3 2
20 2 2 2

2 In hierarchical clustering, the distances at which clusters are combined can be used as
criteria, This information can be obtained from the agglomeration schedule or [rom
the dendrogram. In our case, we see from the agglomeration schedule in Table 23,2 that
the value in the 'Coefficients’ column suddenly more than doubles between stages 17
(three clusters) and 18 (two clusters). Likewise, at the last two stages of the dendrogram
in Figure 23 &, the clusters are being combined at large distances. Therefore, it appears
that a three-cluster solution is appropriate,

3 In non-hierarchical clustering, the ratio of total within-group variance to between-
group variance can be plotted against the number of clusters. The point at which an
elbow or a sharp bend occurs indicates an appropriate number of clusters. Increasing
the number of clusters beyond this point is usually not worthwhile.

4 The relative sizes of the clusters should be meaningful. In Table 23.2, by making a
simple frequency count of cluster membership, we see that a three-cluster solution
results in clusters with eight, six and six elements. If we go to a four-cluster solution,
however, the sizes of the clusters are eight, six, five and one. It is not meaningtul
to have a cluster with only one case, so a three-cluster solution is preferable in
this situation.
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Interpret and profile clusters

Interpreting and profiling clusters involves examining the cluster centroids. The centroids
represent the mean values of the objects contained in the cluster on each of the variables,
The centroids enable us to describe each cluster by assigning it a name or label. If the clus-
tering program does not print this information, it may be obtained through discriminant
analysis. Table 23.3 gives the centroids or mean values lor each cluster in our example.
Cluster | has relatively high values on variables V| {Shopping is fun} and V, (T combine
shopping with eating out). It also has a low value on V., (I don’t care about shopping).
Hence cluster 1 could be labelled ‘fun-loving and concerned shoppers’ This cluster con-
sists of cases 1,3, 6,7, 8, 12, 15 and 17, Cluster 2 is just the opposite, with low values on V|
and V, and a high value on V,; this cluster could be labelled ‘apathetic shoppers. Members
of cluster 2 are cases 2,5, 9, 11, 13 and 20. Cluster 3 has high values on V, (Shopping is
bad for your budget), V, {T try to get the best buys while shopping) and V| (You can save a
lot of money by comparing prices). Thus, this cluster could be labelled ‘economical shop-
pers, Cluster 3 is composed of cases 4, 10, 14, 16, 18 and 19,

Table 23.3 Cluster centroids

Means of varables
Cluster v, Vs ¥, ¥, Vs Vg
numbar
1 5.750 3.625 6.000 3.125 1.750 3.875
2z 1.667 2.000 1.833 3.500 5,500 3.333
2 3.500 5.823 3,333 6,000 3.500 6.000

It is often helpful to profile the clusters in terms of variables that were not used for
clustering, such as demographic, psychographic, product usage, media usage or other
variables, For example, the clusters may have been derived based on benefits sought,
Further profiling may be done in terms of demographic and psychographic variables to
target marketing efforts for each cluster. The variables that significantly differentiate
between clusters can be identified via discriminant analysis and one-way analysis
of variance.

Assess the reliability and validity

Given the several judgements entailed in cluster analysis, no clustering solution should be
accepled without some assessment of its reliability and validity, Formal procedures for
assessing the reliability and validity of clustering solutions are complex and not fully
defensible.'* Hence, we omit them here. The following procedures, however, provide ade-
quate checks on the quality of clustering results, These are vital if managers are to
appreciate what constitutes robust clustering solutions.'

I Perform cluster analysis on the same data using different distance measures. Compare
the results across measures to determine the stability of the solutions.

2 Use different methods of clustering and compare the results.

3 Split the data randomly into halves. Perform clustering scparately on each half.
Compare cluster centroids across the two subsamples.

4 Delete variables randomly. Perform clustering based on the reduced set of variables.
Compare the results with those obtained by clustering based on the entire set of
variables.

5 In non-hierarchical clustering, the solution may depend on the order of cases in the
dataset. Make multiple runs using different order of cases until the solution stabilises.
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Conducting cluster analysis

We further illustrate hierarchical clustering with a study of differences in marketing
strategy among British, Japanese and American firms.

It is a small world'®

Data for a study of British, Japanese and American competitors were obtained from detailed
personal interviews with chief executives and top marketing decision-makers for defined
product groups in 90 companies. To control for market differences, the methodology was
based upon matching 30 British companies with their major Japanese and American com-
petitors in the British market. The study involived 30 triads of companies, each composed of
a British, American and lapanese business that competed directly with one another.

Most of the data on the characteristics of the companies' performance, strategy and
organisation were collected on five-point semantic differential scales. The first stage of the
analysis involved factor analysis of variables describing the firms” strategies and marketing
activities. The factor scores werg used to identify groups of similar companias using Ward's
hierarchical clustering routine. A six-cluster solution was developed.

Strategic clusters
Ciuster I i I v v vi
Name lnnovators Quality Price Product Mature Aggressive
markelers | promoters | markelers | marketers plshers

Size 22 11 14 13 13 17
Succassiul (%) 55 100 36 38 ¥r 41
MNationality (%)

British 23 18 G4 38 21 29
lapaness 59 45 22 31 15 18
American 18 38 14 31 54 53

Membership in the six clusters was then
interpreted against the original performance,
strategy and organisational variables. All the
clusters contained some successful compa-
nies, although some contained significantly
more than others. The clusters lent support
to the hypothesis that successful companies
were similar irrespective of nationality, since
British, Japanese and American companies
were found in all the clusters. There was,
however, 8 preponderance of Japanese com-
panies in the more successful clusters and
a predominance of British companies in the
two least successiul clusters, Apparantly,
Japanese companies do not deploy strate-
gies that are unigue to them; rather, more of
them pursue strategies that work effectively
in the British market.

The findings indicate that there are
genernic strategies that describe successful companies irrespective of their industry. Three
successful strategies can be identified. The first is the quality marketing strategy. These
companies have strengths in marketing and research and development. They concentrate

Salres:; B Getty images
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their ltechnical developments on achieving high-quality rather than pure innovation. These
companies are characterised by entreprenaurial organisations, longrangs planning &and a
well-communicated sense of mission. The second generic strategy is that of the Innovators
who are weaker on advanced research and developmeant but are entrepreneurial and driven
by & gues! for innovation. The last successful group are the mature markelers, who are
highly profit oriented and have in-depth marketing skills. All three appear Lo consist of
highly marketing-orientad businesses.

Applications of non-hierarchical clustering

684

We illustrate the non-hierarchical procedure using the data in Table 23.1 and an optimis-
ing partitioning method. Based on the results of hierarchical clustering, a three-cluster
solution was pre-specified. The results are presented in Table 23.4.

Table 23.4 Results of non-hierarchical clustering

Initial cluster centres

Cluster v, v, v, v, Ve Ve
1 B & " i 2 T
2 2 3 2 4 Fi 2
3 7 2 G 4 1 3
Iteration history®
Change in cluster centres
fteration 1 2 2
gk 2.154 2.102 2,550
2 0.000 0.000 .000

*Convergence achieved due to no or small distance change. The maximum distance by which any centra has
changed is 0.000, The current eration iz 2. The minmum distance between initial centres i 7,746,

Cluster membership

Case numbear Distance

1 1.414
1.323
2.550
1.404
1.848
1.225
1.500
2:121
1.756
1.143
1.041

2
3
d
B
=]
-
B
&

10
11

e ]
un—-ummwun—-wum%




Table 23.4 Continued

Applications of non-higrarchical clustering

Case number Cluster Distance
12 3 1.581
i3 2 2.598
14 1 1.404
it} 3 2.828
i6 1 1.624
17 3 2,508
BE: 1 2505
19 1 2154
20 2 2.102
Final cluster centres
Cluster ¥, W, vy ¥, Vs Va
1 4 & -] [ 4 6
2 2 3 2 4 & 3
3 [+ 4q =] 3 2 4
Distances between final cluster centres
Cluster 1 2 )
1 0.000
2 5.568 0,000
3 5.698 5.928 0000
Analysis of variance
Varable Cluster M5 df Error M5 or F &)
¥y 23.108 2 0.608 17 47.888 0.000
¥z 13,546 2 0.620 17 21,505 0.000
Vs 31.392 2 0.833 17 37670 0000
¥y 15.713 2 0.728 17 21,585 0.000
Ve 22.537 2 0.816 ir 27,614 0,000
¥ 12471 2 1.071 17 11.383 0.001

Number of cases In each cluster

Cluster
1 &
2 &
3 8
Missing 0
Total 20

The F tests should be used only for descriptive purposes because the clusters have been chosen to maximise
the differences among cases in different clusters. The observed significance levels are not corrected for this and
thus cannot e nterpreted as tests of the hypothesis that the cluster means are equal,
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Example

The initial cluster centres are the values of the first three cases. The classification cluster
centres are interim centres used for the assignment of cases. Bach case is assigned to the
nearest classification cluster centre. The classification centres are updated until the stop-
ping criteria are reached. The final cluster centres represent the variable means for the
cases in the final clusters.

Table 23.4 also displays cluster membership and the distance between cach case and its
classification centre. Note that the cluster memberships given in Table 23.2 {hierarchical
clustering) and Table 23.4 {non-hierarchical clustering) are identical. {Cluster 1 of Table
23.2 is labelled cluster 3 in Table 23.4, and cluster 3 of Table 23.2 is labelled cluster 1in
Table 23.4.) The distances between the final cluster centres indicate that the pairs of clus-
ters are well separated. The univariate F test for each clustering variable is presented.
These Ftests are only descriptive. Because the cases or objects are systematically assigned
to clusters to maximise differences on the clustering variables, the resulting probabilities
should not be interpreted as testing the null hypothesis of no differences among clusters.

The following example of hospital choice further illustrates non-hicrarchical clustering.

Segmentation with surgical precision'”

Cluster analysis was used to classify and segment respondents, based upon their prefer
ences for hospitals that provide Inpatient care. The clustering was based on the reasons
respondents gave for preferring & particular hospital. The demographic profiles of the
groupad respondents were compared to leam whether the segments could be identified
more efficiently,

Quick Cluster (SPSS), a minimum variance clustering method, was used for grouping the
respondents based on their answers to the hospital preference items, The sguared
Euclidean distances between all clustering variables were minimised. Because different indi-
viduals perceive scales of importance differently, each individual’s ratings were normalised
before clustering. The results indicated that the respondents could be best classified into
four clusters. The cross-validation procedure for cluster analysis was run twice, on halves of
the total sample.

As expectad, the four groups differed substantially by thelr distributions and average
responses Lo the reasons for their hospital preferences. The names assigned to the four
Eroups reflected the demographic characteristics and reasons for hospital preferences: ofd
fashlonad, afMuent, value conscigls and professional want-i-alls.

Clustering variables

&Bé

Sometimes cluster analysis is also used for clustering variables to identify homogeneous
groups. In this instance, the units used for analysis are the variables, and the distance
measures are computed for all pairs of variables. For example, the correlation coefficient,
either the absolute value or with the sign, can be used as a measure of similarity (the
opposite of distance) between variables,

Hierarchical clustering of variables can aid in the identification of unique variables, or
variables that make a unique contribution to the data. Clustering can also be used to
reduce the number of variables. Associated with each cluster is a linear combination of the
variables in the cluster, called the cluster component. A large set of variables can often be
replaced by the set of cluster components with little loss of information. A given number
of cluster components does not generally explain as much variance as the same number of
principal components, however. Why, then, should the clustering of variables be used?



Example

Internet and computer applications

Cluster components are usually easier to interpret than the principal components, even if
the latter are rotated."® We illustrate the clustering of variables with an example from

advertising research.

Feelings - nothing more than feelings'?

Polaroid has been faced with increasing competition from digital cameras, so marketing exec-
utives decided to focus on the emotional potential of its core camera line. A €15 million
campaign rolled out the tagline ‘click, Instantly" with the Implication that the Polarold camera
could change a feeling 'right there and then'. An advertising campaign was designed to
suoke amotional feelings in consumers when viewing the new Polaroid commearcials.

Polaroid based this campaign on a study conducted to identify faalings that were intu-
itivaly evoked. A total of 655 feelings were reduced to a set of 180 that were judged by
respondents to be most likely to be stimulated by advertising. This group was clusterad on
the basis of judgements of similarity between feelings resulting in 31 “feelings’ clusters.
These were divided into 16 positive and 15 negative clusters, as shown in the table

Positive feelings Negative feelings
1 Piavful /childish 1 Fear
2 Friamdly 2 Bad/ sick
3 Humorous 3 Confused
4 Delighted 4 Indifferent
5 Interested 5 Bored
-] Strong/canfident & Sad
i Warm/tender 7 Anxious
| Relaxed B Helpless,/timid
g Energetic,/impulsive 9 Ughy/stupid
10 Eager/excited 10 Pity/ deceived
11 Contemnplative 11 had
12 Pride 12 Disagreeable
13 Persuaded/expectant 13 Disgusted
14 Vigorous/ challenged 14 Irritated
15 Amazad 15 Moody/ frustrated
16 Set/informed

Thus, 655 feelings responses 1o advertising were reduced to a core set of 31 feelings.
In this way, advertisers now have a manageable set of feelings for understanding and meas-
uring responses to advertising. When measured, these feelings can provide information on
a commercial’s ability to persuade target consumers, as in the case of Polaroid cameras.

SPSS5

Internet and computer applications

The main program for hierarchical clustering of objects or cases is CLUSTER. Different
distance measures can be computed, and all the hierarchical clustering procedures dis-
cussed here are available. For non-hierarchical clustering, the QUICK CLUSTER program
can be used. This program is particalarly helpful for clustering a large number of cases. All

687



Chapter 23 « Cluster analysis

Summary

the default options will result in a k-means clustering. To cluster variables, the distance
measures should be computed across variables using the PROXIMITIES program. This
proximity matrix can be read into CLUSTER to obtain a grouping of the variables,

SAS

The CLUSTER program can be used for the hierarchical clustering of cases or objects.
All the clustering procedures discussed here are available, as well as some additional
ones, Non-hierarchical clustering of cases or objects can be accomplished using FAST-
CLUS. For clustering of variables, the VARCLUS program can be used. Dendrograms
are not automatically computed but can be obtained using the TREE program.

SNAP

Uses k-Means Clustering, the mode]l most commonly used for survey data. It allows
multiple cluster analyses to be run and saved, creating a new Single Response variable
for each saved cluster analysis. The variable appears in the variables window, now avail-
able for use in further analysis including standard tables and charts.

Minitab

Cluster analysis can be accessed in the Multivariate>Cluster observation function. Also
available are Clustering of Variables and Cluster K-Means,

&BB

Cluster analysis is used for classifying objects or cases, and sometimes variables, into rel-
atively homogeneous groups. The groups or clusters are suggested by the data and are
not defined a priori,

The variables on which the clustering is based should be selected based on past research,
theory, the hypotheses being tested, or the judgement of the researcher. An appropriate
measure of distance or similarity should be selected. The most commonly used measure
is the Fuclidean distance or its square,

Clustering procedures may be hierarchical or non-hierarchical. Hierarchical clustering
is characterised by the development of a hierarchy or treelike structure. Hierarchical
methods can be agglomerative or divisive, Agglomerative methods consist of linkage
methods, variance methods and centroid methods. Linkage methods are composed of
single linkage, complete linkage and average linkage. A commonly used variance
method is Ward's procedure. The non-hierarchical methods are frequently referred to as
k-means clustering. These methods can be classified as sequential threshold, parallel
threshold and optimising partitioning. Hierarchical and non-hierarchical methods can
be used in tandem. The choice of a clustering procedure and the choice of a distance
measure are interrelated.

The number of clusters may be based on theoretical, conceptual or practical considera-
tions. In hierarchical clustering, the distance at which the clusters are being combined is
an important criterion. The relative sizes of the clusters should be meaningful, The clus-
ters should be interpreted in terms of cluster centroids. It is often helpful to profile the
clusters in terms of variables that were not used for clustering, The reliability and valid-
ity of the clustering solutions may be assessed in different ways.



Questions

Exercises

Discuss the similarity and difference batween cluster
analysis and discriminant analysis.

What is a 'cluster’?

What are soma of the uses of clustar analysis in
marketing?

Briefly define the following terms: dendrogram,
icicle plot, agglomeration schedule and cluster
membership.

What is the most commonly used measure of
similarity in cluster analysis?

Prazant a classification of clustarng procedures,

Upon what basis may a researcher decide which
variables should be selected to formulate a
clustering problem?

Exercises

10

11

15

Why is the average linkage method usually preferred
to single linkage and complete linkage?

What are the two major disadvantages of non-
hierarchical clustering procedures?

What guidelines are available for deciding the
number af ¢lusters?

What is involved in the Interpretation of clusters?

What role may qualitative methods play in the
Intarpretation of clusters?

What are some of the additional variables usad for
prafiling the clusters?

Describe some procedures available for assessing
the quality of clustering solutions.

How is cluster analysis used to group vanables?

1 Analyse the data in Table 23.1 using the following
hierarchical methods:

a Single linkage (nearast nelghbour),
b Complete linkage (furthest neighbour),
¢ Method of centroid.

Use SPSS5, SAS or Minitab. Compare your results with
thoze given in Table 20,2,

Conduct the following analysis on the boots data
{taken from Exercise 4, Chapter 20), Consider only the
following variables: evaluations of the boots on
comfort (V.), style (V,} and durability (V,).

a Cluster the respondents based on the identified
variables using hierarchical clustering. Use Ward's
method and squared Euclidean distances. How
many clusters do you recommend and why?

b Cluster the respondents based on tha |dentifiad
variables using k-means clustering and the
number of clusters identified in part a. Compare
the results to those obtained In part a.

Analyse the Benetton data (taken from Exercise 4,
Chapter 18), Consider only the following variables:
awareness, attitude,; preference, intention and loyalty
towards Benetton.

a Cluster the respondents based on the identified
varablas using hlerarchical clustenng. Use Ward's
method and squared Euclidean distances. How
many clusters do you recommend and why?

b Cluster the respondents based on the Idemtified
variables using k-means clustering and the number
of clusters identified In part a. Compare the resulis
ta those obtained in part a,

You are a marketing research analyst for a major
girline, You have been set the task of determining
consumers” attitudes towards budget airlines.
Canstruct a 15-item scale for this purpose. Ina graup
of 5 students, cbtain data on this scale and standard
demographic characteristics from 25 male and 25
females in your community, These data should then
be used to cluster respondents and to cluster the 15
variables measuring consumer attitudes to budget
alrlines,

In a small group discuss the following izsues: The
consequences of inappropriate validation of cluster
analysis solutions can be disestrous’ and ‘user-
friendly statistical packages can create cluster
solutions in situations where naturally oocurring
clusters do not exist’.
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