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Escalating costs of health care delivery have in the recent past often made the health care
industry investigate, adapt, and apply those management techniques relating to budgeting,
resource control, and forecasting that have long been used in the manufacturing sector. A
strategy that has contributed much in this direction is the definition and classification of a
hospital’s output into “products” or groups of patients that impose similar resource or cost
demands on the hospital. Existing classification schemes have frequently employed cluster
analysis in generating these groupings. Unfortunately, the myriad articles and books on
clustering and classification contain few formalized selection methodologies for choosing a
technique for solving a particular problem, hence they often leave the novice investigator at
a loss. This paper reviews the literature on clustering, particularly as it has been applied in
the medical resource-utilization domain, addresses the critical choices facing an investigator
in the medical field using cluster analysis, and offers suggestions (using the example of
clustering low-vision patients) for how such choices can be made. Key words: cluster analysis
decisions; resource classification schemes; clustering methodology. (Med Decis Making
1995;15:333-347)

Classifying patients into groups is not a new phenom-
enon. It is a concept that, although not always rec-
ognized as such, dates back to the beginning of med-
ical science.’ In fact, it can be said that the idea is
based on the notion of a search for a. natural ordering
of things, which is a basic characteristic of human
beings.2 Fairly recent additions to this concept, how-
ever, are 1) the wide-scale application of clustering and
classification techniques to patients intra- and inter-
institutionally for determining medical resource uti-
lization and 2) the growing importance being attached
to the reliability and validity aspects of classification
procedures and the resulting schemes in general.3

Certain critical decisions must be made in order to
properly utilize cluster analysis. The purpose of this
paper is to review these decisions and, using an il-
lustrative example, demonstrate how such decisions
can be made.

The goal of clustering and cluster analysis is to
group and distinguish comparable units and to separate
them from differing units. Towards this end, cluster
analysis encompasses a wide range of statistical tech-
niques.4-77 In cluster analysis, one attempts “to group
large numbers of persons, jobs, or objects into smaller
numbers of mutually exclusive classes in which the
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members have similar characteristics.“8 The ultimate
objective is to develop clusters whose configurations
would be such that each entity in the analysis would
be classified into only a single, unique cluster. The
product of this analysis is referred to by a variety of
terms, including types, taxons, groups, classes, cate-
gories, classifications, or clusters. By extension, there-
fore, cluster analysis is also referred to as typologic
analysis, numerical taxonomy, pattern recognition,
classification, or botryologv.2 Although the foregoing
implies that classification can (as is frequently the case
in the literature) be used synonymously with cluster-
ing, clustering is associated with the concept of form-
ing classes, whereas classification has been used in
the sense of identifying or assigning individual objects
to predetermined classes based on specific criteria.9

The two address different, albeit related, tasks, since
one (clustering) typically precedes the other (classifi-
cation). Frequently, cluster analysis is used to deter-
mine groups so that subsequent assigning of new ob-
jects to these groups can be achieved.9,10 Discriminant
analysis, a classification technique, is widely used to
achieve these subsequent assignments or identifica-
tions.

Cluster analysis has been applied for such varied
objectives as finding a true typology,  model fitting,
prediction based on groups, hypothesis generation,
hypothesis testing, data exploration, data reduction,
and grouping similar entities. into homogeneous
c l a s s e s . 2 , 5 , 7 , 1 1 - 1 3  It, alongwith classification techniques,
has been used extensively for medical resource clas-
sification. For example, table 1 summarizes various
characteristics of resource grouping schemes in both
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Table 1 l Summary of Patient Resource Utilization Schemes

Patient Resource
Classification Scheme Setting

Purpose of
Scheme

Scheme’s
Cluster

and
Validation

Method
Sample

Size
Groups

Obtained
Nature of
Scheme* Reference?

Professional Activity
Study (PAS)70

Patient Classification by
Type of Care (PCTC)

Diagnosis-related Groups
(DRGs)

Diagnosis clusters

Reason for Visit Classifi-
cation (RVC)

Ambulatory Visit Groups
(AVGs)

Products of Ambulatory
Care (PACs)

Low Vision Patient Re-
source Groups
(LVPRGs)

Inpatient

Inpatient

Inpatient

Outpatient

Outpatient

Outpatient

Outpatient

Outpatient

Length of stay
(LOS) bench-
marks

Assessment
classification,
and place-
ment

Reimbursement
and case mix
management

Code diagnosis

Code patient’s
reason for
visit

Reimbursement
and link with
DRGs

Reimbursement

Generate pa-
tient iso-re-
source
groups

Expert intuition

Expert intuition,
discriminant
analysis, and
Bayesian pro-
cedures

Expert intuition
and AUTOGRP

Expert intuition

Expert intuition
and summary
statistics

Expert intuition
and AUTOGRP

Expert intuition,
SAS, and
AUTOGRP

Expert intuition,
block cluster-
ing, and repli-
cation

n/a$

585

702,000

98,332

n/a5

10,145

10,000

99 by 2

7,000 Post-classifi- CPHA, 1976’O
cation

5 Pre-classifi- Bay et al.,
cation 1 9823

Bay et al.,
19796’

475 Post-classifi-
cation

92 Post-classifi-
cation

7 modulesg Post-classifi-
cation

570 Post-classifi- Fetter et al.,
cation 199143

24 Post-classifi- Tenan et al.,
cation 1988”

5 Post-classifi- Dilts et al.,
cation 1994”

Fetter et al.,
1 98045

Fetter et al.,
199143

Scheneeweiss
et al., 1983@

Schneider et al.,
197983

*Post-classification is classification after the patient consumes health care resources and pre-classification is classification before the patient consumes the
health care resources.

t For complete reference citations, see the reference list.
*This  scheme was not derived from any formal sample. Instead it split patient data from participating hospitals into patient classes on the basis of primary

diagnosis, secondary diagnosis, and age.
lThis  scheme used no formal sample. It is based on data previously collected by the National Ambulatory Medical Care Survey and categorizes the reasons

(provided by patients for visiting their physician) into seven modules, each of which can be further split into hundreds of specific codes.

inpatient (acute and long-term) and outpatient (am-
bulatory) health care settings. All, except for patient
classification by type  of care (PCTC), set out to “dis-
cover” the latent patient groups in the data. PCTC’s
aim is one of “placing” patients into predetermined
groups, hence its use of discriminant analysis.

When reviewing methodologies used to build exist-
ing medical resource classification schemes, it be-
comes apparent that there is a standard set of deci-
sions that must be made when doing medical clustering.
These decisions have not received prominent atten-
tion in the proliferation of literature that has accom-
panied the wide-scale application of clustering tech-
niques. The focus of our paper is on that portion of
the literature concerning conventional clustering pro-
cedures, which facilitates an understanding of how
clustering methods may be used to develop patient

resource utilization classification schemes and what
decisions are required to use such methods.

Below is an illustrative example of a patient resource
classification need in a low-vision clinic. This example
is used throughout the paper to demonstrate the de-
cisions to be made when collecting and analyzing
medical resource data using cluster analysis (see Dilts
et al.” for more details of the setting and the problem).
Next, the issues regarding the clustering process are
discussed. The process begins with sampling, followed
by choice of data attributes, where the variables, data
scales, and dimensional analysis are all selected. The
choice of a similarity measure is discussed, as is the
determination of how to deal with missing data. The
various types of clustering algorithms are then re-
viewed. Determining the optimal number of clusters,
interpreting the resulting clusters, and validating them,
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complete the discussion of using cluster analysis in
medical resource classification. Finally, the paper clo-
ses with a recapitulation of the decision choices.

Two issues noted in the literature are worth point-
ing out initially. First, it is readily apparent, even in
the most recent material, that there are certain ger-
mane pieces of work that are frequently used as au-
thoritative references. They include those of Ander-
berg,l4 Sneath and Sokal,15 Everitt,l2 Lorr,16 a n d
Romesburg,133 among others. Because they are the au-
thoritative sources we likewise often refer to them.
Second, in spite of the proliferation of clustering al-
gorithms in the recent past, many of the contemporary
techniques are essentially adaptations of older, more
frequently utilized, algorithms, such as single linkage,
complete linkage, and ward’s method. Algorithm mod-
ifications are often developed to make the new tech-
nique suitable for a given application area, to take into
account some specified aspect, or to overcome a weak-
ness of the original algorithm. The result is an explo-
sion of the number of clustering algorithms in exis-
tence. This makes an exhaustive review of existing
clustering techniques impracticable. However, as our
intention is to discuss the decisions required to ef-
fectively utilize the major cluster analysis techniques,
our primary attention will be on the few key foun-
dation methods. Readers are encouraged to follow up
on the “newer” techniques that seem promising for
their specific situations.

An lllustrative Example

Let us assume, for illustrative purposes, that inves-
tigators are faced with the following scenario. The ob-
jective is to discover whether latent groupings exist
among patients utilizing a low-vision clinic’s re-
sources. There is no pre-existing grouping of such
specialty patients. It is envisaged that once groups are
identified and proven robust, the clusters can aid in
the prediction of the resources a given patient type
will require in a typical visit to the clinic. The inves-
tigators’ immediate task is to generate clusters of pa-
tients whose members demonstrate similar resource
utilization patterns. They are, however, constrained
by two sub-objectives, namely: 1) that the groupings
generated be reasonable in number, that is, not so
numerous as to consist of a few patients each (i.e.,
with some clusters being rarely seen), and not so few
as to be meaningless (i.e., with some clusters being
too general); and 2) that the clusters generated be med-
ically and resource meaningful. Not only should they
be easily understood when they are described to a
low-vision clinician, but also the clinician should be
able to relate to these clusters and to identify a par-
ticular low-vision management process for patients in
each cluster.

Low vision describes a condition afflicting about 1%
of the Canadian and U.S. populations wherein visual

performance is diminished to such a level that affected
individuals are unable to perform common age-related
tasks in spite of conventional medical, surgical, and/or
optometric therapy.1 7 , 1 8  A low-vision clinic provides
diagnostic, therapeutic; and patient care services that
are geared towards lessening the functional impact of
this visual impairment sufficiently that the ensuing
disabilities are significantly reduced or eliminated al-
together.18

A service encounter at a low-vision clinic requires
a patient to complete a process that first attempts to
identify and ‘describe any outstanding visual disabil-
ities through an extensive case history investigation.
This is followed by an examination designed to expose
and quantify all hidden or manifest visual impair-
ments that have contributed to the reported disabil-
ities.” Most school-aged (and other interested) pa-
tients also undergo a high-technology assessment that
determines their visual performances and adaptations
in connection with computer access and closed-cir-
cuit television (CCTV)  for educational and/or voca-
tional purposes. Depending upon a variety of factors,
patients may also use the services of electrodiagnostic
assessment, ocular health, or spectacle therapy.

Further, the therapy given in the clinic consists of
prescribing sight-enhancement (or sight-assistive) de-
vices and/or  recommending suitable task modifica-
tions. The devices prescribed may be optical in nature,
such as spectacle microscopes or telescopes, or non-
optical, such as reading stands or signature guides.
The patient’s progress over time is monitored through
follow-up and reassessment visits.

It has been established that, on average, there is at
least a six-month interval between the first contact and
a patient’s first visit to the clinic. Although it may be
medically desirable for time to elapse between first
contact and actual patient visit, there is a need to
reduce this service delivery delay. Currently, the clinic
informally divides patients into two broad categories
(students and adults), and, in most cases, patients in
a given category are booked for the same sets and
lengths of services.

From the clinic’s records, the investigators can col-
lect a wide variety of data pertaining to each patient’s
demographic, diagnostic, and therapeutic character-
istics in the study sample. It is important to bear in
mind that any single surrogate measure, such as dol-
lars, cannot be used to predict specific resource uti-
lization. For example, determining the dollar cost for
a patient visit does not inform the clinic as to which
clinical services (ocular health, high-technology as-
sessment, spectacle therapy, etc) were used. To use
scheduling, planning, and control techniques that have
been used successfully in other settings, it is vital that
the use of specific clinic resources be determined in
the clusters,

Using a technique such as multiple regression is
inappropriate for this problem, for a variety of reasons.
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First, the objective is to discover the interdependence
of multiple variables with regard to utilization of a
variety of clinical resources. Regression analysis fo- 
cuses on determining the dependency relationship of
a single dependent variable (such as time or cost) from
a set of independent variables. Second, a single de-
pendent variable would not supply the clinic decision
makers with the appropriate information, as their in-
terest is on how to determine which set of patient
groups uses which set of resources. They are con-
cerned not with how the groups affect a single de-
pendent variable such as cost or time, but with how
each cluster of patients may be related to different
clusters of resources. Third, from a statistical per-
spective, standard stepwise regression analysis begins
by finding the single independent variable that best
predicts the dependent variable, then enters a second
independent variable such that the two independent
variables best predict the dependent variable, and so
on. The problem with this approach is that, if there
are three or more variables that are highly correlated
with the initial variable, they will not appear in the
regression equation as good predictors of the depen-
dent variable. Cluster analysis circumvents this diffi-
culty by grouping these highly correlated variables to- 
gether when determining the set of clusters.

The Clustering Process
It is generally agreed that in order to generate sub-

groups from a given set of entities on some basis of
similarity, a process involving a sequence of critical
steps should be followed.6,8,9 In essence, these steps
entail answering the following questions: What kind
of sample should be collected? What kinds of attri-
butes (variables) should be measured or recorded? How
should missing values, if any, be treated? What mea-
sure of similarity should be chosen to compare the
entities? What cluster-search technique or techniques
should be used? What is the optimal number of clus-
ters? What benefit is derived from the clusters gen-
erated? How accurate are the clusters? These deci-
sions are interdependent and none should be addressed
in isolation. Each of these questions is treated as a
decision point and dealt with in turn below.

SAMPLING

Subjects used in a cluster analysis typically repre-
sent a sample from a much larger population where
the overriding consideration in sampling is to ensure
that all types of individual variation in the population
of interest are represented in the sample. An effective
procedure should therefore be devised for screening
the sample objects in order to select the relevant ob-
jects while culling out those that are inimical to the
purpose of the analysis.

In spite of the aforementioned concern, there is little

agreement in the clustering literature on how the sam-
pling process should be conducted. Some authors hold
the view that the process “should ensure that ‘all data
units have an equal opportunity to be selected as part
of the sample.“’ Thus, any group believed to be pres-
ent in the data should be represented in the sample
in proportion to its relative size. This implies strict
adherence to statistical approaches of random sam-
pling and independence.

Maintaining a less stringent position, others feel that
the statistical principles of random and independent
selection should not be applied strictly since not all
cluster analyses are concerned with hypothesis test-
ing.” They argue that under random selection, small
or rare groups in the data tend to become lost in the
larger groups, hence it is necessary to be selective
about the data units in order to obtain any sizeable
sample from such groups. They also feel that situa-
tions in which the selection of some units promotes
the candidacy of others should not be avoided alto-
gether. Instead, such situations should be exploited
for evidence of association rather than neutralized in
deference to independence.

Turning to our example, the restrictive random sam-
pling approach is not congruent with the objective of
discovering any possible clusters. Investigators thus
should follow the selective sampling approach to
achieve a reasonable number of medically meaningful
clusters. They should ensure not only that all the in-
formal groupings used by the clinic’s personnel be
well represented in the sample, but also that the sam-
ple reflect the clinic’s general patient population in
terms of gender, age, eye condition, additional im-
pairments, and other characteristics that may be used
to distinguish between patients,

CHOICE OF VARIABLES

It is frequently stated in the literature that this step
probably has the greatest influence on the clusters that
are finally obtained from the analysis. Having deter-
mined the sample of entities, investigators must spec-
ify a domain that will constitute the basis of classifi-
cation.2 Lorr16 notes that similarity is not a general
quality of all elements; elements in a sample may be
similar in one domain (e.g., political attitude) but quite
disparate in another (e.g., food preference). Domains
should not be mixed. In our example, the domain of
interest is the utilization of the clinic’s resources by
the patients; hence only those items that may affect
resource usage should be collected. Several additional
decisions must be made when choosing attributes or
variables.

Variables

Each of the elements of the sample must be con-
sistently described in terms of the variables that mea-
sure the domain of interest. There is a need to include
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all variables that are broadly representative of the do-
main in such exploratory research. If relevant variables
are left out of the analysis, there is a danger that other-
wise distinctive groups will remain ambiguous.*“ On
the other hand, including strong discriminators not
relevant to the purpose at hand is undesirable because
they may mask the sought-for groupings and give mis-
leading results.

Over time, different approaches have been used to
confront this issue. Zoologists use the “hypothesis of
nonspecificity,” which assumes that the classification
structure is dependent on many variables, any single
one of which can be deleted or added without no-
ticeable effect.*” This, in large part, explains why nu-
merical taxonomy classifications often involve large
numbers of variables. Behavioral and social scientists,
statisticians, and engineers, on the other hand, em-
phasize parsimony and seek to minimize the number
of variables measured. The latter approach places a
premium on wise selection of variables both for rel-
evance and for discriminating power. The lack of pre-
theory in the area of interest may force an investigator
to use a combination of both approaches.” This would
mean beginning with a large number of variables, most
of which may later be found not to be relevant to the
purpose of the investigation. After the irrelevant vari-
ables have been weeded out, a more parsimonious set
of variables would remain for analysis.

Since the goal in our example was to identify iso-
resource groups (groups of patients demonstrating
similar levels and patterns of the resource demands
imposed on the clinic), the investigators originally
identified all potentially relevant variables. Over 250
potential variables were collected in total. It was quickly
discovered that the majority of these variables had
either little variation or little relation to resource usage.
The collection of variables was then refocused pri-
marily on resource variables. First, all available data
were scrutinized to determine whether they related
to resource utilization. A variable was considered to
be a resource measure if it identified a service, a fa-
cility, an outcome (i.e.,  purchase of a device), or the
time expended by the clinic on the patient. Non-re-
source variables were discarded when it was deter-
mined that they could not be used to supplement the
resource variables in distinguishing between the pa-
tients. Given the initial nature of the study, however,
a large number of additional variables should be col-
lected, which may be discarded after further analysis.
In the example, the original set of 256 was reduced to
44 key variables.

Data Scales

Once the foregoing issues have been resolved, the
data for analysis are constituted in a sample of N en-
tities or objects described or measured on each of M
variables. These are assembled in a data matrix of N
rows and M columns. Before the next stage in the

process can be attempted, the issue of what data scales
to use must be addressed.

When conducting cluster analysis, an investigator is
likely to encounter all four basic types of data scales,
namely; nominal, ordinal, interval, and ratio.13,14 Nom-
inal scales distinguish between unordered classes, or-
dinal scales provide an ordering of the objects, interval
scales augment the foregoing characteristics by also
specifying the distance between objects, and ratio scales
are simply interval scales with a true zero point. Var-
iables on nominal and ordinal scales are usually re-
ferred to as categorical or qualitative variables, whereas
those on interval and ratio scales are termed quanti-
tative or numerical variables.

Some researchers contend that the only admissible
descriptive statistics for nominal scales are mode, fre-
quency counts, and the contingency coefficient C. Me-
dian and rank order correlations such as Spearman’s
or Kendall’s tau are admissible for ordinal scales,
whereas all parametric statistics, such as means, stan-
dard deviations, and correlations, may be computed
only for the quantitative scales. On this basis, it is
argued that since most social science measures are
categorical in nature (or at best, simple approxima-
tions of interval scales), it may be inappropriate to
compute indices such as correlations and distances
between entities.16

This view originates from what was first suggested
by Stevens” and later expounded by authors such as
Siegel,20 Blalock,21* and others, who insist that para-
metric procedures are acceptable for quantitative var-
iables, whereas nonparametric procedures are re-
quired for categorical scales. A dissenting position is,
however, held by many other researchers, including
Lord,22 Burke,23 Anderson,24 McNemar,25 and Gaito,26

 who feel that statistics apply to numbers rather than
to things and that these “numbers do not remember
where they came fram.” Consequently, although a
knowledge of indiaes is needed, indices of similarity
such as distances and correlations may be computed
even for categorical scales.

This controversy about data scales accounts for the
lack of unanimity in the literature regarding what sim-
ilarity measures should be used where. In general,
clustering techniques assume a homogeneity of scale
types, whereas actual data sets usually involve mixed
scales.122 This problem can be overcome by choosing
the dominant scale in the data and suitably trans-
forming the variables into this one scale type to achieve
homogeneity.2,14

Transformation techniques are amply covered in the
literature.‘” It should be noted, though, that transfor-
mations do entail certain “costs.” If scales are ranked
in a sequence reflecting decreasing complexity and
information demands, the resulting order is: ratio, in-
terval, ordinal, and nominal. Investigators are cau-
tioned that transforming a scale upwards (to ratio)
implies gathering of additional information, whereas



338 0 Dilts, Khamalah, Plotkin MEDICAL DECISION MAKING

transforming downwards (to nominal) means forfeit-
ing some information.2,14

In the example at hand, the cost of transforming
upwards is so prohibitive as to leave the investigators
with no choice but to go downwards. It would have
been extremely difficult to develop a scale that would
have allowed many of the variables to be ratio or in-
terval in nature. Hence, the resulting data set was con-
verted to a completely categorical data set. Another
option is to treat categorical data, where the variables
have many levels, as binary data, with each level being
regarded as a single binary variable.16 The disadvan-
tage of this approach is the rapid explosion in the
number of variables; hence it was not selected.

Data Rationalization

In almost every classification study, the issue of how
many variables are desirable must inevitably be ad-
dressed.l2 The tendency is to take more rather than
fewer variables. This subsequently poses another
problem, because, in clustering, the amount of com-
putation increases dramatically with an increase in
the number of variables. It is also difficult to avoid
some element of redundancy when numerous varia-
bles are used. A key consideration here, however, is
that it is much harder to describe and explain the final
clusters on numerous variables, say 400, than it is on
fewer variables, say 15.16

It has been suggested that the problem be tackled
by first performing dimensional analysis (factor anal-
ysis) on the data and then using the more parsimon-
ious principal component or factor scores as input
variables for the clustering process.12,16 This, however,
presupposes that the existence of numerical variables
in the data can be demonstrated.27-29 It also behooves
the investigator to interpret or infer meaning into the
principal components or factors used-a necessary
requirement if the final clusters are to be interpretable.

After sifting out those variables inimical to the pur-
pose of the study, the remaining set may be so frugal
as to make dimensional analysis unnecessary. Such is
the case in our example, as 44 variables can easily be
analyzed with existing statistical software. For a listing
of the resulting variables and data scale, see the ap-
pendix.

DEALING WITH MISSING VALUES

It frequently happens that the data set being ana-
lyzed has “holes” in it, that is, it has missing values.2
A missing value results from any one of a number of
causes: it may not have been recorded due to oversight
or lack of time, it may simply not be available, it may
be impossible to measure the desired feature, or it
may have been recorded and lost.2,13

Several ways of handling missing values exist. In
clustering, however, it is usually necessary to replace
the missing value with some estimate, because most

clustering techniques will either cease operating if them
are missing values or delete all data on any entities
with missing values.29 The danger here is the tendency
to get artificially higher measures of similarity from a
data set with missing values in it than would have
been the case if there had been no missing values.‘”
There is a need therefore to replace the missing values
with estimates.

In quantitative data scales a missing value can be
replaced with the mean of values present on that var-
iable.2 Qualitative data scales, however, present a spe-
cial problem, because it may not be possible to cal-
culate the mean on a given variable. Even if the mean
can be obtained, it is at best meaningless, especially
on a nominal scale. It is therefore helpful to resort, for
instance, to a technique that uses the patterns of re-
lated variables to estimate and replace missing values
in the data.30

In our example, certain variables were deleted due
to excessive missing values. For the remaining varia-
bles, either the missing data were estimated or addi-
tional information was gained by inspection of patient
records directly. With the goal of determining whether
clustering was even possible in the low-vision clinic
setting, this handling of missing values was considered
acceptable. It would not be acceptable if formal hy-
potheses were to be tested.

CHOICE OF SIMILARITY MEASURE

Most conventional clustering algorithms begin with
the calculation of a matrix of similarities. Many diverse
similarity measures are used in cluster analysis, and
they are extensively covered in both statistical and
clustering literature.4,6,12-14,31,32  Some wroiters &tide

similarity measures into four groups, namely: corre-
lation coefficients, distance measures, association
measures, and probabilistic similarity measures.4,12

Correlation coefficients are the similarity measures most
commonly used in the social sciences.14 Of these, the
most widely known is Pearson’s product-moment
correlation coefficient. It is also pointed out that this
measure is used only with quantitative data scales,
and with binary data (where it is transformed into the
phi coefficient).

Distance measures, on the other hand, can take on
any non-negative value. The most common distance
measures are Euclidean metric, Manhattan or city block
metric and the “sup” distance (all three commonly
referred to as the Minkowski metrics), and the Ma-
halanobis distance.” The Calhoun distance and the
Lance and Williams non-metric distance are other
measures proposed in the literature. These, however,
are also applicable only to quantitative variables.14

Association coefficients measure the relationship
between two entities by the values they assume in a
given set of variables common to both. In general, these
measures take values in the range of 0 to 1, and in
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many cases the variables are of the “presence” or “ab-
sence” type (i.e., binary). A value of 0 indicates that the
objects are not similar, whereas 1 indicates maximal
similarity. Qualitative variables with many levels can
be treated as if each level were a binary variable2,12 A
large number of these coefficients have been proposed
in the literature. The most commonly used, however,
are three: a simple matching coefficient, Jaccard’s
coefficient, and Gower’s coefficient.5

Unlike the foregoing similarity measures, probabi-
listic similarity coefficients do not calculate similarity
between two cases. Instead, they work directly on the
raw data. When used in the formation of clusters, the
information gain of the combination of two cases is
evaluated, and that combination of cases that provides
the least information gain is fused into a single clus-
ter.12 These coefficients can be used only with binary
data.

The x 2 statistic and several other measures based
on it, including the coefficient of contingency, C, have
been suggested for use as similarity measures, but this
is disputed by a number of researchers, who maintain
that although they may be good tests of hypotheses,
such statistics perform poorly as measures of asso-
ciation.14,33

Different indices used on the same data give differ-
ent results of similarity between entities, and, as in
several other areas of clustering literature, there is no
firm agreement as to which index is the most suitable.
As one sage puts it,

. . . the choice of the correct measure to use would be
much simpler if we had prior knowledge of the struc-
ture of the data, but this is essentially what we are trying
to uncover, and so we encounter a basic circularity-
if we knew the clusters we could define the appropriate
metric, and if we knew the appropriate metric we could
extract the clusters.12

What compounds this problem in a practical sense is
that measures useful for qualitative variables have not
received prominent attention in the clustering pro-
cedures of commonly available statistical packages.
Thus, the problems associated with finding ideal dis-
tance and similarity measures, and a suitable software
package to analyze such data, give those clustering
algorithms that do not rely heavily on such choices a
definite advantage12

The qualitative nature of the data in some studies,
our example being a case in point, precludes the usage
of most of the similarity measures discussed above. In
such cases, the issues to be addressed are reduced to:
Which one, among the available clustering techniques
can handle qualitative data? and Which similarity
measure does the technique use? The task becomes
one of first identifying the technique and then cal-
culating the similarity measure it requires from the
data.
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CHOICE OF CLUSTERING ALGORITHM

Several reviews of cluster analysis techniques have
been c o m p l e t e d . 5 , 6 , 1 2 , 1 4 , 1 6 , 3 0 , 3 4 - 3 8  The myriad clustering
algorithms in existence today make a detailed discus-
sion impossible in this paper. Instead, an overview of
the major generic types of algorithms is given, with
brief specific examples highlighted when possible. The
focus of the review is on the conceptual rather than
the mathematical foundation of the algorithms. We
follow the recent convention of dividing the algorithms
into “hierarchical” and “partitional” and group those
that do not conveniently fit into these two under a
third category, “other.”

Hierarchical Algorithms

Hierarchical algorithms do not generate clusters in
one step. Instead, they first split the data into a few
broad clusters, each of which is further subdivided
into smaller clusters, and the process repeats itself
until terminal clusters that cannot be further subdi-
vided are obtained. Techniques using this approach
are of two basic types: agglomerative and divisive. Ag-
glomerative techniques proceed by a series of succes-
sive fusions of the N objects into groups, whereas di-
visive algorithms progressively partition the set of N
entities into successively smaller sets. Thus, agglom-
erative methods build an inverted tree or dendrogram
structure from branches to the root, and divisive meth-
ods begin at the root and form a branching sequence.16

A feature that has been both a weakness and a strength
for hierarchical techniques is that once a fusion or
division is made it is irrevocable.2

One of the primary advantages of hierarchical al-
gorithms is that they can be used in situations where
the optimal number of clusters is not known before-
hand. All possible configurations are provided, and the
investigator must select the most appropriate one.

Agglomerative methods begin by computing a sim-
ilarity or distance matrix between the entities in the
data set. They then proceed by successively fusing the
objects or groups closest to one another until one
group is finally achieved.  Many specific agglomerative
algorithms exist. A few of the most widely known are
summarized in table 2. It is worth pointing out that
their differences arise because of the different ways
they define distance (or similarity).

In divisive methods, given that there are 2N-1 - 1
ways of splitting a set of N entities into two subsets,
considering all possible ways of splitting becomes pro-
hibitive, especially as N becomes large. Restrictions
must thus be imposed on the number of divisions
considered, and these give rise to monothetic and
polythetic divisive methods. Monothetic methods are
based on the possession of a single binary attribute
that is used to split a set of entities, whereas polythetic
methods rely on several variables shared by the mem-
bers of a cluster.12,16 Table 3 presents a summary of
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Table 2 l Hierarchical Agglomerative Algorithms

Method
Definition of Distance between Clus-

ters for Fusion Remarks References*

Nearest neighbor (single
linkage)

Furthest neighbor (com-
plete linkage)

Centroid method

Average linkage

Median method Distance between cluster medians

Ward’s method Uses error sum of squares (ESS)

Distance between their nearest pair
of members

Distance between their most remote
pair of members

Distance between their centroids
(variable means across the clus-
ter)

Average distance between all pairs
of their members

May result in long straggly clusters

May result in small compact clusters

Smaller groups could be lost in the
larger groups

Could miss outliers

Similar to centroid but avoids the
tendency of small clusters to be
lost in larger groups after fusion

Fuses the two clusters whose fusion
results in the minimum increase
in ESS

Anderberg, 1 973 14

Everitt, 198012

Zupan, 198271

Lorr, 1 98316

Aldenderfer et al., 1 9845

Jain et al., 19886

Kaufman et al., 19902

Anderberg, 1 973 14

Everitt, 1 98012

Zupan, 198271

Lorr, 1 98316

Aldenderfer et al., 19845

Jain et al., 19886

Kaufman et al., 19902

Fisher, 196972

Anderberg, 1 973 14

Everitt, 1 98012

Zupan, 198271

Lorr, 1 98316

Jain et al., 19886

Kaufman et al., 19902

Anderberg, 197314

Everitt, 1 98012

Lorr, 198316

Aldenderfer et al., 1 9845

Jain et al., 19886

Kaufman et al., 19902

Anderberg, 1 973 14

Everitt, 1 98012

Lorr, 1 98316

Jain et al., 19886

Kaufman et al.. 19902

Anderberg, 1 97314

Biljen, 19734

Everitt, 1 98012

Zupan, 198271

Lorr, 1 98316

Aldenderfer et al., 19845

Jain et al., 19886

Kaufman et al.,19902

*For complete reference citations, see the reference list.

the main features of these methods.
The dissimilarity analysis method developed by

MacNaughton-Smith et a1.3g  is the most common of
the polythetic methods used in divisive algorithms. In
this method, a splinter group is accumulated by the
sequential addition of the entity whose total dissim-
ilarity with the remainder less its total dissimilarity
with the splinter group is a maximum. The process is
repeated on the two subgroups when this difference
becomes negative.

Monothetic methods are applied in cases involving
binary data. The data set is divided into those entities
possessing, and those lacking, some specified attrib-
ute. Examples include the association analysis
method40,41 (and its several variants), and the auto-

matic interaction detector (AID).42 Although the latter
was not initially designed to be a clustering technique,
it has been found useful for clustering tasks and is
often cited as a monothetic divisive method. A varia-
tion of AID, the AUTOGRP, has been used in such re-
source classification schemes in the medical field as
DRGs 4 3  AVGs 4 33 and PACs.44

 AUTOGRP was designed to
handle large amounts of data, a feature lacking in AID.45

Partitioning (Optimization, K-Means) Algorithms

Unlike hierarchical methods, partitioning methods
permit the reallocation of entities, thus allowing a poor
initial partition to be corrected at a later stage. They
partition the data set in a way that optimizes a pre-
determined criterion (hence the alternative title of op-
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Table 8 l Hierarchical Divisive Algorithms

Type of
Method Basis of Division between Clusters Remarks Examples References*

Monothetic A single binary attribute Clusters are formed on the basis of
having or not having a given at-
tribute

Association analysis Anderberg, 197314

AID Everitt, 1 98012

AUTOGRP Fetter et al., 199143

Lorr, 1 98316

Tenan et al., 198844

Polythetic Several attributes possessed by the
cases in a cluster

A new cluster is accumulated by
adding cases that are most dis-
similar to existing clusters

Dissimilarity analy-
sis

Lorr, 1 98316

*For complete reference citations, see the reference list.

timization). Their general forms are largely similar-
they all require 1) that the number of clusters (k) be
determined beforehand; 2) a definition of the cluster
mean or centroid (hence the alternative title of K-means
methods); and 3) a distance/similarity measure (most
use Euclidean distance1.16,36

It is worth noting that two issues serve to distinguish
between the many variations of these methods, namely
the approach they use to obtain an initial partition of
the data and the clustering criterion that is optimized.
Starting on the premise that the investigator would
like to have the entities divided into k clusters, most
of the partitioning techniques begin by finding k points
in the n-dimensional space that act as initial estimates
of the cluster center.l2 For example, MacQueen’s  method
selects the first k points in the sample as the initial k
cluster mean vectors6 Beale’s  method46 begins with a
trial value of k larger than is considered necessary and
sets up cluster centers regularly spaced at intervals of
one standard deviation on each variable. The number
of clusters is thereafter reduced until criterion based
on the residual sum of squares is satisfied. Thorne-
dike’s method”’ selects the k points furthest apart.

After these k starting points have been selected, en-
tities are allocated to the cluster whose center they
are nearest to in terms of the Euclidean distance. The
estimate of the center may be updated after each ad-
ditional entity joins the cluster, or only after all the
entities have been allocated. Employing coarsening
and refinement parameters at the analyst’s disposal,
these methods allow k to change during the clustering
process by enforcing the division of a cluster with a
large within-cluster sum of squares or by the fusion
of two clusters with a small between-cluster sum of
squares . 6 ,16

Once an initial classification has been determined,
a search is made, using a variety of mechanisms, for
entities whose reallocation to another cluster would
bring an improvement in the criterion being optimized
in the classification. This procedure is continued until
no further reallocation of a single entity can produce
a better criterion value. A local optimum is then said
to have been reached and this solution may be ac-
cepted, or alternatively, the procedure may be re-
peated using a different starting configuration.5,12

A general flaw with these methods is that it usually
cannot be determined whether global maxima have
been achieved. Despite this, the methods have been
applied in a number of studies.6,14 It is also worth
noting that these methods require the investigator to
control the clustering process through a number of
parameters, for instance, desired number of clusters,
level of optimization, and type of refinement criteria.
Most of the available statistical packages do provide
an investigator with the flexibility to achieve the de-
sired combination of cluster initiation, reallocation of
entities, and stopping rules from the numerous pos-
sibilities entailed by these methods. Although this
may be desirable in situations where some idea of the
final output is known beforehand, it is a definite draw-
back where the opposite is the case.

Other Algorithms

Some methods, frequently referred to as density
search or mode-seeking analysis, were developed to
overcome the chaining problem in single linkage
methods, that is, the tendency of an algorithm to in-
corporate entities into existing clusters rather than to
initiate new clusters.12 These techniques adopt an ap-
proach that seeks regions of high density or modes in
the data, each mode being taken to signify a different
cluster.6

An example is the taxometric  map method,14 which
initially forms clusters in a manner similar to single
linkage, but adopts some criteria for judging when
additions to the clusters should stop. One of the cri-
teria used is that of subtracting the drop in average
similarity on addition of an entity to the cluster from
the new average. This value decreases smoothly until
a discontinuity is reached. Another criterion is the
ratio of the minimum similarity between any pair of
points already in the cluster to the minimum similarity
of the incoming entity and any point in the cluster.
The chief drawback here is that the investigator must
choose from numerous parameters to control the
method.

Other examples include Girman and Levine’s
method48 for detecting unimodal fuzzy sets, and the
mixture methods of Pearson, Cohen, Bhattacharya and
Hazel.” Like their partitioning cousins, these algo-
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rithms also suffer from the problem of suboptimal so-
lutions, since there may be more than one solution.

There are numerous other techniques that attempt
to address some of the limitations of the more com-
mon algorithms. Rohlfs method49 overcomes the
problem of scaling and correlation between variables
by adopting a sequential scheme for cluster formation
in which distances from an object already in a cluster
are measured in the local geometry of that cluster.
Hartigan50-522 describes a method that simultaneously
clusters both the entities and the variables. This method
sidesteps the issue of similarity/distance measures by
seeking modal values that blocks of entities assume
on blocks of variables. The blocks identify the latent
clusters in the data.

Other methods under this category include an in-
verse of the “Q” factor analysis,53 latent structure anal-
ysis?” Ling’s,555 Wong and Chiu’s method56 for detect-
ing clusters in mixed-mode data, and many more. The
voluminous and diverse literature on the conventional
and other more specialized clustering algorithms in
existence makes the choice of a clustering technique
difficult for the novice investigator. It is worth noting
that most of the numerous algorithms cited in the
literature today either incorporate features of those
algorithms discussed or are variations to adapt to the
discipline in which the method is being applied.2 Table
4 summarizes the main features of two of these “other”
methods.

Table 5 summarizes the clustering methods in the
commonly available statistical packages. For similar-
ity/distance measures, SYSTAT gives. the investigator a
choice of Euclidean, gamma, and the Pearson corre-
lation coefficient-implying that only quantitative data
scales are admissible.57,58 The SPSS package offers Eu-
clidean, cosine of vectors of variables, city-block or
Manhattan, and Chebychev distances.” Like SYSTAT,

this package also presupposes that the data are quan-
titative in scale. The clustering methods in SAS can
use coordinate data, distance data, and correlation or
covariance matrices.50 It too, requires quantitative data
scales. BMDP offers a wide choice of similarity/dis-
tance measures (such as the Jaccard, simple matching,
Dice, Ochiai, and Fager coefficients) that are useful for
binary data sets.60O It also contains a clustering algo-
rithm designed to handle categorical data.

Table 4 l Other Algorithms

MEDICAL DECISION MAKlNG

In addition to these statistical packages, clustering
routines are available in numerous other packages in-
cluding NT-SYS (Numerical Taxonomy System of Mul-
tivariate Statistical Programs), OSIRIS, and CLUSTAN (Cluster
Analysis Package). Computer programs for clustering
routines are also available in most of the authoritative
texts on cluster analysis.

Invariably all the medical classification schemes in
the literature use expert intuition in the generation of
patient groups. In addition, although their developers
do not specifically mention it, most of the schemes
have clustered variables that are basically binary in
nature (that is, dealing with the presence or absence
of some specified feature), and they have therefore
tended to utilize algorithms that are designed to pro-
ceed through a series of binary splits of the data set
(AID and AUTOGRP) .43-45  Other schemes do not use any
formal clustering algorithm because the problem they
address is more an assignment than a clustering one;
hence their resorting to discriminant analysis.3,61 Still
other schemes are less empirical in approach, relying
almost exclusively on expert intuition rather than on
formal algorithms in their classifications62’63 (See table
1 for examples).

In our example, which involves a large number of
categorical data (i.e., use of a type of clinical service,
gender, types of assistive device purchased, etc.), the
nature of the data calls for use of Hartigan’s algorithm
because of its ability to use categorical data. One ad-
vantage of this method is that it allows the investigator
to avoid the question of similarity measures.

OPTIMAL NUMBER OF CLUSTERS

A very common problem in cluster analysis is the
difficulty  associated with determining the optimal
number of clusters in a set of data.12 How this is re-
solved depends on a number of factors, not least of
which is the type of algorithm used. As noted earlier,
hierarchical methods in general give a configuration
of clusters from 1 to the number of variables. Some
algorithms find a best-fitting structure for a given num-
ber of clusters. Others begin with a chosen number of
clusters and then alter this number per the dictates
of some given criteria.5,12 Many attempts have been
made to identify the optimal means of determining

Method Formation of Clusters Remarks References*

Density search methods (example: Regions of high density in the data Numerous parameters are needed to Lorr, 198316

taxometric map) represent clusters control the clustering Everitt, 1 98012

Aldenderfer et al., 1 9845

Kaufman et al., 19902

Block clustering Splits data into blocks (clusters) of Suitable for categorical data Everitt, 198012

cases (variables) with similar Avoids use of distance (similarity) Hartigan, 1 975,51 1 99252

modal values measures

*For complete reference citations, see the reference list.
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Table 5 l Summary of Available Clustering Methods in Selected Statistical Packages

Lowest Data
Type

Statistical Package

BMDP
Ver 7.0

SAS
Ver 6.0

SPS
Ver 5.0

SYSTAT
Version 5.0

and Windows

Hierarchical agglomerative
Single linkage
Complete linkage
Centroid method
Average linkage
Median method
Ward’s method

Quantitative
Quantitative
Quantitative
Quantitative
Quantitative
Quantitative

Yes
Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes

Yes
Yes
Yes
Yes
Yes
Yes

Hierarchical divisive
Monothetic
Polythetic

Partitioning
K-means

Quantitative
Quantitative

Quantitative

No
NO

Yes

No
No

Yes

No
No

No

No
No

Yes

Other
Density search
Block clustering

Quantitative
Categorical

No
Yes

Yes
No

No No
No No

the number of c 1 u s t e r s . 2 , 1 3 , 4 7 , 6 4 - 6 9 A completely satis-
factory solution has yet to be discovered.

In the example at hand, the investigators were re-
quired to rely on expert intuition in determining what
configuration of clusters made the most medical sense,
as was done in all the medical classifications dis-
cussed in table 1. This resulted in a selection of five
potential clusters.

INTERPRETING AND VALIDATING CLUSTERS

Producing a set of clusters is not an end in itself;
some use must be made of the results. It has been

#maintained that clusters may not only be summary
descriptive statistics about the data but also can serve
as an aid to reasoning from the data.14 Most cluster
analyses have the latter objective. Viewed as a prop-
osition about the organization of the data, the clusters
may give rise to novel interpretations of what is already
known, and shed light on previously unnoticed reg-
ularities and relations in the data. Alternatively, clus-
ters may be statistically significant but contain false-
hoods or sheer irrelevancies. Care should thus be taken
in determining and interpreting the clusters.

The results of a classification study need to be eval-
uated against a background of validating criteria. This
is necessary to determine how useful the results are
and whether the research goal has been achieved.13

Frequently, ad hoc methods based on the application
area are used to justify the clusters generated.6 This
seems to have been the case in most of the medical
classification schemes that have been developed. In
spite of this, many objective validation techniques ex-
ist. They include: agreement with existing classifica-
tions, replication, cophonetic correlation, agreement
with expert intuition, agreement of classification with

one derived using a different data matrix, agreement
of different multivariate methods, demonstration of
stability and robustness, significance tests, Monte Carlo
procedures, and internal consistency checking.5,6,7,13

Space constraints do not allow a discussion of these
here. It is worth pointing out, however, that invariably
all medical classifications have used expert intuition
in their development, and some additionally have used
agreement of other multivariate methods in the vali-
dation of the patient groups obtained.

In our example, five unique clusters were generated
(see table 6). As can be seen, the number of relevant
variables is considerably reduced from the 256 origi-
nally collected and from the 44 variables analyzed.
These clusters explain approximately 74% of the var-
iance in the sample, a reasonable amount in such an
exploratory study.

One of the greatest difficulties in cluster analysis is
identifying for each cluster a “label” that would be
meaningful to a user. In our example, the first cluster
appears to represent nongeriatric females for reas-
sessment. The second cluster, educationally/voca-
tionally active young males, was one of the surprising
results of the analysis. The clinic was aware that young
patients typically utilized high-technology assessment
but was unaware of the dominance of males in this
group. Group three, new geriatric patients with ad-
ditional impairments, and group four, additionally im-
paired geriatric females for initial consultation, were
groups which the clinic was aware of but not as dis-
tinctive groups. Other, the label for group five, repre-
sented those patients who could not be grouped into
the other four clusters. The results of the clustering
process clearly demonstrated that there are significant
differences in the amounts and types of resources used
by these groups of patients.
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To validate the clusters, the investigators in our ex-
ample used two methods. First, expert intuition of low-
vision clinicians was used both to determine the med-
ical  meaningfulness of the clusters generated and to
validate them. Second, a replication study of a second
sample was completed to determine whether the clus-
ters initially obtained were spurious. Results in both
cases showed that the generated clusters were rep-
resentative and robust.

Table 6 l Characteristics of Low-vision Patient Resource Groups

Conclusion
From the foregoing, it can be concluded that clus-

tering is a complicated process marked by several stages
where critical decisions must be made. Each and every
one of these choices impacts the final clusters gen-
erated. Unfortunately, the clustering literature does
not provide firm rules-much is left to the judgement
and skills of the investigator.

Characteristic Initial Sample Values
Replication Sample Values Different from

Initial Sample

Group l/A
Gender
Age
Impairments
Primary reason
Services

Letters requested
Other features

Group 2/B
Gender
Age
Impairments
Patient goal
Patient type
Patient category
Services
Letters requested
Other features

Group 3/C
Gender
Age
Impairments
Primary reason
Services

Eye condition
Devices provided
Other features

Group 4/D
Gender
Age
Impairments
Patient category
Primary reason
Services
Devices provided
Other features

Group 5/E
Gender
Age
Services
Impairments
Services
Other features
Eye condition
Patient goals

Mainly female -
Mainly less than 55 years old
About equal with/without additional impairment
Investigate effective aids
Few booked or used training or CCTV assess-

-
Most with no additional impairment
Reassessment
-

ment
One letter

Glare problems; not slated for follow-up-

Predominantly male
Predominately less than 25 years old
No additional Impairment
Educational/vocational
Student
New and repeats
Used high-technology and CCTV assessment
Two letters

Approximately equal male/female
All more than 55 years old
Most have additional impairment
Reading
Booked and used training and spectacle therapy
Booked but did not use CCTV assessment
ARMD
Presoription reading glasses

Predominantly female
Most more than 55 years old
Most with additional impairment
New
Daily living skills, TV
Booked and used training and spectacle therapy
Prescription spectacles
-

Mostly female
-
Did not use spectacle therapy
Most with no additional impairment
-
Have glare problems
-
-

-
-
-
-
-
-
-
-
Nystagmus and optic atrophy; glare problems

Predominantly female
-
-
-
-
Booked and used CCTV assessment
-
-
Glare problems; predominantly new patients

No additional impairment
Repeat
-
Did not use training or spectacle therapy
n/a
No letter, spectacle therapy, computers, or CCTV

assessment; no other impairment; glare
problems

Predominantly male
Predominately more than 55 year old
Did not use CCTV assessment
-
Booked and used spectacle therapy, devices
n/a
ARMD
Investigate effective aids



Data variables
Variables

Data scales

Missing values
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Table 7 l Summary of Clustering Decisions

Decision Area

Sampling

Choice

If hypothesis testing, all data should
have the same opportunity for inclu-
sion

If small or rare groups are of interest,
use selective sampling

tering algorithms are then reviewed. Determining the
optimal number of clusters and interpreting and val-
idating the resulting clusters are also covered in the
discussion on using cluster analysis in medical re-
source classification. The paper ends with a recapi-
tulation of the steps presented.

If a pre-theory exists, collect all relevant
variables

If no pre-theory exists, use a wide selec-
tion of variables

A summary of the steps is included in table 7. While
there are no formal rules for making clustering deci-
sions, table 7 provides a summary of major decision
points and possible rules that could be used when
making such choices.

For all data, assure that the proper scale
(nominal, ordinal, interval, or ratio) is
known and used to achieve homo-
geneity 1.

For mixed data sets, transform other
scales into the dominant scale paying
due attention to the “costs” entailed.

Dimensional analysis For quantitative data, performed dimen-
sional analysis if the number of varia-
bles is too large

Temkin 0. The history of classification in medical science. In
Katz M, Cole J, Burton W (eds). The Role and Methodology of
Classification is Psychiatry and Psychopathology. Rockville, MD:
US. National Institute of Mental Health, 1968. DHEW Publication
No. (HSM) 72-9015.

2.

For qualitative data, sift out those varia-
bles that are inimical to the purpose of
the study

Kaufman L, Rousseeuw PJ. Finding Groups in Data: An Intro-
duction to Cluster Analysis. New York: John Wiley and Sons,
1990.

3.

4.

Similarity measure For quantitative data, select a suitable
similarity (distance) measure and
transform data into a matrix of similar-
ity (distance)

5.

6.

This step may be skipped for qualitative
data 7.

If data have “holes,” select an appropri-
ate method of plugging them, for in-
stance, means for quantitative and
suitable estimates for qualitative data

8.

Bay KS, Leatt P, Stinson SM. A patient classification system for
long-term care. Med Care. 1982;20:468-88.
Biljen EJ. Cluster Analysis: Survey and Evaluation of Techniques.
Groningen, The Netherlands: Tilburg University Press, 1973.
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9.

Clustering algorithm If a high degree of control is desired
over the actual clustering by means of
a number of parameters, use a parti-
tioning algorithm

10.

Bock HH (ed). Classification  and Related Methods of Data Anal-
ysis. Amsterdam: The Netherlands; North Holland, 1988.
Gordon AD. Classification. London, U.K.: Chapman and Hall,
1981.

11.

For qualitative data, use “other” algo-
rithm

12.
13.

Number of clusters If the optimal number of clusters is not
known beforehand, and the algorithm
cannot determine the “best” configu-
ration, use an appropriate method, for
instance expect opinion, to establish
which configuration is the most logical

14.
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