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ABSTRACT

Normative market segmentation addresses not only how to develop feasible schemes of
homogeneous market segments within designated managerial, institutional, and
environmental restrictions, but also how to construct such schemes simultaneously in
conjunction with associated resource constraints. Current existing methodological
approaches to market segmentation fall short of such development issues. This
manuscript proposes an alternative approach for the construction of market segments
particular to the needs and constraints for a particular application (NORMCLUS). We
employ some recent developments in combinatorial optimization algorithms and
heuristics in forming managerially relevant market segments. We illustrate this
methodology in the context of an actual industrial marketing application concerning the
differential drivers of customer perceived overall quality.

I. INTRODUCTION

Since the pioneering research of Wendell Smith (1956), the concept of market
segmentation has been one of the most pervasive activities in both the marketing
academic literature and practice. In addition to being one of the major ways of
operationalizing the marketing concept, marketing segmentation provides guidelines for a
firm’s marketing strategy and resource allocation among markets and products. Facing
heterogeneous markets, a firm employing a market segmentation strategy can typically
increase expected profitability as suggested by the classic price discrimination model
which provides the major theoretical rationale for market segmentation (cf. Frank,
Massey, and Wind, 1972; Wind, 1978).

Market segmentation can be defined as the subdividing of a market into distinct, but
possibly overlapping subsets, where any subset may be selected as a market target to be.
reached with a distinct marketing mix (Kotler, 1995). It is one of the initial phases in
marketing strategy for both consumer and industrial markets. However, prior to
implementing such a strategy, a number of criteria must be satisfied:

1. Differential Existence - the members of different market segments must behave
differently towards the brand or product class. For example, different segments
typically purchase more or less of different brands;



2. Membership Identification - the marketer must be able to classify each consumer in
the market place into one or more segments on the basis of obtainable
information;

3. Marketing Accessibility - the marketer must be able to reach the members of target
market segment(s) by a distinct marketing mix strategy (e.g., media vehicles,
promotional strategy, advertising copy, etc.);

4. Profitabilitv - market segmentation must be both a feasible and profitable endeavor.
Feasibility here refers to the formation of market segments that obey or satisfy
application specific firm, technological, environmental, etc. constraints. For
example, it may not be feasible to group customers in vastly different
geographical locations in the same market segment due to the difficulty of
marketing to them. Profitability refers to the fact that the revenues must exceed
the costs associated with the implementation of such a segmentation strategy.

To date, few market segmentation studies or techniques are able to insure and verify these
criteria in the actual operationalization of market segmentation. This is particularly true
with respect to the feasibility and profitability issue raised in the fourth criterion above.
Frank, Massey, and Wind (1972) were among the first to acknowledge these criteria in
what they called “normative segmentation”, or the “development of normative models for
the application of segmentation research findings to marketing decisions (p.20)“. These
authors consider the basis, formation, and associated decision making concerning market
segments all simultaneous as a conceptual entity. Mahajan and Jain (1978) and Winter
(1979) later proposed conceptual and mathematical frameworks for operationalizing
normative segmentation in terms of allowing for constraints, budgets, differential costs
and revenues, etc. DeSarbo and Mahajan (1984) were the first to provide a constrained
classification procedure, CONCLUS, to implement all aspects of normative market
segmentation.

This manuscript proposes a new methodological framework (NORMCLUS) for
normative market segmentation for either consumer or industrial markets. Given the
nuances of each and every type of market segmentation implementation, the proposed
procedure is completely flexible (much more so than CONCLUS) in terms of
accommodating:

1. User-specified objective function(s);
2. Single or multi-criterion objective functions;
3. A variety of user-specified constraints;
4. Different forms or types of segments;
5. Multiple sets of data collected on the same consumers;
6. Alternative models of market segmentation.

.

The next section describes the general NORMCLUS model, constraints, and optimization
methodology employing different combinatorial optimization algorithms. Section III
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presents an actual industrial marketing application including the specific concerns and
needs of the client and how these were translated into an appropriate mathematical model.
Comparisons with existing grouping methods including cluster analysis, latent class
regression, and CHAID are provided. Finally, the discussion section lists some areas for
future research.

II. METHODOLOGY

A. NORMCLUS Framework

As mentioned, NORMCLUS can accommodate any user specified objective function(s).
In the more general case of multiobjective optimization, NORMCLUS can be formulated
to utilize either utility function, global criterion methods, etc. to derive Pareto optimal
solutions. Suppose there are m = 1, . . . . M objective functions that are comparably scaled
as to range and distribution, and that a particular segmentation problem points to their
joint minimization (or maximization). In the utility function method, a utility function
U,(f,) is defined for each objective depending on the importance of fm compared to the
other objective functions. Then, one can define a total utility function U as:

(1)
A solution viztor Q’ is then found by optimizing U subject to user given constraints:

hj(Q)=O j = 1, . . . . J

gs@<O s= 1, . . ..s

A specific form for (1) above can be given by:

u=fGin =f%fm  @),
m=l m=l\

(2)

(3)

(4)

where am is a scalar weighting factor associated with the m-th objective function with

c am = 1. Rao (1996) calls this the “weighting function method” for solving

multicriteria optimization problems which can generate Pareto optimal solutions. Rao
(1996) describes a number of alternative multicriteria optimization frameworks such as
the inverted utility method, the global criterion method, the bounded objective function
method, lexicographic method, etc. which can all be accommodated in NORMCLUS.

B. CONSTRAINTS

The parameter vector Q can include segment membership information, as well as other
parameters (e.g., segment level regression coefficients as in a cluster-wise regression
framework). As mentioned, NORMCLUS can accommodate ordinary cluster analysis
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where, for example, f, ((3) is a ratio of between to within cluster sum-of-squares to be
maximized with respect to binary Q indicating cluster membership. Alternatively, Q can
include both cluster membership and segment level regression parameters as in a cluster-
wise regression market segmentation approach (cf. DeSarbo, Oliver, and Ramaswamy
1990),  where f@) is now a residual sum-of-squares to be minimized. Or, in normative
segmentation applications where costs and revenues are readily available, f,(8) can be a
profit function to be maximized. Again, a variety of optimization frameworks are
accommodated in NORMCLUS depending upon the nature of the segmentation problem
at hand.

The remaining flexibility in NORMCLUS can be best illustrated in terms
specified constraints that can be accommodated in (2) and (3) above. Let:

i= l,..., I consumers
k= l,..., K variables
r= l,..., R segments (R is user specified);

Xik = the value of the k-th variable or characteristic for consumer i;
eir = the degree of membership of consumer i in segment r (0 I eir I 1);
Sr = the set of consumers in segment r;
Ir = the number of consumers (cardinality) in segment r;-

Xtr) = the mean of variable k in segment r.k

of the user-

Then, for several types of cluster analysis applications, the following section discusses
several types of possible constraints representing prior information specified by the user
or institutional constraints which must be addressed. These are modified from Mahajan
and Jain (1978), and DeSarbo and Mahajan (1984).

1. Type of Clustering

a.  ei,(l -ei3=0 Vi= l...I, Q r = L..R (5)

This set of constraints restricts eir to be either 0 or 1.

b. teir=l V i = l.....I
r=l

This set of constraints, together with (a) above, provides for a .

non-overlapping segmentation analysis where each consumer can belong to one
and only one segment. Note, without this set of constraints (i.e., only with this (b)
set), one can allow for overlapping segments-that is, allow for cases where
consumers can belong to more than one cluster.

C. 0 I t?ir 5 1 Vi= l...I, V r= L..R (71



This set of constraints, together with those in (b) above, allow for “fuzzy-
set” segments, where objects can be fractional members of all segments.

da k eir ; Ci
r=l

This constraint, together with constraints in (a), restrict the number of
segments (ci) consumer i can belong to in an overlapping scheme.

2. Constraints Concerning Cluster Membership. We assume that the constraints in
equation (5) hold in the following discussion.

a. emr+ + enre = 2

Here, one wants consumer m and n to belong to the same segment r*.

b. C eir+ = cr.

This is a generalization of constraint (a) above in that one wants the
consumers in some set T,,, whose cardinality is cy * , in the same cluster r’.

C- emr +enrI 1 Vr= l,...,R (11)

This constraint forbids consumers m and n to be in the same segment.

d. (1).
I ‘Ic e, 2 Min, (2) c. eir I Max,

i=l i-l
(12)

These constraints allow one to restrict the number of consumers that get
allocated to cluster r. Constraint (d. 1) states that the number of members
in segment r is to be greater than or equal to some minimum number Miq.
Conversely, constraint (d.2) restricts membership to be equal or less than
some maximum number Mq.

I I-

(8)

(9)

e. C eir. = 2 eir Q r f r’ l...R (13)

f.

i=l _. i-1 .

This set of constraints restricts the number of consumers in any segments r
and r’ to be equal.

$eir -$eiiiSE, V r&= l...R (14)



These constraints restrict the range or distribution of acceptable
differences (E,) in the number of consumers in segments r and r ‘. This set
of constraints is basically equivalent to specifying both sets of constraints
in (d. 1) and (d.2) above where all the ceiling values (Max$ and all floor
values (Min,) are identical for all clusters.

3. Characteristics of Clusters

a.

b.

(15)

These constraints guarantee that all members of segment r possess at least
VP of characteristic or variable k. Similarly, one could generalize this
constraint to:

4
c xik eir
iCr,

2V$ (16)

I I,
where the average segment value on variable k must be greater than some
minimum value. Similar constraints can be constructed to insure that each
member or segment average be less than some maximum value VL= by

substituting “<“and “ YE” ” for “2” and “ Vr ” respectively above.

I. I/c Xik eir - 2 Xii e,.
i ES, idI,

5:
=/2 ’ (17)

This constraint establishes a range or distribution of acceptable differences
(c2 ) of characteristic k in segments r # r’. Similarly, one can generalize
this to:

I,c Xikeir C Xijeir’
i ES, id e

r

where the range of differences in mean values of characteristic k in
segments r # r’ is constrained.

(18)



This set of constraints restricts the maximum deviation allowed ( tlW) on
characteristic k for any two members of the same segment r. Accordingly,
one could also constrain the maximum distance or dissimilarity allowed
(D,) between any two objects in segment r via:

d. lej,, (Xjk -Xi”)( I YT V j E Sr (21)

This set of constraints restricts the maximum deviation (r,“,“) on
characteristic k between any object in segment r and segment r’s mean
value on variable k. Similarly, one could generalize this to all variables
via:

AC ( 1 Y2

ejr  xjk
- Xi” )) 2 ,<I?, W E S,, (22)

k=l

where there is a restriction placed on the maximum distance or
dissimilarity allowed between any consumer j in segment r and the
centroid of segment r. The constraints in sets (a) through (d) impose
restrictions that affect the “compactness” of a segment-or the within sum-
of-squares of a segment.

(23)

This constraint restricts the “separability” (affecting the between sum-of-
squares) between the mean of variable k in segment r and r ‘. This can be
generalized to the case involving all variables via:

K

CCFir) _ zf’) )2  2 cm” ,
r r

k - 1

where restrictions are made on the between sums of squares between
segments r and r’.

4. Application SpeciJic  Constraints. Additional constraints are indeed possible given the
particular application in mind. For example, in a sales territory design problem, one may
possess geographical distances, costs, or travel times (S3 between all prospective clients
and a salesman’s home. As such, the sales manager may wish to restrict the average
travel time/distance/cost for salesman t to visit objects in territory r via:
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where Tax is an upper limit to the amount of time, fare, or miles for salesman t. Also, in
a cluster-wise regression context, one often wishes to place constraints on the regression
coefficients such as:

or
&20 Vr= l,...R (26)

b&=0 Vr= l,...R. (27)

C. Estimation Algorithms

A variety of optimization procedures are available in NORMCLUS for parameter
estimation including ordinary least-squares, constrained least-squares, and a host of
combinatorial optimization procedures employing genetic algorithms (c.f. Rao 1996 for a
survey), simulated annealing (c.f. DeSarbo, Oliver, and Ramaswamy 1990), lambda-opt
procedures (c.f. Lin and Kernighan 1973), as well as a variety of heuristics such as greedy
algorithms and taboo search. The particular selection of which combinatorial
optimization procedure to use depends very much on the structure of the segmentation
problem at hand.

III. APPLICATION: INDUSTRIAL MARKET SEGMENTATION

Customer satisfaction measurement (CSM) studies often involve multiple research
objectives. Managers of a company seek to measure and track performance on key
business dimensions in an attempt to integrate customer requirements throughout their
organization. Additionally, there is a desire to identify aspects of the business that have
the most impact on overall measures or indices of customer opinion. The impact of these
elements often are identified through the application of statistical procedures which
model an overall performance measure as a function of more specific attribute
measurements. For example, in many CSM studies, overall quality perceptions are
typically modeled as a function of more specific product and service ratings.

Common practice in the CSM industry is to conduct such aggregate level modeling for
the total sample. Additional analyses often involve segments which have been defined a
priori (e.g., based on demographics). However, there are concerns associated with this
sequential analysis strategy. The total analysis may inappropriately pool members from
heterogeneous subpopulations. Further, analysis by a priori groups provides no assurance
that an optimal segmentation is in place with respect to the CSM model of interest.
Segments may be easy to understand and reach, but may not produce differentiated CSM
models with the best possible explanatory power.



If the goal is to identify segments with different, and/or optimally predictive CSM
models, a post hoc segmentation is the best direction to pursue. But even here, traditional
post hoc approaches may fall short. While groups with different or optimally predictive
models may be uncovered, the ability to understand and reach these segments will be
limited severely if the segments cannot be profiled with respect to actionable
demographic variables. To obtain profilable segments, demographic variables may need
to be directly included in such post hoc segmentation approaches. Even then, it is still an
empirical question as to whether or not any existing post hoc segmentation approach can
derive segments which jointlv produce desirable CSM model characteristics and segment
profilability. This is where our proposed methodology can be of significant utility.

A. The CSM Study

To explore the analysis issues just described, we analyzed CSM data from commercial
and industrial customers of a large electric utility company. The sponsoring firm is a
client of Walker Information. Some disguising of the names of measures has been used
in this report. However, the numbers have not been disguised so that the actual numerical
data were analyzed as originally collected. Customers of the client received a notification
letter one week prior to the interviewing to alert them that a call would be coming shortly
concerning their customer satisfaction opinions. Following this mailing, the associated
field work was implemented. The survey took approximately 20 minutes per respondent
and was conducted by telephone interview. The survey and data collection occurred for
15 months. A total of 1509 cases were included in our analysis. These cases all had valid
values on the dependent variable of interest, a rating of overall quality. For reference,
overall quality is denoted with the traditional dependent variable symbol “Y.”
Independent variables used to predict overall quality included ratings of power reliability,
preventative maintenance, repair services, account representative, technical support,
customer service, record keeping, billing, and a measure of price perceptions. These
independent variables can be symbolized with traditional labeling as “X” variables. A
variety of firmographic and demographic variables also were collected. These are
referred to as “2” variables. They included measures of region, account type, business
type, respondent job type, presence of relations with other suppliers, number of
employees, number of years as a customer, and a standardized measure of revenue
coming from the particular account.

B. Traditional Segmentation Approaches

We sought to test the performance of several traditional segmentation approaches for
their ability to meet the two conceptual criteria of interest to us. As described previously,
we ideally desired a segmentation approach that would reveal demographically reachable
segments, while also showing parameter heterogeneity in CSM models (i.e., differences
in independent variable parameters likely resulting in increased predictive power). We
wanted to see if any of the standard market research segmentation approaches could
achieve these desired results. In the practitioner’s world, it would not be uncommon to
apply these standard approaches to segment CSM data. But in the case of seeking a
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model-based segmentation, there is certainly a question as to whether or not any of these
traditional tools will be appropriate for the task at hand. We applied hierarchical cluster
analysis (Ward’s method), K-means cluster analysis (using Sawtooth Software’s CCA
program), CHAID, and latent class regression analysis to this CSM data..

Each segmentation approach required certain decisions to arrive at the final solution. In
our case, the following principles were applied. For the Ward’s hierarchical cluster
solutions, we examined scree plots of “fusion coefficients” plotted by numbers of
clusters (Aldenderfer & Blashfield, 1984). A point of inflection in the curve is sought to
determine the number of clusters in an approach very similar to the heuristic used in
factor analysis. For the K-means analyses, at each value of IS between 2 and 10
inclusive, 10 possible solutions were generated. A density-based starting point strategy
was implemented each time (Sawtooth Software, 1988). Reproducibility percentages
were examined along with F-ratios and cluster “overlap” tables to determine the final
solution. For the CHAID program (Magidson/SPSS, 1993),  the constraint on minimum
terminal node size was set at n=l 00. Further, the tree was set to terminate branching at a
maximum depth of three levels. For the latent class regression (DeSarbo and Cron 1988),
we utilized various information heuristics to select the number of segments. In all cases,
variables were standardized prior to the application of segmentation techniques.

With those guidelines in place, a final solution was generated twice for each technique.
The first solution involved using only the overall quality measure (Y) and its predicting
attributes (X). The second solution involved use of overall quality (Y), the predicting
attributes (X), and the demographic/firmographic classifications (2). In the case of
categorical Z’s, coded l/O dummy variables were created for inclusion in the analyses.

C. Results of Traditional Approaches

Table 1 presents general descriptive information about the various final segmentation
results. Note that the number of clusters and their respective sample sizes vary
considerably. There is little agreement across techniques in terms of the underlying
structure of the data. Each approach seems to be finding a different “truth” in the data
with respect to the number and composition of segments.

[Insert Table 1 Here]

The first column of Table 2 presents results regarding our criterion of finding segments
with differentiated models. For ease of presentation, we do not present the mass of
parameter estimates in all segment-within-method models. Rather, the table shows an
average adjusted R-squared value, weighted by the proportion of the sample in each
segment. This is a reasonable indicator of our criterion in that, if an approach is
successful, we should expect higher R-square values within segments, as opposed to the
total unsegmented adjusted R-square value of ,446. Higher R-square values should occur
because of the opportunity to create segment-specific optimal linear combinations of
predictors.
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[Insert Table 2 Here]

If prediction is better within segments than for the sample in total, it will be indicative of
heterogeneity in the segmented parameters. Alternatively, if predictive accuracy of
segment-level models is equivalent or inferior to that of the total sample model, it will be
of little use to compare differentiation in parameter estimates. If the total sample model
has superior predictive ability, a principle of parsimony would dictate its use rather than
the more complex segment-level models.

The second column of Table 2 presents the results regarding our criterion of finding
segments that are profilable against demographics. This is a critical criterion ensuring
describability and reachability of the groups. If groups cannot be profiled on the 2
variables,‘ the segmentation will be of little practical use to the CSM researcher. If
segments can be profiled, we would expect to see significant relationships between
segment membership and the 2 variables. Thus, the second column of Table 2 provides
information about the association between segment membership and the Z variables. A
single indicator is used to capture this degree of association. It is a multivariate eta
squared measure representing shared variance among segment membership and the set of
Z variables. Again, both the weighted R-square and eta measures range from zero to one.

The final column of Table 2 presents the weighting (a, 1-a) of the two previous criteria.
In this case, each individual indicator is given a weight of .5. Depending on the
managerial importance of either individual criterion in the context of the specific research
application, an unequal weighting system could be used.

It is clear that none of the traditional approaches simultaneously meet our two criteria of
interest very well. By nature of the segmentation algorithms, solutions with just Y and X
variables often produce homogeneity of responses, creating “restrictions in range” and
limited variability within segments. That necessarily results in weak within-segment
models. Further, these segments have very little relationship with the Z variables,
consequently obviating actionability for the CSM researcher. For solutions that include
the Z variables, segments are derived that show more relationship to demographics.
However, what has not been achieved is the desired increase in explanatory power of the
within-segment models.

The findings presented in Table 2 demonstrate that blind application of standard
segmentation approaches cannot meet the goals of some research issues in the CSh;l
context (e.g., model-based segmentation). Clearly, to achieve success on our two original
criteria, describable reachable segments with differentiated CSM models, a specialized
approach is required.
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D. NORMCLUS Combinatorial Optimization

1. Application Specific Considerations

The objectives of this particular application were to formulate market segments that were
actionable/reachable on the basis of differences in how perceptions of quality were
influenced by various perturbations in the attribute performance of the product/service
offering. As such, a cluster-wise regression framework is most appropriate where
coefficients of the attributes vary by segment. Note, since these performance attributes
are monotone, higher performance on any particular attribute should increase perceptions
of quality. As such, all regression coefficients  by derived market segment should be
positive. This is a particular concern in such CSM applications when dealing with highly
correlated attributes where problems of multicollinearity often result in negative signs
(while the correlation between the dependent variable and the attribute is positive).
Positivity constraints need to thus be imposed on all segment level regression
coefficients. Given the dual nature of the problem (regression vs. reachability), a multi-
criteria objective function is defined as earlier described in the weighted utility function
method. Here, we define two separate parts of the combined utility function that is to be
maximized:

R

ft = c wJr2
r=l

and

f2= IM I(z-U,)‘(z-U,)l  ’

Irl - I(z-i)‘(z-ij  ’

where: *-\

L
w,= - ;

I

Er2 = the adjusted R2 for segment r;

M = the between segment sum-of-squares and cross-products for 2; -

T = the total sum-of-squares and cross-products for 2.

Thus, fr is the mean R-squares across each of the component segment level regressions,
weighted by the fraction of the size of the sample in each segment. f2 is an eta square
measure which measures separation in the component segment firmographic variables.
Note that Krieger and Green (1996) propose a bounded objective function approach to
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market segmentation using a K-means type of algorithm to maximize an R-square
measure subject to a user specified maximum acceptable tolerance in eta square. While
of interest, this EXCLU methodology cannot readily accommodate the previous
constraints discussed, nor any other objective function (e.g., profit). In this example, the
firmographic variables (2) utilized were sales region (A-F), account type (V-Z), whether
the firm was involved in manufacturing, the job level of the respondent, whether the firm
had significant relations with other competitive suppliers, number of employees, number
of years a customer of the client, and the annual revenue generated from this customer.
All variables were standardized prior to analysis to zero mean and unit variance. Note that
both fi and f2 range between 0 and 1, and so does the combined function U in equation
(1). Here, we set a = .5 to weigh each component of U equally given the nature of this
specific application.

In addition, we imposed a number of other constraints on the final solutions. One, a
mutually exclusive partitioning of the sample was desired into separate, non-overlapping
segments. Two, no single segment should contain less than 10% of the sample in it due to
financial considerations of administering to it. Finally, the positivity constraints on the
segment level regression coefficients were forced in order to preserve the face validity of
the study.

2. NORMCLUS Analysis

Table 3 presents the unconstrained aggregate sample level regression results performed
over all 1509 sample respondents. As discussed earlier, all coefficients are positive as
expected indicating that increased performance on each attribute will raise perceptions of
overall quality. The issue now is whether this aggregate analysis masks potential segment
level differences in such coefficients, and whether
identified.

[ Insert Table 3 Here]

The NORMCLUS segment level analysis utilizing a lambda opt (cf. Lin and Kernighan
1973) combinatorial optimization method was performed for R=2 to 7 segments. A scree
plot of the resulting U values for each optimal solution renders R=3 as a parsimonious
representation of the market place where fi = 0.628 and f2 = 0.999. Note how these
values differ from those reported in Table 2, where by giving up only a relatively small
percentage of explained variance in the dependent variable, one seems to be able to derive
interpretable segments. NORMCLUS has nearly twice the U value of most of its
methodological rivals.

these segments can be reached or

Table 4 presents the NORMCLUS segment level coefficients and sizes for the three
derived segments. Segment one (34.2%) has significant positive coefficients for price,
maintenance, technical support, records, and customer service. Segment two (44.5%)
possesses a sizable product coefficient, and significant ones for repair, account rep, and
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billing. Segment three (21.3%) more mirrors the aggregate sample results where all
coefficients are positive and significant, except for customer service and records. For
members of this segment, a more complex perception of overall quality is taken over a
much wider range of attribute performance. Note that the mean standardized quality or>
scores for the three segments were 0.003, -0.026, and 0.041 respectively indicating that
the segment differences are with respect to the pathways to perceived quality, not the
overall level of perceived quality! ’

[ Insert Table 4 Here ]

Table 5 presents the segment means for the various firmographic Z variables utilized in
this analysis. It is clear that the segments are most distinguished by sales region as noted
by the wider variance in these mean scores across the three segments. In particular,
segment one members tend to arise from sales regions A, B, E, and F, be account types Z
and W, tend not to deal with other competitor suppliers, are the largest companies,
tending towards manufacturing, that have been with the client only a short period of time.
Segment two members tend to be from regions A, B, E, and F, account type Z, be
moderate sized companies generating high revenue. Finally, segment three members tend
to be from region C, account types Y or V, be smaller companies who deal with
competitive suppliers, generate smaller revenues, and most likely to be in non-
manufacturing. Thus, we obtain both the drivers of perceived quality by market segment,
as well as each segment’s mean profile.

[ Insert Table 5 Here ]

IV. DISCUSSION

We have proposed a new approach to the segmentation of markets called NORMCLUS
employing methods in combinatorial optimization. The general approach accommodates
multicriterion objective functions, alternative types of clustering respondents, model or
profile based segmentation schemes, positivity constraints of selected coefficients,
constraints on segment memberships, etc. to adapt to the specific needs of the particular
segmentation application being dealt with. A variety of combinatorial algorithms are
accommodated including genetic algorithms, simulated annealing, and various heuristics
which are selected according to their efficiency in dealing with the application specifics at
hand. We presented one large industrial marketing application involving a well known
electric utility company and CSM. A two component utility function was formulated as a
maximand with equal weights given the dual nature of this application. In addition, a set
of application specific constraints were identified for the client. The NORMCLUS three
segment solution was presented and interpreted, with a favorable comparison made to
other traditional approaches.

A host of future research directions remain for this procedure. One, efforts to streamline
the estimation method need to occur to reduce computational time. Two, a series of
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Monte Carlo analyses with synthetic data whose structure is known has to be undertaken
in order to examine the performance of the algorithm. This can also be done in
comparison with traditional methods. Finally, more commercial applications are required
with predictive validity testing to fully examine methodology performance.
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Table 1
Descriptive Information for Final Solutions of Various Segmentation Approaches

Ward’s
YandXonly

Number of Segments

4

Segment Size Proportions

.15, .38, .37, .lO

Ward’s
Y,X,andZ 3 .13, .65, .22

K-means
YandXonly 3 .52, .18, .30

K-means
Y,X,andZ 4 .39, .21, .26, .13

“CHAID 9 .08, .09, .09, ,13, .12, .20, .14, .07,
.08

Latent Class Regression
Y and X only

3 .46, .24, .30

Latent Class Regression
Y,X,andZ

4 .21, .38, .19, .22

*CHAID tree results were identical with and without the addition of the Z variables
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Table 2
Indicators of Model Differentiation and Demographic Profilability

Ward’s
Y and X only

Ward’s
Y,X,andZ

K-means
YandXonly

K-means
Y,X,andZ

CHAID

Aggregate Least-Squares

Latent Class Regression
YandXonly

Latent Class Regression
Y,XandZ

.

Proposed Combinatorial
Procedure

Proportionally Multivariate Equally
Weighted Mean Eta Squared Weighted
Adjusted R2 With Z Variables Combination

(Pl) (P2) (.5Pl + .5P21

.162 .071 .117

.450 .998 .724

.094 .050 .072

.303

.121

,449

794 .038 .416

799

.628

.998 .651

.184 .153

.ooo .225

,191

.999

.495

.814
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Table 3
Aggregate Regression Results

Intercept
Price
Product
Maintenance
Repair
Account Rep
Technical Support
Customer Service
Records
Billing

S.E. 0.746
F 136.36”
Adj -R* 0.446

-0.002
0.064”
0.398
0.108*
0.083 *
0.157”
0.086”
0.026
0.051*
0.096*

*p1.05
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Table 4
Three Segment Solution Regression Coeffkients

Intercept
Price
Product
Maintenance
Repair
Account Rep
Technical Support
Customer Service
Records
Billing

I
0.015
0.358*
0.000
0.323 *
0.001
0.000
0.299*
0.173*
0.115”
0.006

Segment:

2 3
0.018 -0.015
0.000 0.116”
0.783 * 0.375*
0.000 0.123*
0.103” 0.106*
0.290” 0.189*
0.000 0.109*
0.000 0.000
0.000 0.000
0.139* 0.053

*p1.05
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Table 5
Firmographic Means by Segment

Region A
Region B
Region C
Region D
Region E
Region F
Acct. Type V
Acct. Type W
Acct. Type X
Acct. Type Y
Acct. Type 2
Manufacturing
Sr. Mgr.
Mid. Mgr.
Technical
Other
Other Suppliers
# Employees
# Years a Customer
Revenue

I 2 3
0.173 0.143 -0.583
0.153 0.149 -0.559

-0.520 -0.520 1.924
0.063 0.071 -0.249
0.080 0.109 -0.353
0.096 0.109 -0.38 1

-0.030 -0.049 0.147
0.075 -0.0 11 -0.114

-0.045 0.011 0.060
-0.107 -0.072 0.328
0.105 0.094 -0.368
0.060 -0.018 -0.074
0.004 -0.070 0.126
0.010 0.014 -0.044
0.026 0.042 -0.127

-0.087 0.025 0.108
-0.019 -0.016 0.063
0.077 -0.012 -0.116

-0.017 0.005 0.021
0.032 0.049 -0.152

Segment

4
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