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Dimensions and Clusters:
A Hybrid Approach to Classification
Harvey A. Skinner
Addiction Research Foundation

A hybrid strategy is described for integrating the
dimensional and discrete clusters approaches to
classification research. First, a parsimonious set of
dimensions is sought through a multiple repli-
cations design. The computations employ a two-
stage least squares solution that is based on a se-
quential application of the Eckart and Young
(1936) decomposition. Second, relatively homo-
geneous subgroups are identified within this low
dimensional space using a clustering or density
search algorithm. To facilitate interpretation of the
final solution, an ideal type concept is introduced
that is similar to the "idealized individual" inter-

pretation of multidimensional scaling. Depending
upon the model chosen, the independent contri-
bution of elevation, scatter, and shape parameters
may be differentiated in defining profile similarity.

At the most fundamental level, classification
methods attempt to fit a geometric structure to a
given data set. Popular structures include
hierarchical trees, discrete clusters, and di-

mensional models. These structures provide
convenient heuristics for helping the investigator
describe and understand a certain substantive
area. Also, they facilitate communication among
researchers. Degerman (1972) provides a review
of various geometric representations, as well as
orthogonal and nested composites of these struc-
tures. Initially, quantitative methods developed
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for classification research or &dquo;numerical tax-

onomy&dquo; (Sneath & Sokal, 1973) concentrated

upon single structures, although the possibilities
for fitting hybrid models were certainly recog-
nized (Torgerson, 1965). As researchers attempt
to analyze more complex data, considerable in-
terest is growing in methods for simultaneously
fitting two or more structures. Indeed, Carroll
(1976) speculates that the use of multiple-tree
structures and hybrid models is a future trend in
data analysis.
The classification problem involves three

fundamental aspects. First, some definition of
similarity must be expressed along with an index
for quantifying the degree of resemblance

among individuals (operational taxonomic
units). Inherent to the first stage is the assess-
ment of relevant attributes (characters) from
which alternative similarity coefficients may be
calculated. Euclidean distance and correlation
are two frequently used indices in the behavioral
sciences. The second stage entails the allocation
of individuals into definable subgroups through
application of some clustering algorithm. A dis-
tinction may be drawn among hierarchical

models, in which individuals are classified into
successive subsets to form a tree structure

(Blashfield, 1976); clustering strategies, which
either directly or iteratively allocate individuals
into subgroups (Hartigan, 1975); and ordination
methods, which display relationships among
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individuals in a parsimonious multidimensional
space (Rohlf, 1972). Finally, the identification
stage involves the classification of new samples
according to the taxonomy developed in the first
and second stages. Multiple discriminant analy-
sis is often used in this respect.

Each classification method and correspond-
ing geometric structure reflects a markedly dif-
ferent conceptualization of what constitutes a
&dquo;type.&dquo; This distinction among methods can
have profound implications for a particular re-
search domain. For example, a vast literature
surrounds the controversy regarding whether
psychiatric syndromes are categorical, dimen-
sional, or hierarchical in nature (Kendell, 1975;
Strauss, 1973). At least five theoretical alter-
natives have been postulated for a typology of
depression (Kendell, 1976): (1) they are distinct
illnesses (clusters); (2) they are variants of a

single depressive illness; (3) they are poles of a
psychotic/neurotic continuum; (4) they rep-
resent two orthogonal dimensions; and (5) they
are arranged in a hierarchy. Given the diversity
of classification procedures and criteria, a major
issue for researchers is selection of the most

appropriate technique. This choice among
methods must judge the appropriateness of the
geometric structure to underlying theoretical
considerations (Skinner, 1977a).

In this paper a general data analysis strategy
is described for integrating various elements of
the classification problem. First, a dimensional
model is developed in which relationships
among individuals are represented as points or
vectors in a multidimensional space. The

primary aim is to achieve a satisfactory solution
in the minimum number of dimensions.

Emphasis is placed upon (1) identification of a
preliminary set of dimensions and (2) replication
of these basis dimensions across samples. In the
second stage, subsets are formed by grouping
individuals that are &dquo;close together&dquo; in the

space. This may be accomplished by application
of a clustering algorithm to interpoint distances,
or simply by visual inspection of the dimensional
plot. Thus, the present hybrid strategy assimi-

lates the continuous property of a dimensional
representation with the search for discrete clus-
ters in this low dimensional space.
Although a dimensional analysis such as

principal components is sometimes conducted
as a preliminary to another classification

strategy (e.g., Wolfe, 1978), the current ap-
proach underscores the substantive interpreta-
tion of these dimensions. To motivate the
theoretical development, an ideal type concept is
proposed that is similar to the &dquo;idealized indi-
vidual&dquo; interpretation of individual differences
in multidimensional scaling (Cliff, 1968).

Dimensional Representation

The principal methodological task is to iden-
tify a &dquo;best&dquo; set of dimensions for depicting the
relationships among individuals. A least squares
estimate is derived through a sequential appli-
cation of the Eckart and Young (1936) decom-
position. The first stage identifies dimensions

separately within each of m samples. Then,
through a replication design the second stage
evaluates convergence among these dimensions
across samples. Finally, the generalizability of
these basis dimensions to new samples is evalu-
ated.

Consider a data matrix X giving the observa-
tions of N individuals on k attributes. Further,
the N individuals may be partitioned by row into
m samples of size n, (~ = 1,..., m). It is assumed
that the k attribute measures are expressed in a
compatible scale (e.g., standard scores). Other-
wise, certain attributes may assume excessive

weight in determining the degree of resemblance
among individuals (Sneath & Sokal, 1973, pp.
152-157). Let X_, represent the nj x k data matrix
for sample j; X, denote the row centered matrix
(each individual’s mean is subtracted from

profile attributes); and Z, represent the row
standardized matrix (row mean = 0.0, standard
deviation = 1.0). For convenience only, assume
that n, > k and that entries in X,, X,, and Z, have
been scaled by I/VT.
The preliminary scaling operations upon X,

determine whether the investigator wants to dif-
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ferentiate the contribution of elevation, scatter,
and shape in defining profile similarity (Cron-
bach & Gleser, 1953). Shape denotes the actual
pattern of &dquo;ups and downs&dquo; across attribute
measures in the profile, scatter describes the dis-
persion of scores about the mean, and elevation
is the mean score over the k attributes in the

profile. As discussed by Skinner (1978), in

moving from X, to X, differences in profile eleva-
tion are eliminated; in moving to Z, all profiles
are equated with respect to scatter. Thus, X,
confounds all three resemblance parameters, X,
confounds scatter and shape, but Z, only con-
tains information pertaining to shape. Com-
putationally, this scaling parallels the dif-

ferences among raw cross-products (X}X’) , co-
variances CY~~). and correlations (Z,Z~,) as the
resemblance index among individuals.

This distinction among elevation, scatter, and

shape is quite relevant to certain research prob-
lems. For example, Sneath (1975) has proposed
a vector model of disease states in clinical medi-
cine. The concept of size (elevation) provides a
measure of the severity of a disease, and shape
depicts the clinical pattern or type of disease.
Similarly, in the model of psychopathology
developed by Skinner and Jackson (1978), a dis-
tinction is made between MMPI profile shape
(type of syndrome) and elevation (degree of

maladjustment).

Within-Sample Analysis

The computational strategy will be described
using the row standardized data matrix Zj. This
matrix is decomposed according to the Eckart
and Young (1936) theorem, that is,

where U,(n, x k) and W,(k x k) are matrices
whose columns are, respectively, the left-hand
and right-hand eigenvectors ofZ,(U,’U, = W,’W,
= I), and fJ is a diagonal matrix of singular
values. Horst (1965, p. 81) calls Equation 1 the
&dquo;basic structure&dquo; of Z,, whereas the term &dquo;sin-

gular value decomposition&dquo; is used in numerical
analysis (Stewart, 1973, p. 317). Computer
algorithms for this decomposition are available
(e.g., Dobson & Hepper, 1974; Golub &

Reinsch, 1970).
The principal component weightings A,

among individuals are given by

The scaling of Z, for Equation 1 means that A, is
equivalent to results that would be obtained
from a traditional Q-technique analysis of the n,
x n, correlation matrix R, among individuals
(i.e., R, = ZZ,’ =~4~4/). Upon inspecting the dis-
tribution of eigenvalues Ff and adoption of some
criterion, such as Cattell’s (1966) scree test, only
the first t, components (t, < k) are retained.

Consequently, A, is now of order n, x t, and W, is
k x tJ.

For most research applications the investiga-
tor should consider a simple structure trans-
formation of A,. The aim is to ensure that each
component is interpretable primarily with re-

spect to a specific subset of individuals. Other-
wise, this dimension will have little empirical im-
port. The task is to find a t. x tJ nonsingular
transformation matrix T of unit-length columns
(Hakstian, 1974). Then, the primary pattern
matrix B, and primary structure matrix C, of or-
der n. x tJ are given by

Analytic criteria for determining this oblique
transformation are given by Harris and Kaiser
(1964) and by Katz and Rohlf (1975), among
others. The primary component intercorrelation
matrix 4> of order t, x t, is given by 4) = Tut. For
the restricted case of an orthogonal transforma-
tion such as the varimax criterion, Equation 3
simplifies to B, = C, = A,T, and the component
intercorrelations yield an identity matrix 4> =
T’ T =1.
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Finally, principal component scores are gen-
erated that relate each attribute to the first t,
component weightings, that is,

Y, describes the projection of each attribute
measure on principal components of the person-
space (Gabriel, 1971). Skinner (1977b) has intro-
duced the term &dquo;modal profile&dquo; to describe a
column vector of Y,. Each modal profile gives
the defining vector of k attribute scores for
individuals who have a salient weight on this
specific dimension in B, or C,.
By retaining only the first t, components, the

effects of measurement error may be largely dis-
carded in the residual EJ (Gleason & Staelin,
1973). From the Eckart and Young (1936)

theorem, B, and Y, provide a rank t, least

squares estimate ofZ,. Then

where trace Ej’Ej is a minimum for a given rank
t, solution.

Replication Across Samples

Let t represent the total number of within-

sample dimensions retained from the m samples
(i.e., t = ~). The k x t supermatrix Y is formed
by adjoining horizontally the m Y. matrices.
Assume that Y is scaled by 1/VT. Next, consider
a single rank i component score matrix U that
fits the m sets of within-sample scores Y ac-
cording to a least squares criterion. Guidelines
for determining the number of components i are
discussed below. These k by i component scores
U represent an estimate of a population com-
ponent score matrix that is hypothesized to

underlie the m samples (cf. Cliff, 1966; Mere-
dith, 1964). The solution is given by an Eckart
and Young (1936) decomposition of Y. As-

suming k > t, then

where U(k x t) and W(t x t) are matrices whose
columns are, respectively, the left-hand and

right-hand eigenvectors, and F is a diagonal ma-
trix of corresponding singular values. The

degree of fit of the model to the m sets of within-
sample dimensions Y is measured by the trace of
r for a given rank i solution (i = 1, ..., t).
The t x t matrix of principal component

weightings is given by

where the entries in A provide a resemblance
measure that compares the shape of within-
sample component scores (modal profiles) from
Y, with a respective column vector of U. Let

The next step is to consider a transformation
of the principal component weightings A and
component scores U from their principal axes
orientation. Note that the degree of fit of the
model is invariant under nonsingular trans-

formations of A and U. One approach is to seek
simple structure by attempting to locate com-
ponent axes that have a salient weighting from
only one within-sample dimension in each

sample, i.e.,

where B(t x i) is the primary pattern matrix and
T is an i x i nonsingular transformation. Corres-
ponding component scores are transformed by

to yield an estimate of the common dimensions
underlying the m samples. The primary com-
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ponent intercorrelation matrix (D or order i is

given by

Optional Strategy for Determining
the Number of Common Dimensions

The present approach seeks a robust classifi-
cation through sequential analysis of several
data samples and through emphasis on a re-

duced rank solution to minimize the effects of

measurement error. One guideline for deter-

mining the number i of common dimensions is
to examine the distribution of singular values r
from Equation 6. The scree test (Cattell, 1966) or
some other preferred method could be employed
to ascertain i. Alternatively, an empirical
strategy is proposed. However, this suggestion is
optional and is not central to the basic model.

Random Data

Consider m matrices (n, x k) similar to Z, except
that each entry is derived from a random num-
ber generating function. These random data
matrices, designated 21, may be analyzed ac-

cording to the rationale of Equations 1 through
11. Let

where B, are the entity component weightings
and k, are the within-sample component scores.
Note that the number of components retained
(t,) parallels the real-data analysis of Z,. The
common dimensions P are estimated by an
Eckart and Young (1936) decomposition of Y,
i.e.,

where P is formed from the first i columns of Û.

The singular values r reflect the extent to
which within-sample component scores k,
match across samples due to chance. Thus, in
the tradition of Horn (1965), one strategy for de-
termining the number of common dimensions is
to compare the singular values r from Equation
6 based on real data with respective singular
values r due to chance.

Permuted Data

With the random data matrices both indi-

viduals and attributes are randomly generated
in 2,. A stronger test (cf. Pinneau & Newhouse,
1964, p. 273) is to consider the individuals fixed
in each sample but to assume that the attribute
measures are randomly determined. Consider a
permuted data matrix 2~, which is simply the
original data matrix Z, in which the columns
have been randomly rearranged without chang-
ing the column headings. Note that intercorrela-
tions among the individuals within each sample
are not disturbed by this permutation. The left-
hand eigenvectors U, and singular values ~, of Z,
are identical to Equation 1, i.e.,

Only the right-hand eigenvectors WJ and within-
sample component scores Y, are permuted. An
Eckart and Young (1936) decomposition of Y es-
timates the modal profiles P, where the attri-
butes are assumed random. Let

where P is formed from the first i columns of ~7.
To implement the permutation strategy, the

within-sample component scores Y, of Equation
4 may be used. That is, randomly permuting the
rows of Y, producing T, is identical to results
from applying the same permutation by column
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to Z, forming Z~, and then solving for Y, by
Equations 1 and 4. This procedure may be re-
peated using &dquo;fresh&dquo; random numbers for each

permutation run to yield a sampling distribution
for the singular values F.

In the spirit of guidelines emanating from the
multidimensional scaling literature for deter-

mining the &dquo;true&dquo; dimensionality underlying a
proximity matrix (Spence & Graef, 1974; Sten-
son & Knoll, 1969), confidence intervals for the
real singular values r (or eigenvalues r2) may be
estimated. Figure 1 displays a plot of three sets
of eigenvalues (real, random, average of 100 per-
mutation runs), as well as a line two standard
deviations above the mean permuted values f2.

The data are based on six samples (N = 661) of
patients who had taken a personality inventory
(Skinner, Reed, & Jackson, 1976). Assuming
that estimates of the eigenvalues due to chance
are normally distributed, it would be expected
that 97.5% of the eigenvalues would fall below
the two standard deviation upper boundary if
the patients were responding randomly to the
test. The first eight real eigenvalues F’ are

clearly above the confidence interval. When the
real eigenvalues intersect a selected confidence
boundary, the investigator must entertain the
hypothesis that the remaining within-sample
component scores are matched solely on the ba-
sis of chance.

Figure 1

Distribution of eigenvalues for real (A2), perturbed,
(AZ) and random (OZ) data
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Generalizability of the Common Dimensions

The third stage evaluates the degree to which
the basis dimensions P are representative of the
derivation and new samples. Individuals from
the row standardized data matrix Z, may be pro-
jected into this dimensional space by

where Q, is the n, x i matrix of component struc-
ture coefficients. Then, the matrix F,(n, x i) of
component pattern coefficients is given by

where <1> is the component intercorrelation ma-
trix of Equation 11. Of course, in the case of an
orthogonal transformation in Equations 9 and
10, the structure and pattern coefficients are

identical, since <1>-1 =I.

Observe that

where E, is the n, x k residual matrix. A good-
ness-of-fit measure of the model to sample j is
given by trace &OElig;fi/). The entries in F, (or Q,)
provide coordinates for an ordination plot,
whereby a graphic display may be constructed of
the relationships among entity profile due to
similarity in profile shape. Note that Equation
16 is analogous to the factor extension proce-
dure originally proposed by Dwyer (1937).
A second measure of fit for the model is to

consider classification hit rates. That is, a di-
mension (column vector of P) has empirical im-
port only to the extent that it is characteristic of
a subset of entities in the sample. Cliff (1968)
raised the same issue in cautioning the avoid-
ance of idealized individual vectors that do not

correspond to the judgments of real subjects. It
is conceivable that the basis dimensions may ac-

count for a reasonable portion of the variance,

and yet there may be few entities in the sample
with salient weightings. Using an entrance cri-
terion, such as a highest weighting in F, above
1.501, classification hit rates may be computed
for each dimension.

For example, classification percentages and
variance-explained estimates are given in Table
1 for three samples of alcoholic patients. Seven
modal profiles derived from the two male groups
(Skinner, Jackson, & Hoffmann, 1974) were also
fitted to the (independent) female sample. Both
measures of fit were somewhat larger in the de-
rivation (male) samples, with the classification
hit rate around 70% and the variance-explained
estimate approximately 60%. In all cases, the
measures of fit based on the real modal profiles
P substantially exceeded the permuted P and
random P estimates.

General Models

Let M, represent the n, x 1 vector of row
means and S, denote the n, x I vector of row
standard deviations. Relationships among ob-
served profiles for individuals in sample j may be
expressed as a function of

where M, is a vector of elevation parameters, S,
is a vector of scatter parameters, and F, is an n, x
i matrix of shape parameters from Equation 17.
The F, matrix describes the degree to which an
individual’s profile resembles the component
score vectors in P. Skinner (1977b, 1978) dis-
cusses properties of this general model, where
emphasis is placed upon differentiating the con-
tribution of elevation, scatter, and shape para-
meters.

For research problems where the differentia-
tion among elevation, scatter, and shape is not
applicable, the data analyses could be based
upon X,. In this case, the equations would corre-
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Table 1

Measures of Fit

spond to raw cross-products (Skinner, 1978),
and the general model may be stated as

where G, is an n, x i component weighting ma-
trix. Note that in the analysis of raw cross-prod-
ucts the first principal component often re-

sembles the entity means M, or person main ef-
fects (Gollob, 1968). Alternatively, the investi-
gator may wish to partial out the influence of
profile elevation and to proceed with the row-
centered data matrix X,. Then, the equations
would correspond to a covariance analysis. The
general model may be depicted as

where H, is a n, x i component weighting matrix.
Note that the H, matrix would display relation-
ships among individuals due to both profile
scatter and shape.

Search For Homogeneous Subsets

The entries in F,, G,, or H, provide coor-
dinates for an ordination plot of the individuals

in sample j. If most of the covariation can be
summarized in two (or possibly three) dimen-
sions, then one can visually search for distinct
clusters in this space. However, a more rigorous
strategy, especially with higher dimensionality,
is to apply a clustering algorithm. Consider the
component weighting matrix F, of Equation 17.
Interpoint distances among individuals in this i
dimensional space may be computed by

where d;2 is the squared euclidean distance be-
tween Subject 1 and Subject 2. These distance
indices for all n, individuals may be used as in-

put to a clustering algorithm such as K - Means
(Hartigan, 1975) to identify homogeneous
clusters in the dimensional space. Furthermore,
relationships among the clusters may be ex-

amined with respect to their salience on these
basis dimensions or modal profiles (Skinner,
1977b). For example, two clusters may represent
opposite poles of a dimension characterized by
the severity of depressive symptoms (Kendell,
1976).

Ideal Type Construct

In an important clarification of the Tucker
and Messick (1963) points-of-view model, Cliff
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(1968) introduced an &dquo;idealized individual&dquo; con-
cept as a means for interpreting each point of
view in the scaling experiment. That is, each
idealized individual (and corresponding vector
of mean judgments) is used to represent or to
summarize the actual judgments of a subset of
subjects who are near the idealized individual
vector in the person-space. Furthermore, this

heuristic was recommended by Cliff (1968) when
applying Tucker’s (1966) individual differences
model to learning curve data. In brief, Cliff con-
tends that &dquo;the outcome of points-of-view or
learning curve analysis is a set of few response
vectors ... which may be substituted for the ac-

tual responses of any individual without great
loss of information&dquo; (p. 231).
The present classification strategy is based

upon a vector model that has several methodo-

logical and conceptual similarities to the Tucker
and Messick (1963) and Tucker (1966) proce-
dures. In the strategy described in this paper,
each point-of-view concept corresponds to a sub-
group of individuals (depicted in F,, G&dquo; or H,)
who exhibit a similar profile of attribute
measures. The centroid of each homogeneous
cluster is analogous to Cliffs (1968) &dquo;idealized
individual&dquo; concept. This centroid could be es-
timated by averaging the coordinates (F,, G&dquo; or
H) of individuals that define the cluster. Given
this 1 X i centroid vector designated Cs for cluster
s, the corresponding vector of attributes may be
computed by

where D, is the 1 x k vector of attribute

measures. That is, the attribute profile D, may
be interpreted as the characteristic profile for in-
dividuals categorized according to subgroup s.
Two dimensions based on various deviant

groups (Skinner et al., 1976) are plotted in

Figure 2. The Differential Personality Inventory
scales (Jackson & Messick, 1971) that character-
ize each pole are depicted, as well as two hypo-
thetical clusters, A and B. The centroid co-

ordinates for Cluster A are (.65, .65) and for

Cluster B (.20, -.80). Following Equation 23, the
ideal type vector DA may be computed for

Cluster A in this two-dimensional example
simply by postmultiplying the centroid vector
coordinates (.65, .65) by the first two column
vectors in P. Similarly, an ideal type vector DB
may be determined for Cluster B. These ideal

type concepts may be used to form the basis of a
theoretical model (Skinner, 1977a, 1977b). Note
that Sneath (1977) has proposed a statistical test
for assessing the distinctness of clusters in

Euclidean space.
The attribute profile D, represents an ideal

type construct. The notion of ideal types as

intervening variables has a considerable history
(Dahlstrom, 1972; Hempel, 1965). Each ideal

type may be defined as a hypothetical profile
pattern that is characteristic of a subset of indi-
viduals in the population. Certain ideal types are
hypothesized in a population with each indi-
vidual more or less related to each type. That is,
an individual’s profile may be depicted as a

weighted mixture of these ideal types. Kret-
schmer (1925, p. 93), in an interesting metaphor,
has termed this mixture the &dquo;constitutional al-

loy.&dquo; This conceptual development is similar in
rationale to the centroid organism construct in
biological research (Sneath & Sokal, 1973, p.
195) and to linear typal analysis described by
Overall and Klett (1972, p. 219).

Finally, an interesting possibility for enhanc-
ing the interpretation of the classification is to

include certain &dquo;contrived&dquo; profiles as marker
variables with sample j in Equations 19, 20, or
21. These contrived persons could represent

types established in previous research, as well as
low base rate individuals or &dquo;freaks&dquo; (cf. Sand-
ler, 1952). The location of these marker persons
within the i dimensional space could provide im-
portant benchmarks for interpreting relation-
ships among individuals.

Example

An example is taken from two samples, I (n1 =
123) and II (n2 = 122), of male delinquent ado-
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Figure 2

Two hypothetical clusters (A and B) plotted on Dimension 1
versus Dimension 2

Somatic CompZaints
Health Concerrz

Hypochondriasis

lescents who had completed the Basic Person-
ality Inventory (BPI; Jackson, 1976). The BPI is
an 11-scale structured inventory of psycho-
pathology that was developed using a construct
validation paradigm (Jackson, 1971). The data
were analyzed according to Equations 1 through
5. Four components (t, = t2 = 4) were retained
within each sample and transformed to an

orthogonal varimax criterion. The resulting
within-sample profiles Y, are given in Table 2.
For cosmetic reasons, the profiles have been
scaled to T scores (mean of 50, standard devia-

tion of 10). A visual inspection of Table 2 sug-
gests that the first two profiles across each

sample are notably similar.
A valuable interpretative step is to compute

intercorrelations among the sample profiles,
that is, R = Y’Y. This multiprofile-multisample
supermatrix is presented in Table 3 for the two
adolescent samples. Since an orthogonal trans-
formation was conducted in Equations 3 and 4,
within-sample correlations form an identity ma-
trix. Thus, an interesting feature of R in this
case is that between-sample submatrices contain
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Table 2

Within-Sample BPI Component Scores Y.
d

Note. Each profile has been scaled to have a mean = 50, standard
deviation = 10.

the multiple regression of each variable (within-
sample profile) for one sample regressed on all
variates of the other sample. The first two pro-
files demonstrate a high degree of corre-

spondence (.95 and .94, respectively), and the
third profile across each sample has moderate
similarity (.51). Multiple correlations (Rm) may

be readily computed. That is, the multiple corre-
lation for predicting the first profile in Sample I
from profiles in Sample II is given by summing
the square of entries in the first row of the sub-
matrix R,2 and taking the square root of this
sum ((.95Y + (-.05)2 + (.16)2 + (.O1)2 = .93, R~ =
.96).

Table 3

_ Multiprofile-Multisample Supermatrix R
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Table 4

Principal Components Solution

Next, the principal component weightings
from Equation 7 are given in Table 4; Table 5
gives a varimax transformation of the first three
components (Equation 9). For the special case of
two samples (m = 2) along with an orthogonal
transformation during the within-sample anal-
yses, this between-sample stage is analogous to
employing canonical correlation criteria for

transforming both sets of component scores Y,
to maximal congruence (Kettenring, 1971). That

Table 5
Varimax Rotation of

_ 

the First Three Components

is, for the first t, roots of R, the eigenvalues
equal the respective canonical correlation plus
unity. The remaining t2 roots either correspond
to a zero canonical correlation or provide redun-
dant information. Thus, for m = 2 samples,
eigenvalues > 1.0 provide an upper bound for
the number of modal profiles i to retain. The

magnitude of the eigenvalues ~2 (or respective
canonical correlations) display the extent to

which the sample component scores Y, may be
transformed to congruence with the k x i es-

timate U of the population component score ma-
trix.
To continue the example, the canonical corre-

lations from matching the two sets of component
scores Y, to maximal congruence were .997,
.979, .573, and .137, respectively. This distribu-
tion suggests that three profiles should be re-
tained in U. In the varimax solution, each com-

ponent clearly isolated (replicated) one profile
for each sample. Finally, Table 6 lists the three
corresponding BPI modal profiles from Equa-
tion 10, scaled to resemble T scores. The first di-
mension contrasts Denial and Hypochondriasis
with Social Deviation and Impulse Expression.
Adolescents at the latter pole of this dimension
would be rebellious, hold antisocial attitudes,
and present problems with behavioral control.
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Table 6

BPI Modal Profiles (P)

Note. The modal profiles are scaled to have a
mean = 50, standard deviation = 10.

The second dimension, on the other hand, is

marked by a tendency to minimize problem
areas (Denial) versus a depression syndrome.
The third dimension contrasts introverted ado-
lescents who encounter interpersonal problems
with other adolescents who are quite suspicious
and untrusting of others. Thus, the modal pro-
files of Table 6 formed a three-dimensional
model of psychopathology among delinquent
adolescents.

Conclusion

In conclusion, the present data analysis
strategy may be used to integrate classification
methodology with the development of typologi-
cal theories (cf. McQuitty, 1967). However, the
choice of relevant samples, the reliable and valid
assessment of important attributes, and the de-
velopment of a cogent theoretical model inte-
grating the ideal type constructs ultimately rest
upon the individual researcher. Perhaps John-
son’s (1968) penetrating remarks best capture
the essence of classification research which he
considers &dquo;an art, but a disciplined and respect-
able art whose aim is to serve science&dquo; (p. 235).
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