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The Longitudinal Guttman Simplex: A New
Methodology for Measurement of Dynamic
Constructs in Longitudinal Panel Studies
Linda M. Collins, Norman Cliff, and Clyde W. Dent

University of Southern California

Traditional psychometric procedures can be inade-
quate for the measurement of dynamic constructs in
longitudinal panel studies. This paper introduces an al-
ternative based on the longitudinal Guttman simplex
(LGS) model, a measurement model developed espe-
cially for dynamic constructs measured longitudinally.
The LGS is a model of cumulative, unitary develop-
ment. It is cumulative in the sense that as persons ac-

quire new skills (or abilities, or opinions), earlier ob-
tained skills are retained; it is unitary in the sense that
all persons progress through a sequence of skills in the
same skill order. CL, a consistency index that gives
the researcher a measure of the extent to which the
LGS model axioms are obeyed in a given dataset, is
introduced. By making use of this consistency index,
the researcher can develop scales uniquely sensitive to
cumulative, unitary development. LGSCLUS, an explor-
atory procedure to find longitudinal Guttman scales in
empirical datasets, is described. An artificial data

study is reported, the purpose of which was to test the
performance of LGSCLUS under controlled conditions.
The artificial data study showed that, in general,
LGSCLUS recovers longitudinal Guttman scales with a
high degree of accuracy. There remains a need for
measurement procedures for dynamic constructs exhib-
iting types of development other than cumulative and
unitary. Index terms: Dynamic constructs, Gutt-
man simplex, Longitudinal panel studies, Mathemati-
cal models, Measurement theory, Scaling, Three-set
data.

Recently a new perspective on longitudinal re-
search has been emerging (Bryk & Raudenbush,
1987; Collins, 1983; Collins & Cliff, 1985, 1988;
MeArdle & Epstein, 1987; Rogosa, Brandt, & Zi-

~~&reg;~s~C~9 1982; Rogosa ~~ Wiliett, 1985). Central
to this perspective is the recognition of a funda-
mental difference regarding the nature of the con-
structs of interest in longitudinal research as op-
posed to those in cross-sectional research. In cross-
sectional research, constructs are generally static,
at least for the purposes of a given study. In con-
trast, a major focus of longitudinal research is on
constructs that change as a function of time, that
is, dynamic constructs (Collins Cliff, 1988; Singer
& Spilerman, 1979). °
Much research has been devoted to dynamic con-

structs, although the published literature has not
always explicitly identified them as such. Examples
of dynamic constructs include a number of theo-
retical and empirically-based conceptualizations of
the development of substance use behavior in young
people (e.g., Donovan &Jessor, 1983; Flay, d9l~v-
emas, Best, Kersell, & Ryan, 1983; Yamaguchi
& Kandel, 1984) suggesting a multistage process
unfolding over time. Developmental psychology
has contributed a number of theories involving dy-
namic constructs, including ~~~~~~9s theories about
intellectual development, the fluid and crystallized
intelligence constructs ~~~~.~~~~~ (1963), and Kohl-
b~~°~9s (1969) stages of moral development.
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Finding answers to research questions involving
dynamic constructs often demands the rethinking
of traditional methodological procedures. Al-
though such rethinking is currently taking place
with respect to the statistical treatment of dynamic
constructs (e.g., Bryk & Raudenbush, 1987; Ro-

gosa & Willett, 1985), there has been relatively
little methodological research devoted to the psy-
chometric treatment of these constructs. One ex-

ception is Collins and Cliff (1988), who suggested
adopting a new approach for developing measures
of dynamic constructs for longitudinal studies. These
authors have shown that traditional methods of in-

strument development can be inadequate in the

context of dynamic constructs. Collins and Cliff
pointed out that traditional instrument development
methods are based on test theories that assume an

unchanging true score, an assumption obviously
violated in the dynamic case. Instead of these meth-
ods, a measurement model designed especially for
dynamic constructs measured 1&reg;n~it~dir~~lly-&reg;r~e
that incorporates a model of the change process-
is needed.

The Longitudinal Guttman Simplex

Recently Collins and Cliff (1985; Collins, 1983)
introduced the first measurement model for dy-
namic constructs measured in longitudinal panel
designs. This model, the longitudinal Guttman sim-
plex (LGS), is a special case of the three-set Gutt-
man simplex model (Collins & Cliff, 1985). The
LGS is an extension of the familiar Guttman simplex
model (Guttman, 1950) to incorporate not only per-
sons and items, but times as well.
The idea of a joint order is central to both the

Guttman simplex and the LGS. The original Gutt-
man simplex model is defined as a joint order of
persons and items. This means that persons provide
a difficulty order for items, and items provide an
ability order for persons. This consistency allows
persons and items to be ordered jointly in a Gult-
man scale (i.e., persons relative to items and items
relative to persons). In contrast, the key feature of
the LGS model is that for each person there is a

joint items-times order, and that this order is con-

sistent across persons. That is, in a LGS a persons’ s
responses to a set of items at each of several times

provide a difficulty order for the items and a tem-
poral order for the times. This consistency allows
items and times to be ordered jointly (i.e., items
relative to times and times relative to items). In
addition, this joint items-times order is consistent
across persons. It follows from this (C&reg;lli~s ~ Cliff,
1985) that in a LGS the joint order of persons and
times for each item is consistent, and that the joint
order of persons and items for each time is con-

sistent. However, even under these constraints a

surprising degree of flexibility remains.
The above discussion about the psychometric

definition of the LGS model can be expressed in
more substantive terms. Simply put, the LGS model
is an operational definition of a theory of cumu-
lative, unitary (cu) development. Suppose items
represent developmental stages. Then, according
to the LGS model, each person provides an inter-
nally consistent Guttman scale made up of stages
and times. Such a Guttman scale implies that per-
sons retain the skills in each stage while advancing
to new stages-that is, development is cua~r~htav~.
The LGS model further specifies that this stages-
times Guttman scale is consistent across persons.
This implies that development is u~c~t~~y, that is,
that each person advances through the stages in the
same order.

It is interesting to note several kinds of consist-
ency that are not required by the LGS model. For
example, the persons-items joint order, although
consistent at each time, may vary across times due
to differences in the persons order. Similarly, the
persons-times joint order, while consistent for each
item, may vary across items (see Collins & Cliff,
1985, Figure 2). But most important substantively,
persons can advance through the stages at varying
rates even though the data satisfy the stringent con-
sistency requirements described above (Collins &
Cliff, 1985). This makes the LGS model a realistic

representation of development in many situations.
For the sake of clarity the above discussion has

been in terms of ability measurement, but clearly
the model generalizes to other types of constructs
as well, such as psychosocial constructs.
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The present paper introduces methodology en-
abling the LGS model to be applied in two areas.
The first application is instrument development. In
order for a researcher to select a group of items
that forms a scale, there must be a method of de-

termining how well the idealized measurement model
describes empirical data. One approach to this

problem that is quite familiar in psychometrics is

the use of a consistency index, such as Cronbach’s s
a (Cronbach, 1951) or the numerous measures of
fit for cross-sectional Guttman scales (Cliff, 1983).
A consistency index for longitudinal Guttman

scales, CL, will be presented. CL gives the re-

searcher an indication of the extent to which a set

of empirical longitudinal data can be described by
the LGS model, and helps identify poorly fitting
items to be removed from an instrument. A re-

searcher can thus construct improved measures of
cu development in terms of measurement accuracy
and construct validity.
The second application is that of empirical sub-

scale definition. Sometimes a researcher working
with a set of data has only a limited idea of its
structure. Under these circumstances the researcher

may wish to explore a database for evidence of
internally consistent subscales. The subscales may
be of use in further multivariate analysis, or they
may be interesting in and of themselves. LGSCLUS,
an exploratory procedure for longitudinal data, will
be presented. LGSCLUS is an agglomerative, non-
hierarchical clustering procedure based upon BIN-
CLUs (Cliff, McCormick, Zatkin, Cudeck, & Col-

lia~s9 1986). The aim Of LGSCLUS is to cluster items

(or variables) into scales such that within scales
the responses display the cu properties described
above, at least to a close approximation.

CL. Assessing Consistency
in Longitudinal Data

Through Order Relations

The strong axiomatic foundation of the LGS model

(Collins & Cliff, 1985) provides a basis for de-
veloping a consistency index by counting order
relations, that is, actual instances of adherence to
and deviations from model axioms. Based on the

model axioms, it is possible to identify and count
patterns that are confirmatory of cu development,
and instances of departures from it, within empir-
ical data. This method is an adaptation of Cliff’s
( 1979) approach to developing consistency indices
for cross-sectional data.

Counting order relations begins with person re-
sponse patterns, each of which is made up of a

single person’ responses to two items at two times
Most of these 2 ; 2 response patterns indicate an
order for the times and/or items; that is, they con-
tain order relations. Some of the order relations
indicate cu development while others are incon-
sistent with cu development. There are three gen-
eral categories of order relations: redundant, unique,
and contradictory. CL is a weighted combination
of these relations.

Redundant and Unique Order
Relations ~~~ ~~7 Development

According to the LGS model, development is

cumulative and unitary; that is, there is an items-
times joint order for each person, and this items-
times joint order is consistent across persons. The
purpose of identifying order relations is to reveal
the extent to which this is true in observed data.
Redundant order relations are person response pat-
terns where either ( 1 ~ both items agree on an order
for the times, or (2) both times agree on an order
for the items. Unique order relations are person
response patterns where only one item of the pair
provides an order for the times (and only one time
of the pair provides an order for the items; one
implies the other). Contradictory order relations
are person response patterns where the two items

disagree on the order for the times (and the two
times disagree on the order for the items; again,
one implies the other).
The extent to which the LGS Model describes a

particular dataset is assessed by comparing the per-
sons’ joint orders to see how consistent they are.
Contradictory relations clearly convict with the idea
of an internally consistent joint order, while re-
dundant and unique relations must be examined to
see whether they are consistent across persons.
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However, comparing each person’s response pat-
terns to every other person’ response patterns is
impractical for large numbers of persons. Fortu-
nately, an alternative strategy exists, that of deter-
mining an a priori order for times and for items
against which each order relation is compared. An
order relation agreeing with these a priori orders
is evidence suggesting that the LGS model describes
the data-, a disagreeing order relation is evidence
suggesting that the LGS model does not describe
the data. The a priori order for times is obviously
the natural (be~o temporal) order. The a priori order
for items is equally obvious: The proportion failing
(or not endorsing) each item provides the modal
item order.

Identifying Redundant, Unique,
and Contradictory Relations

Redundant relations. There are two of
redundant relations: redundant time relations and.

redundant item relations. Redundant time relations

occur whenever a person’s responses to a pair of
items agree on an for a of the
term &dquo;redundant&dquo; is used because the time order-

ing provided by one item is redundant with that

provided by the other. Redundant item relations do
the reverse, providing an order for items. Consider
the following responses of a person to two items
at two times:

These two items agree on an ordering for the times,
with both items showing Time 1 to be the &dquo;more

difficult&dquo; or &dquo;earlier&dquo; time, so this is an example
of a redundant time relation. Similarly, the follow-
ing pattern shows a redundant item relation because
the responses at both times agree on an ordering
for a pair of items:

Redundant relations may either agree or disagree

with the a priori order. Redundant relations agree-
ing with the a priori order are denoted R, white
those disagreeing with the a priori order are denoted
R’.

~7~~q~~ ~e~~~~~~a~o In some response patterns,
only one of a pair provides an order. If only one
of a pair of items orders the times, then it follows
that only one of the times orders the items, as

shown in the following example:

Response patterns of this type are called unique
relations because the ordering is unique to only one
item and one time. Unique relations are of special
interest in assessing the of longitudinal
Guttman scales because these relations directly re-
flect the joint order of items and times. For ex-
~ra~~Ye9 this response pattern indicates that Item A
is more difficult than ~te~ ~ and also that Time
2 is more difficult than Time 1. Unique relations
where both orders agree with the a order
are denoted ~l. Unique relations where one or both
orders disagree with the a priori orders are denoted
ul.

Coritradictory relations. Contradictory rela-

tions provide inconsistent ordering information about
both items and times, as in the following example:

A response pattern of this type offers convicting
information about the ordering of both items and
times. Contradictory relations are denoted C.

The Construction of CL

The above discussion has shown how consist-

ency of an empirical dataset with the axioms of the
LGS model can be assessed by counting order re-
lations in the data. The purpose of counting these
relations is to combine them to form a consistency
index. ~&reg;~~~~~r9 although redundant, unique, and
contradictory relations are the building blocks of

Downloaded from the Digital Conservancy at the University of Minnesota, http://purl.umn.edu/93227.  
May be reproduced with no cost by students and faculty for academic use.  Non-academic reproduction  

requires payment of royalties through the Copyright Clearance Center, http://www.copyright.com/ 



221

c~., arriving at the correct combination of these
relations to serve as a consistency index for lon-
gitudinal Guttman scales presents a difficulty, It

seems reasonable to use a weighted composite of
the individual relations, but the difficulty lies in
determining that one weighted combination is bet-
ter than another. Usually, new indices that are being
evaluated are compared with other well-established
indices for the same purpose. However, in this case
no such indices exist, and available indices for
cross-sectional scales are not readily adaptable to
the LGS case.

In lieu of such a standard, three characteristics
desirable in a consistency index were specified,
with emphasis on practical considerations. That is,
the goal was to develop a consistency index that
will be of real value to the practitioner who is trying
to develop or evaluate a longitudinal Guttman scale.
First, the index should be conceptually simple and
easily interpretable. Second, the index should ad-
just for the effects of differing item marginals so
that a set of independent items cannot produce a
high index value, as occurs with Guttman’s re-

producibility index (White & Saltz, 1957). This is
an extremely important attribute because it affects
construct validity. Dynamic constructs are most
often examined in the context of overall develop-
ment occurring in a number of different areas. This
can cause a certain number of consistent redundant
and unique relations, even between items that do
not reject the same construct. If left unadjusted,
the consistency index could produce spuriously high
values whenever there is a sufficient amount of

global development on unrelated items, leading to
the erroneous conclusion that the items form a LGS.

The third goal has to do with the choice of weights
to apply to the relations before combining them to
form an index. Obviously R and ~l should receive
positive weights, while R’, U’, and C should re-
ceive negative weights. The possibilities range from
equal weights, which would mean that each of the
various types of relations contribute equally to the
consistency index, to weights that count some of
the relations more heavily than others. Rather than
arbitrarily selecting a set of weights, as was done
in Collins (1983), consideration was given to se-

lecting weights that would produce a highly sen-
sitive index.

Researchers are &reg;rdin °ly interested in how good
a certain scale is, or which of several scales is best,
or whether removing a certain item will improve
the consistency of a scale appreciably. This sug-
gests that a consistency index should reflect even
small differences in consistency. The coefficient
of reproducibility and the unadjusted Rand statistic
(Rand, 9 1 ~71 ~ are examples of indices that some-
times tend to be insensitive at the upper end of the

range; that is, they may not reflect small differences
among scales that are fairly consistent. Thus, it

was decided that a third goal in developing the
consistency index would be to select a combination
of weights resulting in sharp discrimination among
datasets of similar degrees of consistency, even
when the overall level of consistency is high.

Computation of CL

c~.9 an index that meets these three criteria, is

computed as follows:

where Consistent = R + 4U and Total = R + R’
+ C + 4(U ~9 ~/’). The quantity in Equation its
recognizable as a quality index (e.g., Cliff, 1979),
interpretable as the proportion, of consistent rela-
tions over and above those attributable to differ-

ences in item marginals, or alternatively as a mea-
sure of relative improvement over chance. Hence
this definition for CL meets the first and second

goals discussed above, because it has a straight-
forward interpretation and because it incorporates
an adjustment for chance.

In general, the denominator of a quality index
rejects maximum possible improvement over
chance. This is evident in Equation 1. The right
side of the denominator in Equation 1 is the weighted
proportion of consistent relations expected if the
items are independent (Collins, Dent, & Cliff,
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1985a), while the left side, unity, is the largest
possible improvement over this-that is, all con-

sistent relations. The numerator represents the ob-
served improvement over chance, subtracting the
weighted expected proportion of consistent rota-
tions from the weighted observed proportion of
consistent relations. An index of the form in Equa-
tion I ranges from I t&reg; -~9 with 0 the value when

there are no more consistent relations than would

be expected due to chance. A negative value is

unlikely, representing a scale whose consistency is
worse than would be expected due to chance.
Good discrimination. The third goal was to de-

velop a sensitive index. The quest for such an index
was undertaken by constructing 29 indices com-
posed of various weighted combinations of rela-
tions, and then examining the performance of these
indices with artificial data of known consistency
(Collins et al., 1985a, 1985b). Each of the 29 in-
dices was evaluated by determining whether it could
( 1 ) distinguish between random and non-random
data and (2) make Sue distinctions among various
levels of consistency. CL showed the best overall
differentiation, and in addition was shown to be
robust across a number of conditions, including
low person-to-variable ratios (Collins et al., 1985b).
For these reasons CL is suggested as a measure of
longitudinal consistency and as the basis of the
exploratory clustering procedure described below.

An of the Use of CL
to a Longitudinal
Guttman Scale

The following hypothetical example illustrates

the use of the LGS model and CL to develop a
measure of cu development in longitudinal re-

search. The example involves eight hypothetical
test items administered at three occasions.

Suppose the problem is to use a subset of these
eight items to construct a scale measuring the de-
velopment of math skill in children. As Table 1

shows, the substantial increases in passing proba-
bility suggest that each item is measuring some
type of development; the problem is whether all of
the items are measuring the development of the
same dynamic math skill construct. The CL for all
eight items together is .81. Table 1 shows that if
Item 6 is deleted from the scale, CL increases sub-

stantially. If desired, CL-if-item-deleted could be

recomputed with the new seven-item scale in order
to achieve a still higher degree of consistency, but
in this case it seems reasonable to stop here. The
result is a scale made up of Items 1 through 5,7,
and 8 measuring cu development of math skill.
The item passing probabilities in Table 1 suggest

that children master addition first, then subtraction,
then multiplication, then division. It is interesting
to note that Items 2 and 4 are constants at Grade

2, because none of these hypothetical children had
mastered division by the second grade. Although
items that are constant at one occasion present a

problem for many procedures, these items are not
a problem for LGS procedures if they reflect change
across time.

LGSCLUSI Exploring Longitudinal
for Subscales

Relatively few alternatives are available to the

Table 1

Hypothetical Example of the Use of CL to Select Scale Items
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researcher who wishes to explore the structure of
a longitudinal dataset for dynamic subscales. Either
the data must be forced into a structure intended
for use with two-set data, or a three-set procedure
not developed for longitudinal data must be used,
such as three-mode factor analysis (Tucker, 1964).
LGSCLUS differs from these procedures in a number
of important respects. First, LGSCLUS is designed
explicitly for longitudinal data. Second, the pur-
pose Of LGSCLUS is to find subscales that fit the

LGS model, so that when LGSCLUS searches for

longitudinal Guttman scales, it locates sets of items
each reflecting the cu development of a single dy-
namic construct. This incorporation of a specific
model of change into the procedure makes LGSCLUS
unique among exploratory methods; in fact, it is

the only exploratory method based on the idea of
dynamic hypothetical constructs.

The LGSCLUS ~~~&reg;~~~~

The algorithm used by LGSCLUS is essentially
the same as the algorithm used by BINCLUS (Cliff
et al., 1986); as such, it is largely a heuristic pro-
cedure, providing for user intervention at several
points. The procedure is as follows: At the outset,
each variable starts a separate cluster. The next
variable to be added is the variable showing the
largest value of CL with the starter variable, fol-

lowed by the variable having the largest average
CL with the two variables already in the cluster,
and so on. The history of this process is recorded
in the step-by-step Cluster History Matrix. This
matrix records which variable is added to each clus-

ter at each step, as well as the average CL value of
each newly-added variable with the other variables
in the cluster. The process is continued until all

variables are added to all clusters, or until a user-

specified minimum for CL is reached.
Defining cluster boundaries. The cluster bound-

ary selected by the user separates those variables
in the cluster from those outside the cluster. LGSCLUS

gives the user three options for defining cluster
boundaries.

The first option is known as the Largest Gap
Rule. The idea behind the Largest Gap Rule is that

a naturally occurring cluster boundary should show
itself by a large decrease in the average CL when
the first variable outside the cluster is added. When
the user selects the Largest Gap Rule, the program
searches the Cluster History Matrices for the largest
decrease in average CL when a new variable is

added (excluding the addition of the first variable).
The boundary is then established just before that
variable. The user is also asked to specify a min-
imum CL so that if the largest gap occurs after this
minimum, the boundary is established at the main-
imum. This avoids producing clusters that consist
entirely of unrelated elements.
The second option, called the First-k Rule, is

simply to select the first ki variables added to the
cluster to include in cluster i. For example, if an
eight-item cluster is desired, the cluster boundary
is drawn after the eighth item to enter. The third
option is to select a constant cutpoint, so that no
variable producing an average CL less than this
value will be allowed to enter a cluster.
Once the cluster boundaries have been estab-

lished, the results are displayed in a binary cluster
membership matrix, where a 1 indicates that the

row variable is a member of the column cluster.

Second-Order Solutions

When data have an exceptionally clear subscale
structure, the procedure outlined above may be all
that is necessary to reveal that structure. However,
noise in empirical data often obscures the under-
lying structure, making further analysis desirable.
Like BINCLUS, LGSCLUS can make use of a second-

order solution to clarify subscale structure. The
second-order solution is performed on the binary
items x clusters membership matrix, which is

treated like a data matrix and clustered using BIN-
CLUS. That is, rather than variables being grouped
into clusters, in the second-order solution clusters
are grouped into superclusters. Clustering is per-
formed using a matrix of gamma correlations

(Goodman & Kruskal, 1954) for the measure of
association, and using the Largest Gap Rule to
determine the cluster boundary. The second-order
solution is displayed by a permuted clusters X
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superclusters membership matrix, and items are
related to superclusters by means of a matrix P that
gives the proportion of clusters in the column su-
percluster containing the row item.

~~~~~~~~~ ~~~~ Study

The purpose of the artificial data study was to
investigate the performance Of LGSCLUS under con-
trolled conditions. A number of artificial datasets
with known subscale structure were submitted to

LGSCLUS analysis, and the ability of the procedure
to recover the underlying cluster structure was as-
sessed.

Method

Data ~erae~~~~&reg;~ e Data were generated sim-
ulating a situation where sets of items (tests) are
administered repeatedly to persons whose ability
is increasing between test administrations. Specif-
ically, data were generated by means of the two-
parameter logistic model (Bimbaum, 1968):

where 9,,, is the person ability on scale m, 9
a¡ is the item discrimination,
bi is the item difficulty, and

P;(0,~) is the probability of passing item in
scale m.

A scale was a set of items to which responses
were generated using the same 9,~ that is, the same
person ability parameter. Each dataset contained
two longitudinal Guttman scales as well as four
singleton items (i.e., items which did not belong
to the scales). Each of the two scales and the four

singleton items was generated by a different 6~.
In order to simulate a longitudinal testing situ-

ation, the simulated persons were administered the
scale items at three different times. Persons were

initially sampled from a distribution of ability, and
this ability was used for the first test administration.
Then person ability was incremented twice, with
the same items administered after each increment.

Item discrimination and item difficulty were not

as person ability was incremented. Thus,
the simulated situation was one where persons took

the same test three times, with person ability in-
creasing between test administrations. Person abil-
ity was increased by adding a random increment
to each person’s 8___ at each time.
On trial, P,(8,J was compared with a ran-

dom number sampled from a uniform distribution.
If Pi(O,,,) exceeded the random number, the item
was considered passed.

Independent v~~°ac~~~~s. Four factors were var-

ied in the artificial data study:
1. Number of persons was varied in order to ex-

amine the effect of sample size. There were
two levels: N = 50 and N = 200.

2. The effect of item discrimination was studied

using a = I or 2.

3. Because Collins (1983) suggested that the rate
of person ability increase affects scale con-
sistency, this was varied in the present study.
In the slow-increase condition, ability incre-
ments were sampled from a uniform distri-
bution over the range (0,2). In the fast-increase
condition, ability increments were sampled from
a uniform distribution over the range (0,4).
Within an increase rate condition, ability in-
crease was uncorrelated with 0,,.

4. The scale overlap factor contained three con-
diti&reg;~nsa (1) uncorrelated, non-overlapping
scales; (2) 0,, correlated r = .2 between scales;
and (3) 0 uncorrelated between scales, but
one item belonging in both scales generated
using the mean of the two Os. In the first two
conditions there were 16 items in each dataset,
consisting of one eight-item cluster, one four-
item cluster, and four singleton items. The
third condition involved these items plus the
overlap item, resulting in a total of 17 items.

All four independent variables were fully crossed,
resulting in a 24-cell design. Ten replications were
performed in each cell, resulting in a total of 240
datasets. The LGSCLUS procedure was applied to
each of these. The analysis was performed twice
for each dataset, once using the First-k Rule and
once using the Largest Gap Rule. The choice of
cluster boundary rule determined which items be-
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longed in which clusters for the first-order solution.
In the case of the second-order solution, a rule

applied to the P matrix determined which items
made up the superclusters. If an item occurred in
half or more of the clusters in a it
was considered part of the The sub-
scale structure revealed by LGSCLUS was compared
to the known subscale structure for both the first-

order and second-order solutions.

Results

the cluster solutions. The LGSCLUS

solutions were evaluated by comparing the clusters
found in each dataset to the known subscale struc-
tures. In order to quantify this comparison, an in-
dex of cluster recovery was needed. Because the

familiar Rand index (Rand, 1971) is not suitable

when clusters overlap, as they did in the present
study, the Omega index (Collins Dent, in press)
was used to compare cluster structures. This index

is a generalization of the Hubert and Arable (1985)
adjusted Rand index, applicable to both overlap-
ping and non-overlapping cluster structures. It is

important to note that the unadjusted Rand index
tends to be large; in fact, it can be quite large even
in situations where there is no agreement between
two solutions beyond what would be expected
to chance. Because the Omega index makes use of
the adjustment for chance agreement suggested by
Hubert and Arabie (1985), it tends to be lower than
the Rand index. Its advantages are increased dis-
crimination among various levels of cluster recov-

ery and the ability to compare clustering methods
whether one, both., or neither yield overlapping
clusters.

As noted above, LGSCLUS returns two solutions,
a first-order solution and a second-order solution.

The Omega index was computed for both solutions.
Overall cluster recovery. Tables 2 and 3 con-

tain information on agreement between the true
cluster structure and the obtained cluster structure.

As the first-order solution is an intermediate step
in the LGSCLUS procedure, the results will be dis-
cussed only Table 2 shows the mean Omega
for the first-order solutions and Table 3 shows the

number of datasets in each condition (out of a pos-
sible 10) where recovery was perfect. Recovery is
shown for the 24 experimental conditions and for
both cluster boundary rules. Table 2 shows that
mean recovery was Omega = .90 or above in 12
of the 24 conditions when the ~’~~°s~m~ Rule was

used, and Table 3 shows perfect recovery in half
or more of the datasets in each of these conditions.

There was perfect recovery in every case in the
conditions involving No Overlap and N = 200 when
the ~°~~°s~-~ Rule was used. Recovery was much
poorer in general for the Largest Gap Rule, par-
ticularly in the One Item Overlap and Correlated
Scales conditions.

Tables 2 and 3 also contain the mean Omegas
and number of perfect solutions, respectively, in
each condition for the second-order solutions.

Comparison of the two solutions shows that the
second-order solutions performed their task
of clarifying the first-order solutions. There was
improvement in mean recovery by the First-k Rule
in every condition where improvement was pos-
sible, and was improvement in recovery
in every condition when the Largest Gap Rule was
used. Using the First-k Rule, the second-order so-
lution produced perfect recovery in all 10 repli-
cations for 9 out of the 24 conditions, and mean

Omega above .90, with medians of 1.0, in 19 con-
ditions.

VB/hen the Largest Gap Rule was used, the sec-
ond-order solutions effected a dramatic improve-
ment, achieving recovery comparable to that of the
~~~°s~-~ Rule in all No ~~~~°~~~9 l~l = 200 condi-
tions. Despite this, overall recovery was still not
as as with the First-k Rule, in the
One Item Overlap and Correlated Scales condi-
tions.

~’~~c~s of ~~e~~~~~~ ~~~°~~ab~e~. Recovery was
noticeably better with N = 200, and this effect was
particularly strong in the more difficult situations
of overlapping or correlated clusters. The presence
of a correlated scale s~~a~~~x~ a particularly
large effect, although even there the First-k Rule
was quite successful when N = 200. The First-fi
Rule outperformed the Largest Gap Rule overall,
except in one condition where both were perfect.
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Table 2
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There was a slight tendency for recovery to be
better in the Fast Development condition, partic-
ularly with the N = 50, Correlated Scales condi-
tions. Surprisingly, item discrimination had little
overall effect.

An Example of the Use of LGSCLUS
to Find ~&reg;~~I~~dI~~I ~ubs~~I~~

The following hypothetical example involves
seven items administered at three occasions, and
was constructed so that Items 1, 3, and 4 form one
scale, Items 5, 6, and 7 form another scale, and
Item 2 does not belong in either scale. The LGSCLUS
procedure applied to these data yielded the Cluster
History Matrix in Table 4. Clearly, LGSCLUS has
recovered the true subscale structure in these ar-
tificial data. When Items 1, 3, and 4 begin a cluster
they add each other first, maintaining a high CL
value. As soon as other items are added to the

cluster, the CL value drops to unacceptable levels.
Items 4, 5, and 6 behave in a similar fashion. Table
4 gives abundant evidence that Item 2 does not
belong in either of the two clusters. First, the clus-
ter beginning with Item 2 shows a very low CL
when the first item is added, indicating that Item
2 does not have a strong relationship to any item
in the set. CL increases slightly when subsequent
items are added to this cluster, but this is because
of the consistency of the added items with each
other. Second, examination of the matrix of av-

erage ct., values shows that when Item 2 is added

to a cluster, it always shows a low average CL with
the previously added items.

For this example, any of the cluster boundary
rules works. For example, the Largest Gap Rule

shows that there is a sharp decrease in average CL
upon the addition of Item 2 to any of the clusters,
and that the average CL is very low as soon as the

first item is added to Cluster 2. Thus the boundary
would be drawn before the addition of Item 2 to

Clusters 1 and 3 through 5, and before the addition
of any items to Cluster 2. In empirical data the
first-order solution is unlikely to be as clear as this.
The second-order solution would then be used to

improve the first-order solution.

Discussion

LGS Methodology
for ~ns~~°~a ~~~ Development

When measurement of a dynamic construct is of
interest, the LGS methodology can be used as an
alternative to traditional psychometric procedures.
This new methodology allows the researcher to
build instruments tailor-made to measure cumula-

tive, unitary developmental processes. The re-

searcher wishing to apply the LGS methodology to
such a problem begins in the usual manner, by
constructing a pool of test, questionnaire, or be-
havior items. Then the items are administered to a

group of persons on several occasions. A minimum

of two occasions of measurement in a longitudinal
panel design is necessary. In addition, enough time
must be allowed between occasions of measure-
ment for some development to be exhibited.
The next step is to assess the of the

resulting scale. An index designed for that purpose,
CL, has been presented here. If the CL index is

large, then a reasonably consistent instrument has
been developed. If the CL index is small, then the

Table 4
LGSCLUS Cluster History Matrices for Hypothetical Data
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instrument may need improvement. (Users should
be aware that the present authors’ limited experi-
ence shows CL to have values considerably lower
than traditional indices, even with good data.) Im-
p~°&reg;~~~~~~ can often be effected by removing one
or two items that are causing a disproportionate
amount of inconsistency. CL-if-item-deleted can be
computed to help the researcher in identifying such
items. This item selection procedure is concep-

tually the same procedure as is typically followed
in cross-sectional data using Cronbach’s a or KR-
20. Failure of data to support a LGS may be due to
overall poor data quality, a pool of items that is

largely insensitive to change, or an underlying con-
struct that does not exhibit cu development as hy-
pothesized.

LGSCLUS for Data Erploration

Sometimes a researcher is interested in post hoc

discovery of constructs in data, rather than a priori
measurement. If the data are dichotomous longi-
tudinal panel data it is thought that they might
contain instances of cumulative, unitary develop-
ment, LGSCLUS can be used to reveal sets of items

that approximate longitudinal Guttman scales.
LGSCLUS, like ~~~~~.~s (Cliff et at., 1986), is an

~.~~~&reg;me~°~~~~~9 nonhierarchical clustering proce-
involving both first- and second-order solu-
tions. LGSCLUS takes as input a set of binary items
(or variables) measured longitudinally. It then clus-
ters the items, using as a similarity measure a
variables x variables matrix of CL. The user inputs
cluster boundaries, either on a cluster-by-cluster
basis or by using the First-k Rule or Largest Gap
Rule.
The artificial data study presented here tested the

LGSCLUS procedure in a number of situations. Sev-
eral useful to researchers emerged
from the results of this study. The excellent per-
formance of the ~’i~s~A~~ Rule suggests that the best
use of LGSCLUS wilt be made by who
have specific a priori about cluster size, or
who study the cluster history matrices carefully in
order to arrive at cluster boundaries that seem rea-

sonable based on the observed data and substantive

theory. For situations where a priori ideas about
how many variables to include in a cluster are not

available, the artificial data study indicates that the
Largest Gap Rule works well where correlated scales
are not present and sample sizes are sufficient.
The finding that LGSCLUS is robust to variations

in developmental rate (within the limits of variation
used here) has implications for the scheduling of
occasions of measurement in empirical studies.

LGSCLUS can uncover longitudinal Guttman scales
even if relatively little development has shown
between waves of measurement, as can occur either

if development is occurring at a slow rate or if
waves of measurement are close together. This sug-
gests that under some circumstances a researcher
interested in cumulative, unitary development need
not collect years of data. Instead, it may be possible
to collect longitudinal data over a fairly short time.
Care should be taken, however, to ensure that there
is opportunity for development on every item, and
that there is reasonable opportunity for overall de-
velopment.
The simulation study also showed that LGSCLUs

is robust to variations in item quality, indicating
that the procedure will perform well in situations
involving empirical data, which of course are likely
to contain considerable error. The results involving
sample suggest that, where possible, an N greater
than 200 should be used.

Although LGSCLUS works best when there is no
overlap between clusters, it is also quite successful
when there is item overlap between scales. How-
ever, caution is indicated where there are corre-
lations between scales. In fact, the between-scale
correlation used in the present study, .2, was cho-
sen because in pilot studies it was found that higher
correlations resulted in uniformly poor scale re-

covery.

The LGS om Mep-su-irement

The perspective on the measurement of dynamic
constructs taken in this article is considerably dif-
ferent from that taken in literature. First, the
distinction between static and dynamic constructs,
although seldom made explicitly, is as an im-
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portant one. Second, most psychometric or statis-
tical approaches to longitudinal data start from a
persons x items data r~~tri~9 in contrast, the pres-
ent approach focuses on intra-person change over
time, starting with an items x times matrix for each
person.
As an example of how central this difference its,

consider the role that constant items play in most
psychometric and statistical procedures. An item
that is zero-variance at one wave of measurement
in a longitudinal study either plays no role in meth-
odological procedures, or must be removed before
the procedures can be performed (as in factor anal-
ysis). However, an item that is constant at one or
more occasions may play a very important role in
a longitudinal Guttman scale, if it rejects intra-

person change across occasions.
But the most important difference is the vital

role that a model of the change process plays in
the present authors’ perspective on measuring dy-
namic constructs. In the case of the LGS method-

ology presented here, the model is one of ~a~~a~-
lative, unitary development. However, although this
model is one with wide applicability, it certainly
does not characterize every dynamic construct of
potential interest to psychologists. The LGS meth-
odology is limited to one specific type of dynamic
construct, but the issues raised by Collins and Cliff
(1988) about the shortcomings of traditional mea-
surement theory apply to other dynamic constructs
as well. Further methodological work is needed for
measurement of dynamic constructs involving stage-
skipping, regression to previous stages, multiple
paths, and other types of development that are not
a part of the LGS model.
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