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This paper is concerned with the study of
correlates and predictors of change in a multiwave
design. A general structural modeling approach is
discussed, which allows estimation of theoretically
and empirically relevant interrelationship indexes
between growth or decline in longitudinally
assessed psychological constructs and additional
variables. Several classical test theory-based struc-
tural models are discussed. The models permit
consistent and efficient estimation of, and tests
about, the degree of covariation between change in
one or more repeatedly measured latent dimensions
and other variables, such as studied or presumed

correlates of growth or decline in the longitudi-
nally observed constructs. These models are useful
in developmental studies with multiple assessment
points, in which variables that are correlated with,
and can be used to predict, change in measured
abilities in repeatedly assessed psychological
characteristics are to be identified. The approach
is illustrated with data from a cognitive interven-
tion study of aged adults (Baltes, Dittmann-Kohli,
& Kliegl, 1986). Index terms: correlates and pre-
dictors of growth or decline, longitudinal research
design, measurement of change, multiple assessments,
structural equation modeling.

The study of interrelationship indexes between change in a measured variable and one or more
additional variables has attracted a considerable amount of psychometric interest during the past three
decades (e.g., Bereiter, 1963; Cronbach & Furby, 1970; Raykov, 1993; Rogosa, Brandt, & Zimowski,
1982; Rogosa & Willett, 1985; Tucker, Damarin, & Messick, 1966). Indexes of interrelation, such
as correlation and covariance coefficients, provide information that is useful in identifying theoretically
relevant and empirically meaningful correlates and predictors of growth or decline in repeatedly
assessed latent variables. These correlates can be of particular relevance in research concerned with
understanding or modification of the psychological phenomena under investigation; for example,
when the goal is to identify background variables correlated with abnormal child development, or
to identify personal characteristics associated with long-term benefit from a particular treatment.

Over the past several years, structural equation modeling has proven to be a useful approach to
measuring change (e.g., Browne & DuToit, 1991; McArdle, 1988; McArdle & Aber, 1990; McArdle
& Anderson, 1990; McArdle & Epstein, 1987; Meredith, 1991; Meredith & Tisak, 1990; Muthén
1991; 1 Stoolmiller, Duncan, Bank, & Patterson, in press; Tisak & Meredith, 1989, 1990a, 1990b).
One feature of this approach that makes it an attractive tool for studying change is its explicit ac-
count of measurement error. Measurement error is almost ubiquitous in psychological research: If
its presence in the independent variable(s) is ignored, seriously distorted parameter estimates with
theoretical and empirical relevance can result (e.g., Cochran, 1968; Lord, 1960; Rogosa & Willett,
1985; Schaie & Hertzog, 1985). One such parameter is the correlation between change in a repeated-
ly assessed construct and another variable. Estimation and hypothesis testing about this type of
parameter in research designs with multiple measurement points is the focus of the present paper.
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Raykov (1993) recently used structural equation modeling in the context of change measurement
to address the issue of correlates and predictors of growth or decline. (Here, for simplicity the term
66c&reg;rr~latesy9 is used to denote both correlate and predictor variables.) A main limitation of that
approach, however, is its applicability only to the two-wave case, for example, to the &dquo;classical&dquo;

pretest/posttest design. Although the method is potentially useful with a larger number of repeated
measurements, only two among all repeated measurements can be selected. Consequently, using that
approach in a multiwave study with more than two consecutive measurements will result in loss of
important information about the developmental process under consideration. This information will
be contained in the measurements on the disregarded assessment occasions.

In the present paper, a general structural equation modeling approach to the study of change corre-
lates in the context of a longitudinal design with more than two repeated assessments is discussed.
The advantages of a multiwave design over a two-wave design have been described in the psycho-
metric literature (e.g., McArdle, 1988; McArdle & Epstein, 1987; Rogosa, 1979; Rogosa et al., 1982).
In this paper, several structural models that are useful for estimating, and testing hypotheses about,
interrelationship indexes between change on the latent trait level in a multiwave design and one or
more additional variables, such as presumed or focused correlates of growth or decline in the
repeatedly measured psychological characteristics, are discussed. In contrast to using methods for
studying change correlates that have been developed primarily for the two-wave context in a multi-
wave setting, the following models make efficient use of information contained in all available
measurements of the longitudinally observed latent dimensions.

Structural Equation Models for Studying fillultiwave Correlates of Change

The models for studying longitudinal change correlates that are discussed here were conceived
within the framework of classical test theory (CTT) and formulated in terms of true scores (e.g., Lord
& Novick, 1968). The distinctive feature of these models is that some of their parameters incorporate
substantively interesting aspects of true score change over time in a multiwave design. In accordance
with CTT notation, true scores are designated by T errors of measurement by E, and observed scores
by X.

A Structural Model for Studying Correlates and Predictors of Change
in Several Repeatedly-Assessed Latent Dimensions

Suppose that each of m variables has been repeatedly assessed on pj occasions (where j = 1, 2,
a e . , m). X~k denotes the score of the jth variable on the kth occasion (where k = 1, . 0 ., Pj; p&dquo; p2,

a .. , p,, need not be equal). In CTT notation, Xjk = ~’k + E~k holds for the observed scores, where
Tk are the corresponding true scores and ~’~~ the associated errors of measurements. In contrast to
previously described methods for studying correlates of change, which used information from only
two assessments (e.g., Cronbach & Furby, 1970; Raykov, 1993; Tucker et al., 1966), this paper is
concerned with models that allow the simultaneous consideration of more than two measurements;
therefore, pj * 3 will be assumed throughout the remainder of the paper.

Model 1 pararneterizes the degree of covariation between change in several repeatedly assessed
variables and a number of other variables, such as correlates of growth or decline. To identify
correlates of longitudinal change, Model 1 is concerned with the correlations between overall

change in each repeatedly observed latent dimension and those additional variables. Following CTT
notation, if the correlates are denoted X,,, ..., X,, (~ ~ 1; where c stands for ‘6~&reg;rrel~te’~) and
represent a g-tuple of congeneric tests (e.g., J6reskog & S6rbom, 1988) measuring a latent dimension
denoted by 7~, the parameters of interest in Model 1 are the following correlations: f(7~., 7~ - 7,B),
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In Model 1, at each intermediate assessment the true score can be represented as the sum of initial
status and the change between the initial measurement and the following measurement. In turn, this
change can be expressed as a multiplicative function of overall growth or decline across all occasions.
For example, in the case of continuous growth, the change occurring between the first and any inter-
mediate measurement is a fraction of the overall growth across all measurement occasions. In other
words, that change equals the product of total overall growth and an appropriately selected constant
between 0 and 1. Similarly, in the case of continuous decline, the decrement at an intermediate as-
sessment, relative to the initial measurement, is the product of total overall decline and a constant
between 0 and 1. In the event of initial decline followed by growth, or of initial growth followed
by decline, these multiplicative constants can exceed or equal 1, or even be negative, at some
intermediate assessments.

This and the following models are not directly applicable if overall change equals 0. In those cases,
however, usually a subset of multiple assessments can be found with a nonzero overall change, to
which the models can be applied. (The change occurring between the initial and last assessments
will be equal to the product of that overall change and a nonzero constant.) If such a subset cannot
be found, there is either no change at any of the assessments relative to the starting level, or model-
ing approaches for the two-wave setting can be used with a subset of two assessments (e.g., Raykov,
1993).

Hence, Model 1 is based on the following relationships for the true sc&reg;rcs Tk at the kth inter-
mediate measurement of the jth trait (k = 2, ..., pj - 1):

In Equation 1, 6j~ represents occasion-specific, individual deviations from the group trend. The latter
tendency is reflected in the multiplicative constants aj, (see below), and is expressed as the second
term in the equation. The means of those deviations are presumed to be vanishing, that is, M(8j,) = 0
is assumed for j = 1, ... , m and k = 2, ..., pj - 1. [Here R4(o) denotes expectation with respect
to individuals.] The Model 1 definition equations for the observed variables thus state that the values
X&dquo;, ... , Xlp~9 ~21, .. ~ ~ X2P2; ...; X.11 ... , Xmpm for each trait equal the sum of the corresponding
true scores in Equation and associated measurement errors. Hence, the observed score equations
are written as follows (for notational simplicity, the individual deviations 8jk in Equation 1 are ab-
sorbed into corresponding error scores, for which the same symbols Ejk are retained, without alter-
ing their vanishing expectations):
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The last g equations in Equation 2 represent the symbolic equivalent of the congeneric property of
the correlate variables ~~~9 Xc2’ ..., 9 Xeg9 with associated measurement errors ~’~1, Ee29 ... , Eg. The
unknowns ~129 ..., 9 a1P¡-1; ~229 ... , a2P2-1; and am2’ .. , ~mPm-1 symbolize the multiplicative constants
mentioned above. These constants, together with the unknowns dl, d2, ... , dg, are model parameters
to be estimated from the data. For the model to be identifiable, either one of the coefficients d,,
d2, ... , c~g or the variance of ’4 has to be set equal to a constant (e.g., 1; J.6reskog & S6rbom, 1988).

For each trait, taking expectations with respect to individuals on both sides of corresponding
equations in Equation 2 and rearranging terms results in:

for all j = 1, ..., m, k = 2, ..., pj - 1. Hence, for each trait the model parameters ~~~ reflect that
part of mean (true) overall change across all pj assessments, which has occurred up to the kth
assessment. This CTT-based model can be viewed as an extended and modified special case of a
factor analytic model proposed by McArdle & Anderson (1990; McArdle & Aber, 1990) or of the
factor-analytic approach by Meredith & Tisak (1990). Model 1 is specifically designed for studying
correlates of longitudinal change.

Obviously, a special case of Model 1 presented here-with T, = X,, (thus Eel = 0) and no
other indicators of the latent dimension of a correlate-is useful in situations in which this correlate
is a single (presumed) infallible measure. Model 1 also is applicable in cases with only one indicator
of the correlate dimension, if substantively reasonable assumptions concerning this indicator’s
measurement error variance can be made in order to achieve model identifiability (e.g., Bollen,
1989). Further, the model can be extended to encompass several (h > 2) correlate dimensions 7~,
~2’ ... 7~, each of which is assumed to be measured by a set of congeneric tests (or by single indi-
cators, as long as substantively defensible assumptions about their measurement error variances can
be made to ensure model identifiability). The correlations between the overall change variables Tp. -
T, and each of these latent dimensions [i.e., the quantities r(1jpj - 1ju 7~,), n = 1, ..., h] are of in-
terest when using this extension of the model for purposes of studying correlates of change in a
more general context.
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A Structural Equation Model for Studying Correlates and Pr~dlct&reg;~°s of Change in a
Construct Repeatedly by Several Indicators

Model 1 is useful in empirical contexts in which each of the longitudinally followed latent dimen-
sions is assessed by a single indicator at every measurement occasion. A general recommendation
in empirical psychological research, however, is to measure constructs with more than one indicator
(e.g., Bentler, 1989; Bollen, 1989; J6reskog & S&reg;rb&reg;rn9 1988, 1993). Typically, a single indicator
of a construct addresses only one specific aspect of the underlying latent dimension it purports to
measure. Given the complexity of most phenomena studied in psychology, single indicators may
lack both validity and reliability as construct measures because they often contain limited, &dquo;one-
sided&dquo; information about the unobservable dimension.

Model 2 assumes that a construct of interest has been assessed on each of p occasions by several
indicators, with p a 3. At the latent trait level, Model 2 uses the parameterization idea that under-
lies Model 1 arid is explicated in Equation 1. Model 2 definition equations in terms of true scores
are (cf. Equation 1):

In these p - 2 Equations, 1;, ~, ..., 1; denote the true scores associated with the construct at the
1st, 2nd, ..., g pth assessment. The last terms on the right-hand side of Equation 4 (8,) represent
occasion-specific individual deviations from the group trend that is reflected in the constants ca~9
k = 2, ... , p - 1; these deviations are assumed to have vanishing means Model 1).

As mentioned previously, Model 2 assumes that at the first of p consecutive assessments the con-
struct is measured by a ~-tuple of congeneric tests, at the second assessment by a of
congeneric tests, and at thepth assessment by a q,-tuple of congeneric tests. (Therefore, qj a 2 holds
for at least one assessment; otherwise Model I may be used. These congeneric sets can consist of
the same administered tests, or may comprise different tests as as are congener-
ic with respect to the longitudinally assessed construct; q,9 q29 ~ .. 9 qP need not be equal.) As with
Model 1, the correlate latent dimension is assumed to be measured by a g-tuple of congeneric tests.

The Model 2 definition equations for the observed scores and the correlate variables are the fol-
lowing (for notational simplicity, the individual deviations ~k9 k = 2, ..., ~ - 1, are absorbed into
the corresponding measurement errors for which the same symbols are retained, without altering
their vanishing expectations; cf. Model 1):
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In Equation 5, the constants b&dquo;, ... 9 b,ql9 b21, ... , b2q2; bpp ... , b,,qp, and dp ... , dg are model
parameters to be estimated from the data. For the model to be identifiable, a parameter within each
of these p successive qj-tuples of unknowns (j = l, ..., p) and one of the last g parameters must
be set equal to a constant, or the variance of £ must be set equal to a constant (e.g., 1). Analogous
to Model 1, taking expectations from both sides of the structural relationship in Equation 4 and
rearranging terms results in: e

Hence, the multiplicative constants cak reflect the average proportions of mean overall change in the
construct that occur up to the kth assessment (k = 2, ..., p - 1; cf. Model 1).
When using Model 2 to study correlates of growth or decline in a repeatedly measured construct,

the correlation between latent change p - T and correlate latent score £ li.e., r(~ - 1;, T)] is of main
interest. As with Model 1, a special case of Model 2-with T = X,, (thus E~1 = 0) and no other
indicators of the latent dimension of a correlate-is applicable to situations in which this correlate
is a single (presumed) infallible measure. Also, Model 2 is useful in situations in which only one
indicator of the correlate dimension is available (if substantively reasonable assumptions concern-
ing its measurement error variance can be made in order to achieve model identifiability). Analo-
gous to Model 1, Model 2 can be extended to encompass multiple (h a 2) correlate latent dimensions
as long as it is assumed that each of them is measured by a set of congeneric tests (or by single
indicators, as long as substantively defensible assumptions about their measurement error variances
can be made to ensure model idcntifiability). The correlations between the overall construct change
variable T, - 7~ and these latent correlate dimensions 7~, ~2’ ..., 7~, [i.e., r(7~ - 7~ 7~,), j == 1, ..., 9

h] are of interest when using Model 2 for purposes of studying correlates of change in a more gener-
al context.

Studying Indexes Among Initial Trait Level and
Change in Multiple R~p~~tedly Ass~ssed ~sy~h&reg;1&reg;~~c~l Characteristics

Models 1 and 2 focused on the correlation between latent change in repeatedly measured
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psychological characteristics and correlate variables of growth or decline in these characteristics.
In these models, correlates are measured on only one occasion. In a typical developmental context,
however, these correlates may be assessed on a number of occasions. Under these circumstances,
it is of interest to estimate, and/or test hypotheses about, interrelationships between change in the
longitudinally measured variables and their initial levels, and the repeatedly measured correlate
variables. For example, in an adult intelligence development study it may be of concern to examine
the correlations among the initial levels and overall changes pertaining to several repeatedly
measured intellectual abilities as well as to their longitudinally observed correlates.

In such empirical settings, a modification of Model 1 perrnits the parameterization of the above
latent variables and their interrelationship indexes. The modification assumes that each of the
correlate variables is measured on at least three occasions. This model, called Model 3, focuses on
the correlations among the initial levels and overall latent changes that pertain to each of the
longitudinally assessed variables and each of the repeatedly measured correlates. Formally, the modifi-
cation can be obtained from Model 1 bya (1) disregarding that part of Model 1 that is concerned
with the correlates measured on a single occasion, and (2) concentrating on the interrelationship
indexes among the remaining latent variables pertaining to the repeatedly assessed variables and cor-
relates. In terms of model definition, the basic structural equations of Model I (Equation 1) are
retained, but the longitudinally assessed correlates fill the role of some of the repeatedly followed
variables. All definition equations for the observed scores in Equation 2 are retained, except those
equations dealing with the correlate variables. Note that the definition of Model 3 does not neces-
sarily require the correlates to be measured on the same occasions or on the same number of
occasions as the repeatedly assessed traits.

As mentioned above, the parameters of interest in Model 3 are the indexes of interrelationship
among all the latent variables. In terms of the notation employed with Model 1, these parameters
include the following correlations: r(1;¡, Tp; - 1;1)’ r(1;19 7~), r(1;19 4Pk - ~~)9 and r(Z.’,,; - 1;19 4Pk - 41)’
for all possible pairs of j and k. That is, these interrelationship indexes include: (1) for each longi-
tudinally observed trait, the correlation between its true initial status and true overall change [r(T&dquo;
1jpj - 1;1)]; (2) the correlations among all initial true levels [r(1;p Tkl)l9 (3) the correlations between
the overall changes corresponding to each repeatedly followed characteristic and the initial levels
of the remaining repeatedly measured variables [r(Tj,, 4Pk - 7~)j; and (4) the correlations among all
overall changes pertaining to the m longitudinally assessed traits [r°(Tp. - 1;19 4Pk - 41)].

Model Testing and Parameter Estimation

For a given dataset, testing the plausibility of Models 1-3, as well as estimating their parameters,
is possible using structural equation modeling programs such as LISREL (J6reskog & S6rbom, 1988,
1993) or EQS (Bentler, 1989). Within this framework, the models are fit to the empirical
covariance/mean matrix by minimizing a corresponding discrepancy function. The latter measures
the distance between the implied, model-specific covariance/mean matrix and its analyzed, empirical
counterpart matrix. Using the formal, linear model-based approach followed in Raykov (1993) for
Models 1-3, the reproduced covariance/mean matrix is parameterized in terms of the model’s
unknown parameters.

Fitting the models to the data using existing structural equation modeling programs yields parameter
estimates that minimize the discrepancy function, and allows at the minimum a test of model
plausibility as a means of data description and explanation. Moreover, testing hypotheses about the
degree of relationship between longitudinal change and correlate dimension(s) can be implemented
with these models by evaluating the meaningfulness of corresponding parameter constraints using
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a test for the significance of the difference in the x2 goodness-of-fit indexes associated with appropri-
ately constructed nested models (e.g., J6reskog & S6rbom, 1988).

Models 1-3 can be especially useful in multisample analyses. In multiple-group studies, it can be
of interest to examine group differences or invariance in the interrelationship indexes between growth
or decline across several measurements in a number of repeatedly measured traits and correlates of
change in those traits. In such situations, evaluating the meaningfulness of cross-group constraints
on appropriate parameters can be an informative way of addressing questions of group invariance/
differences in these indexes of interrelationship.

An Illustration With Data from a Cognitive Intervention of Aged Adults

Data

The data were from a two-group (experimental and control), four-assessment cognitive intervention
study of plasticity in fluid intelligence of aged adults conducted by Baltes, Dittmann-Kohli, & Kliegl
(1986). Details of the study are provided in Raykov (1993), and a full description of the eight repeated
intelligence tests, as well as particulars of the training program administered to the experimental group
after a pretest of all persons, can be found in Baltes & Willis (1982), Blieszener, Willis, & Baltes (19~1),
and Baltes et al. Originally, Baltes et al. focused on improvement in mean test performance. They
found that training effects in the experimental group were maintained over the six-month testing peri-
od and exceeded the retest/practice effects in the control group. Four tests of the fluid intelligence
subabilities induction and figural relations were found to be sensitive to training. They were the ADEPT
Induction (m) test, the ADEPT Figural Relations (AFR) test, Thurstone’s Standard Induction (Tl) test,
and the Culture-Fair (CF) test. Covariances, variances, and means of the 16 variables following a trans-
formation to percentage correct scores are presented in Table 1.

Fitting the Structural Models

In the present application of Models 1-3, the development in means over time was taken into
account and the analyses focused on correlations pertaining to ability growth patterns in the four tests.
For Models 1-3, a short series of nested versions were considered (e.g., J6reskog & S6rboni, 1988);
within each series, specific parameter equality constraints were imposed across the two groups to test
their equivalence in the pattern of correlations. If a particular constraint did not significantly increase
the X2 value for the associated difference in degrees of freedom (df), it was concluded that the res-
triction was plausible; the cross-group parameter restraint was retained if subsequent nested models
were fit within the series.

Model. Initially, Model 1 Vvas fit to the data. In Model 1, the growth in induction subabilities
measured by each of these two tests was related to initial figural relations (IFR) ability (measured by
the first assessments of the AFR and CF tests-AFRI and ~~1-f&reg;r a total of 10 variables). (At the pretest,
the two randomly formed groups did not differ with regard to any of the four fluid intelligence tests;
Baltes et al., 1986.) Model ways used with rrc = 2, pl = p2 = 4, h = 1, and g = 2 (see Equation
2). This model is displayed in Figure 1 in which the conventional standard for representing structural
equation models is used (J6reskog & S6rbom, 1988; squares stand for observed variables, circles for
true scores; one-way arrows signal that the variable at the end of the arrow is explained in terms of
the one at the beginning, and two-way arrows denote correlation).

In Figure 1, the four assessments with the m and Tl measures are denoted by All, AI2’ AI3, AI4,
and HI, TI2, TI3’ ’r14, respectively. Initial induction, as measured by these two fluid intelligence measures,
is denoted by llai and ~~Y;, respectively. Overall growth in induction (OGI) for m and Tri
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Figure 1
Model 1 for the Examination of Correlates of Change in

Repeatedly Assessed Latent Dimensions (m = 2, p = 4, g = 2, h = 1)

subabilities is designated by OGII and OGI,I, respectively. IFR was measured by the AFR and CF tests
at the first assessment. The parameters of interest in Model I arc symbolized by the two-headed
arrows connecting IFR with OGi,,i and OGI,I, as well as by the arrow connecting OG’ai and OGlti’ These
three arrows represent the correlations between IFR and OGlai, between IFR and &reg;mt;, and between

OGi,,i and OGIti, The paths from OGI~ to AI2 and AI3 and from &reg;G~t; to ~r~z and ~r~3 represent the unknown
model parameters ajk in Equations 1 and 2 ( j = 1, 2 and k = 2, 3). The paths from ll,,i and y; to
all four corresponding assessments of m and TI were set equal to 1 in accordance with Equation
2. Likewise, the paths from OGI~; to m4 and from &reg;mt; to ~~4 were constrained to be equal to 1 (see
Equations I and 2). e

First, Model 1 was fit without any parameter restrictions within or across groups. The resulting
x2 value was 69.98 with 60 df, p = .177. The descriptive goodness-of-fit index and root mean square
residual were .954 and 11.749, respectively, in the experimental group, and .941 and 7.286 in the
control group (cf. the magnitude of the elements of the analyzed matrices in Table l ).

The next analysis concerned whether the correlations between &reg;~~a; and &reg;mt; and IFR were iden-
tical in the two groups. The constraint of equal correlations between the corresponding latent varia-
bles was imposed across groups. To achieve this compound restriction, the three covariances among
the &reg;G~a;, OGIti, and IFR, as well as their variances, were restricted for identity across groups.

This nested model was associated with an increased x2 value of 80.15 with 66 df, p = .113. The
descriptive goodness-of-fit index and root mean square residual were .951 and 12.673, respectively,
in the experimental group, and .928 and 10.886 in the control group. Because the difference in the
x2 values for the two models was nonsignificant ~10.17 with 6 df), it was concluded that there was
no indication of group differences in the degree of interrelationship among IFR, &reg;ma;, and OGI,I.

In the second restricted model version that was judged tenable as a means of data description
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and explanation, these group-invariant correlations were estimated as (the corresponding covari-
ance coefficients were significantly positive): r(IFR,OGI,,i) = .45, r(I~’I~, &reg;GIt,~ _ .39, and r(OGI,i,
OG’ai) = .72. These findings were interpreted as evidence of a moderately strong, group-invariant
interrelationship between IFR ability and overall growth of induction subabilities; there was also
indication of a stronger group-invariant interrelationship between growth in the induction subabilities
as measured by AI and TI.

Model 2. Model 2 was fit to the data from the same 10 observed variables, with m = 2, p = 4,
qi = q2 = 2, h = 1, and g = 2 substituted in Equations 4 and 5. The resulting model sought to
study growth in induction that was conceptualized as a construct measured at each of the four
successive assessments by two indicators, rather than by a single indicator as in Model 1. The AI
and ’rI tests then were considered to be simultaneous, multiple markers of induction at each of the
four consecutive measurement occasions. Within Model 2, OGI was correlated at the construct level
with IFR ability. IFR ability was measured by AFR, and c~’1 (as in Model Model 2 is depicted in
Figure 2.

Relative to Figure 1, II, 12, 13, and 14 additionally denote induction at each of the four assess-
ments ; initial induction and overall growth are symbolized by II and OGI, respectively. The main
parameters of interest in Model 2 were the correlations among IFR, II, and OGL These parameters
are symbolized by the two-way arrows connecting IFR, II, and OGI in Figure 2. The paths from the
latent variable OGI to the intermediate latent inductive reasoning ability variables 12 and 13 represent
the model parameters a2 and ~3 in Equation 4. According to Equations 4 and 5, the paths from II
to 11, 12, 13, and 14 were set equal to 1.0, as was the path from OGI to 14.

To further explore group invariance in interrelationship indexes between induction growth and IFR
ability, the difference in the x2s associated with the initial and a correspondingly constrained across
groups model version were examined. Model 2 first was fit without imposing any cross-group or within-
group restrictions, and a 72 value of 175.54 with 78 d,f ~p < .01) was obtained (the Bentler-Bonnet

Figure 2
Model 2 for the Exploration of Correlates of Latent Change
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normed fit index = .956, the Bentler-Bonnet non-normed fit index = .971, and the comparative fit
index = .975). Introducing the cross-group equality constraint on the correlations among IFR, OGI,
and II led to an increase in the X2 value to 188.25 with 84 df (p < .01; the Bentler-Bonnet normed
fit index = .952, the Bentler-Bonnet non-normed fit index = .971, and the comparative fit in-

dex = .973). Because the difference in the 1: values was considered nonsignificant (12.69 with 6 df),
the two groups appeared to be equivalent with respect to the degree of interrelationships among IFR,
OGI, and n. When the cross-group equality constraint was introduced, the following estimates of la-
tent correlations were obtained (corresponding covariances were significantly positive): r(IFR, II) = .84,
r(IFR, OGI) = .55, and r°(n, OGI) = .50. These findings were interpreted as suggesting moderately
strong, group invariant interrelationships of OGI with IFR and n, as well as a strong group invariant
interrelationship between the IFR and II abilities.

Model 3. Model 3 was fit to the covariance/mean matrix of all 16 observed variables-that is,
the four assessments with the four repeated, training-sensitive tests (see Table Model 3 used the
information from the previously considered correlate variables, the AFR and CF tests, which also were
administered on four occasions. The fitted model is displayed in Figure 3.

Relative to Figure 1, additionally included in Figure 3 are the three posttest assessments with AFR
and C~’-den&reg;ted by AFR,, ~~’~3, ~~’~4, and CF1, c~’3, CF4, respectively. IFR ability associated with these
two measures is denoted by ml~~r and t~~~f. Overall growth in figural relations ability (OGFR) associated
with these two measures is denoted by &reg;~~’~~r and ~~~’~~f. The two-headed arrows connecting all pos-
sible pairs of latent variables represent the correlations discussed in the previous section, which were
of interest in Model 3. For each of the four fluid intelligence measures, the paths from the associated
initial subability latent variable to all four assessments were fixed to 1.0, as was the path from the
corresponding latent growth variable to the last assessment; the paths from that growth

Figure 3
Model 3 for Estimation and Hypothesis Testing About the Correlations Among Initial Trait Levels

and Overall Trait Change in Four Measures Repeatedly Presented on Four Occasions
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variable to the two intermediate measurements were unknown model parameters (see Equation 1

and the discussion above).
The least restrictive version of the model fit to the data did not impose any cross-group parameter

constraints and restricted the variances of the within-test measurement errors to be equal over time.
This model variant resulted in a X2 value of 232.65 with 192 df ( p = .024; the descriptive goodness-
of-fit index and root mean square residual were .915 and 9.087, respectively, in the experimental
group, and .876 and 8.215 in the control group).

Because the assignment of persons to groups after pretest was random, it seemed natural to con-
strain the initial assessment means across the two groups, as well as the variances of, and covariances
among, the initial subability latent variables; these parameters, constrained for equality across groups,
were the means as well as the variances and covariances of the latent variables ii.i, IIti9 I~’~~f, and

IFRaf, (see Figure 3). This compound constraint led to an increase in the x2 to 245.65 with 206 df,
p = .031 (the descriptive goodness-of-fit index and root mean square residual were .912 and 9.638,
respectively, in the experimental group, and .873 and 11.203 in the control group). Because the result-
ing difference in XI was nonsignificant (13.00 with 14 df ), it was concluded that the two groups did
not differ either in initial means or in initial subability correlations.

The four correlations between initial subability status and overall subability growth for each of
the four fluid intelligence tests, that is, the correlations D&dquo;(IIai9 OG~;), ~‘(g~’~afr9 OGFR,,f,), ~’(~Iti9 &reg;Ghi)9
and r(I~’I~~f9 OGFRcf) were restricted for cross-group equality. This yielded an increased X2 of 261.58
with 214 df ( p = .015; the descriptive goodness-of-fit index and root mean square residual were
.910 and 13.812, respectively, in the experimental group, and .86 and 11.140 in the control group).
Because the difference in XI was considered nonsignificant (15.93 with 8 df), it was concluded that
there was no indication of group differences in the within-test degree of interrelationship between
initial subability status and overall subability growth, for any of the four repeated tests.

Additionally constraining across groups the correlations between each of the four overall sub-
ability growth latent variables and each of the initial subability levels associated with the other three
repeated tests, that is, the correlations ~°(&reg;GIai9 IF’~afr)9 ~’(GGIai9 ~~ti)9 y’(&reg;GIai9I~I$~f)s ~ .. , r(OGFR,f, llai),
~°(&reg;G~’~t~f9l~’I~afr)9 and r°(&reg;G~’I~~g9lhi) resulted in a XI = 280.64 with 226 df (p = .008; the descriptive
goodness-of-fit index and root mean square residual were .950 and 11.3~4, respectively, in the
experimental group, and .848 and 15.446 in the control group). Because the difference in XI was
nonsignificant (19.06 with 1.2 df), the finding was interpreted as indicating group invariance in the
pattern of interdependence between overall subability growth in each of the four repeated tests and
the initial levels of the remaining three tests. Finally, restricting for group identity the six corre-
lations between all four overall subability growth latent variables (i.e., the six correlations among
OGlail OGIti, OGFRa,,, and OGFRcf) resulted in &dquo;1.2 = 289.56 with 232 df (p < .01; the descriptive
goodness-of-fit index and root mean square residual were .901 and 11.194, respectively, in the ex-
perimental group, and .845 and 14.845 in the control group). Because the difference in XI was non-
significant (8.92 with 6 df), it was concluded that there was no indication of group differences with
respect to the pattern of interdependence among the overall subability growth entities in all four
fluid intelligence measures, as reflected in the correlations among the latent overall growth varia-
bles, OG’ail OGI,I, OGFRal, and V’GA’YA~fe

Conclusions

The models discussed here permit estimation and tests of hypotheses about interrelationship
indexes between change in longitudinally assessed constructs and presumed/studied correlate

variables. Models 1 and 2 can be used in cases in which the correlate variables are assessed on a
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single occasion; Model 3 is suitable in cases in which the correlate variables also are measured on
multiple occasions.

Models 1-3 are readily fit using existing structural equation modeling software, such as USREL
(J6reskog & S6rbom, 1988, 1993) or EQS (Bentler, 1989). They yield consistent and efficient esti-
mators of covariation indexes between latent change and the correlate variables. The indexes are
helpful in studies that are designed to identify variables contributing to growth or decline along repeat-
edly measured latent psychological dimensions. In multigroup designs, the models allow tests of
hypotheses about group invariance in these indexes, as well as the study of group differences in them.
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