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A non-arbitrary method for the identification and scale setting of latent variables in
general structural equation modeling is introduced. This particular technique pro-
vides identical model fit as traditional methods (e.g., the marker variable method),
but it allows one to estimate the latent parameters in a nonarbitrary metric that re-
flects the metric of the measured indicators. This technique, therefore, is particularly
useful for mean and covariance structures (MACS) analyses, where the means of the
indicators and latent constructs are of key interest. By introducing this alternative
method of identification and scale setting, researchers are provided with an addi-
tional tool for conducting MACS analyses that provides a meaningful and non-
arbitrary scale for the estimates of the latent variable parameters. Importantly, this
tool can be used with single-group single-occasion models as well as with multi-
ple-group models, multiple-occasion models, or both.

In this brief note, a non-arbitrary method for identification and scale setting of la-
tent variables in general structural equation modeling (SEM) and, more specifi-
cally, with mean and covariance structures (MACS) analyses, is introduced. In so
doing, the two most common methods for identifying and scaling constructs are re-
viewed and the strengths and weaknesses of the various approaches are discussed.
For simplicity, demonstration focuses on the common SEM situation in which (a)
constructs have multiple indicators, (b) most indicators load only on one construct
(i.e., “simple structure”), and (c) each indicator has the same possible response
scale (i.e., same range of possible outcomes). In other words, the discussion of
identification and scale setting applies to rather unrestricted assumptions about the
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nature of the indicators (i.e., “essentially congeneric” indicators; see Table 1 and
see Millsap & Everson, 1991).

IDENTIFICATION CONSTRAINTS

To help understand the relations among the different methods of identification, the
starting point is the general factor model. Let X be a p × 1 vector of p observed vari-
ables with mean vector, �, and variance-covariance matrix, �. Let Xg represent the
vector of observed responses for the gth group (g = 1, 2, … , G).

Xg = �g + �g�g + �g (1)

where �g is a (p × 1) vector of intercepts for each of p indicators, �g is a (p × r) ma-
trix of loadings for p indicators on r constructs, �g is a (r × 1) vector of r latent con-
structs, and �g is a (p × 1) vector of p unique factors or error terms associated with
each indicator. The mean structure of the general factor model can be repre-
sented as

E(Xg) = �g = �g + �g�g (2)
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TABLE 1
Basic Taxonomy of Indicator Class

Class of Indicator Statistical Qualities Definitional Qualities

Parallel � = 0p; 	 = 1p;
δ = �δ �p All indicators have equal intercept,
scaling, and error information

Tau-equivalent � = 0p; 	 = 1p;
δ ≠ �δ �p All indicators have equal intercept and
scaling information; error variances
can vary

Essentially parallel � ≠ 0p; 	 = 1p;
δ = �δ �p Each indicator can vary by a constant
value; scaling information and error
variances are equal

Essentially tau-equivalent � ≠ 0p; 	 = 1p;
δ ≠ �δ �p Each indicator can vary by a constant
value and error variances can vary;
only scale information is equivalent

Congeneric � = 0p; 	 ≠ 1p;
δ ≠ �δ �p All indicators have a common intercept
but vary in terms of the scale
parameter and the error variances

Essentially congeneric � ≠ 0p; 	 ≠ 1p;
δ ≠ �δ �p All indicators can vary in terms of their
mean-level, common-variance, and
error-variance information

Note. � is the intercept of a given construct’s indicator, 	 is the loading of a given construct’s indi-
cator, and � is the indicator’s residual.



and the covariance structure can be represented as

For these equations, � is a (p × 1) vector of intercepts for the p indicators, � is the p by
rmatrixof loadings,�g is a (r×1)vectorof latent constructmeans foreachgroup,g

is an (r × r) covariance matrix among the r latent constructs in each group, and 
g is a
(p × p) diagonal matrix of unique variances among the p indicators in each group.
These formulations carry a number of assumptions: (a) the mean of the unique fac-
tors is zero [E(�) = 0], (b) these unique factors are typically (but not required to be)
uncorrelated with each other [Cov(�δ′) = 0], (c) the unique factors do not correlate
with thecommonfactors [i.e.,�δε=0], and(d) theobservedvariablesand the residu-
als (�) are assumed to be distributed multivariate normally.

In the following, three possible methods for identifying both the mean structure
parameters (Equation 2) and the covariance structure parameters (Equation 3) are
outlined. After introducing the identification methods, their use in the context of a
multiple-group comparison MACS analysis is demonstrated.

Method 1: Reference-Group Method

This method of identifying and setting the scale of the mean and covariance param-
eters involves fixing the latent mean and the latent variance of each construct in the
first group or at the first occasion. Here, the variance is commonly fixed to 1.0 (i.e.,

, where r = r, the diagonal of the matrix) and the latent mean is fixed to 0.0
(i.e., ). With the loadings and intercepts equated across groups, this method
allows the latent means and variances of the corresponding constructs to be esti-
mated freely in each of the subsequent groups. That is, with invariance of the load-
ings and intercepts in place, the estimates of the latent means and variances of the
constructs in the subsequent groups are identified and scaled relative to the fixed
mean and variance in the first group.

With this approach, each τ estimates the mean of each respective manifest vari-
able in the first group. The estimated latent mean of a construct in each subsequent
group is the weighted average difference across the set of indicators of the con-
struct. That is, the differences in indicator means are weighted by the factor load-
ings. Here, the means of the manifest variables in the subsequent groups are repro-
duced by adding the weighted common mean difference to each estimated τ for a
given group (see Equation 2 and Table 2).

With this approach, each estimated λ represents the loading of a given manifest
variable in the first group. The estimated latent variance of a construct in each sub-
sequent group reflects the proportional differences in the common variance of the
indicators explained by a given construct. Here, the common variances of the man-
ifest variables in the subsequent groups are reproduced by multiplying each esti-
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mated λ for a given group by the estimated variance of the construct for the given
group (see Equation 3 and Table 2).

Method 2: Marker-Variable Method

With this method, the intercept of one of the indicators of each construct is fixed to
be zero (i.e., if the first indicator of a construct is chosen, ) and the loading
of the chosen indicator is fixed to be 1.0 (i.e., ). The remaining indicators’
intercepts and loadings of a construct are estimated but equated across groups.
With these identification and scaling constraints in place, the latent means and
variances of the constructs in all groups are estimated. This method has the effect
of setting the scale of the latent variable to be equivalent to that of the chosen
marker variable. This method is similar to the analysis of variance dummy-coding
model. As with dummy-coding, the choice of which indicator to fix is somewhat
arbitrary. Sometimes the indicator that is viewed as being the most representative
is chosen as the marker, but this choice is often subjective. If there is no substan-
tively central indicator, one might select the indicator with the highest, lowest, or a
moderate amount of variance. Typically, the choice of a reference variable for
identification does not affect the overall fit of the model but only affects the
parameterization. However, Millsap (2001) demonstrated that in certain cases
when a model is very unrestricted this may not be the case. For the most part, then,
when the full model consists of sets of essentially congeneric indicators, the over-
all fit will not be affected.

Method 3: Effects-Coding Method

A third method is analogous to analysis of variance effects coding. Here, one sim-
ply constrains the set of indicator intercepts to sum to zero for each construct and
the set of loadings for a given construct to average 1.0, which is the same as having
them sum to the number of unique indicators:

where, i = 1 to I refers to the summation across the set of I unique indicators for a
given latent construct, r, in each of G groups. With this method, placing the con-
straints, λ1r = 2 – λ2r and τ1r = 0 – τ2r when only two indicators of a construct exist
would satisfy the identification and scaling conditions needed to estimate the latent
mean and variance of a construct when cross-group invariance is also in place.1
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1When estimating a single-group, single-occasion model, it may be desirable to place an additional
constraint such as equating the loadings of the two indicators to locally identify the construct, in which
case this would simply involve setting both λs = 1 and both τs = 0.



The identification and scale setting conditions can be met for three indicators with
the constraints, λ1r = 3 – λ2r – λ3r and τ1r = 0 – τ2r – τ3r. Similar constraints can be
applied with any number of unique indicators to provide the identification and
scaling conditions.

This method uses the effects constraints to provide an optimal balance across
the possible indicators to establish the scale for the estimated parameters, where
the average intercept is zero, but no individual manifest intercept is fixed to be
zero. Similarly, the loading parameters are estimated as an optimal balance around
1.0, but no individual loading is necessarily constrained to be 1.0. This method re-
sults in estimates of the latent variances that are the average of the indicators’ vari-
ances accounted for by the construct, and the latent means are estimated as opti-
mally weighted averages of the set of indicator means for a given construct. In
other words, the estimated latent variances and latent means reflect the observed
metric of the indictors, optimally weighted by the degree to which each indicator
represents the underlying latent construct.

DEMONSTRATION EXAMPLE

In the demonstration example, a simple two-group, two-construct model of posi-
tive and negative affect with three manifest indicators for each construct was con-
sidered. The means, standard deviations, and correlations for this example were
from data collected from middle school students, with 380 students in the seventh
grade (Group 1) and 379 students in the eighth grade (Group 2). Each item of this
scale was read aloud and the children answered on a 4-point scale (never, seldom,
often, and always). Positive and negative affect were each assessed with six items,
and three parcels were formed as indicators in this example by averaging (thus re-
taining the 1 to 4 scale) scores on two items (for a discussion on parceling, see Lit-
tle, Cunningham, Shahar, & Widaman, 2002).

For this example, the models with strong metric invariance constraints in place
were specified (see Little, 1997; Meredith, 1993). Because it is beyond the scope
of this short note, the steps by which invariance constraints are evaluated are not
discussed (for a discussion of this topic see Cheung & Rensvold, 1999; Little,
Card, Slegers, & Ledford, in press). However, the three methods of identification
can be used for single-group models or multiple-group models with configural,
strong, or strict invariance specified, and they can be used for evaluating issues re-
lated to partial invariance (see Cheung & Rensvold, 1999; Little et al., in press;
Millsap & Kwok, 2004; Reise, Widaman, & Pugh, 1994). Clearly, an investigator
would need to conduct the appropriate tests of invariance; however, these tests can
be conducted with either of the methods of identification.

Parameter estimates for each identification and scaling method are given in Ta-
ble 2. The LISREL script (containing the manifest means, standard deviations, and
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TABLE 2
Parameter Estimates for Each of Three Identification Methods

Measurement Parameters Latent Parameters

Indicator Loading
Group 1
Residual

Group 2
Residual Intercept

Latent
Parameter

Group 1
Estimates

Group 2
Estimates

Method 1: Fixed latent parameters
1 0.58 (.03) 0.12 (.01) 0.09 (.01) 3.15 (.03) φ11 1.0 1.22 (.14)
2 0.59 (.03) 0.11 (.01) 0.11 (.01) 2.97 (.03) φ22 1.0 0.85 (.10)
3 0.64 (.03) 0.10 (.01) 0.08 (.01) 3.08 (.04) φ21 –0.07 (.06) –0.33 (.06)
4 0.62 (.03) 0.11 (.01) 0.11 (.01) 1.70 (.04) r21 –0.07 (.06) –0.32
5 0.59 (.03) 0.10 (.01) 0.07 (.01) 1.55 (.03) κ1 0 –0.16 (.08)
6 0.61 (.03) 0.07 (.01) 0.06 (.01) 1.54 (.03) κ2 0 0.04 (.07)

Method 2: Fixed marker variable, lowest variance indicators
1 1.0 0.12 (.01) 0.09 (.01) 0 φ11 0.33 (.03) 0.40 (.03)
2 1.03 (.03) 0.11 (.01) 0.11 (.01) –0.28 (.09) φ22 0.35 (.03) 0.30 (.03)
3 1.11 (.03) 0.10 (.01) 0.08 (.01) –0.43 (.10) φ21 –0.02 (.02) –0.11 (.02)
4 1.06 (.03) 0.11 (.01) 0.11 (.01) 0.06 (.05) r21 –0.07 –0.32
5 1.0 0.10 (.01) 0.07 (.01) 0 κ1 3.15 (.03) 3.06 (.04)
6 1.03 (.03) 0.07 (.01) 0.06 (.01) –0.06 (.05) κ2 1.55 (.03) 1.57 (.03)
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Method 2: Fixed marker variable, middle variance indicators
1 0.97 (.03) 0.12 (.01) 0.09 (.01) 0.27 (.08) φ11 0.35 (.03) 0.43 (.04)
2 1.0 0.11 (.01) 0.11 (.01) 0 φ22 0.37 (.03) 0.31 (.03)
3 1.08 (.03) 0.10 (.01) 0.08 (.01) –0.13 (.09) φ21 –0.03 (.02) –0.12 (.02)
4 1.03 (.03) 0.11 (.01) 0.11 (.01) 0.12 (.05) r21 –0.07 –0.32
5 0.97 (.03) 0.10 (.01) 0.07 (.01) 0.05 (.04) κ1 2.97 (.03) 2.87 (.04)
6 1.0 0.07 (.01) 0.06 (.01) 0 κ2 1.54 (.03) 1.56 (.03)

Method 2: Fixed marker variable, highest variance indicators
1 0.90 (.03) 0.12 (.01) 0.09 (.01) 0.39 (.08) φ11 0.41 (.04) 0.50 (.04)
2 0.93 (.03) 0.11 (.01) 0.11 (.01) 0.12 (.08) φ22 0.39 (.03) 0.33 (.03)
3 1.0 0.10 (.01) 0.08 (.01) 0 φ21 –0.03 (.02) –0.13 (.02)
4 1.0 0.11 (.01) 0.11 (.01) 0 r21 –0.07 –0.32
5 0.95 (.03) 0.10 (.01) 0.07 (.01) –0.06 (.05) κ1 3.08 (.04) 2.97 (.04)
6 0.97 (.03) 0.07 (.01) 0.06 (.01) –0.12 (.05) κ2 1.70 (.04) 1.72 (.03)

Method 3: Effects-coding constraints
1 0.95 (.02) 0.12 (.01) 0.09 (.01) 0.23 (.05) φ11 0.36 (.03) 0.44 (.03)
2 0.98 (.02) 0.11 (.01) 0.10 (.01) –0.05 (.05) φ22 0.37 (.03) 0.31 (.03)
3 1.06 (.02) 0.10 (.01) 0.07 (.01) –0.18 (.05) φ21 –0.03 (.02) –0.12 (.02)
4 1.03 (.02) 0.11 (.01) 0.10 (.01) 0.06 (.03) r21 –0.07 –0.32
5 0.97 (.02) 0.10 (.01) 0.07 (.01) –0.00 (.03) κ1 3.07 (.03) 2.97 (.03)
6 1.00 (.02) 0.07 (.01) 0.06 (.01) –0.06 (.03) κ2 1.59 (.04) 1.62 (.03)

Note. r21 is the estimated correlation from the standardized solution, except for Group 1 using Method 1, where the estimated covariance is simultaneously
the estimated correlation. Values in parentheses indicate standard errors.



correlations observed in each group) used to generate the parameter estimates for
Method 3 in Table 2 are provided in Appendix A. As mentioned, all three methods
of identification and scale setting produce overall model fit statistics that are iden-
tical. In this example, the fit of the models was χ2(24, N = 759) = 58.42, p < .01,
root mean squared error of approximation = .061 (.049, .073), Nonnormed Fit In-
dex = .99, and Comparative Fit Index = .99.

IMPLICATIONS, ADVANTAGES, AND DISADVANTAGES
OF THE VARIOUS METHODS OF IDENTIFICATION

As seen in Table 2, interpreting the parameters from Method 1 (reference group
method) has the advantage of estimating the latent means in each subsequent
group as relative mean-level differences from the mean of the first group or occa-
sion (κ1 = –.16 and κ2 = .04). More specifically, these mean-level differences re-
flect the weighted average of the differences between the observed means of the re-
spective indicators in the first group and those in the second group. With the first
group defined as the reference group and with the latent means in this group set to
zero, the significances of the differences from zero for the mean-level estimates in
Group 2 are also the significances of the differences between the first group’s
means and the corresponding latent means in the comparison subgroups.2

As shown in Table 2, this method also has the advantage of estimating the asso-
ciation between the latent constructs (φ21) in the first group in correlational metric,
which is a readily interpretable metric to gauge the strength of associations among
constructs. On the other hand, the estimated association between the constructs in
the second group is less readily interpretable because it is estimated in covariance
metric. Because of the differences in the metrics, one cannot make a direct compar-
ison of cross-group differences in the strengths of the associations.

This interpretation problem can be remedied by including higher order “phan-
tom” constructs in the modeling such that the variances of the constructs are esti-
mated as the regression of the lower order constructs on to their higher order phan-
tom constructs (see Card & Little, in press; Little, 1997; Little et al., in press;
Rindskopf, 1984). Here, setting the scale of the higher order phantom constructs is
determined by fixing their variances to 1.0 in each group. This scale setting con-
straint also provides the necessary identification constraint for the higher order
constructs. Using phantom constructs in this manner allows the estimated associa-
tion between the latent constructs to be estimated in correlational metric in each
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2To compare differences between the means of any two or more subsequent groups, one would need
to conduct a nested-model chi-square test by equating across groups any two respective means and
evaluating the loss of fit from the model in which the respective means were allowed to vary freely
across groups.



group (i.e., the associations are estimated using a common metric across the
groups). This direct estimation approach has an advantage over examining the
standardized solution because a researcher can conduct direct tests of any
cross-group differences in the strengths of associations by using nested-model
chi-square difference tests (for details see Card & Little, in press; Little, 1997).

For the marker-variable method (Method 2), when invariance constraints are
specified across groups or measurement occasions, this method has the advantage
of not needing to subsequently free the latent means and variances of the con-
structs in the latter groups (these parameters are free in all groups). As shown in
Table 2, however, this method has the undesirable property that the estimated
means and variances of the latent constructs vary depending on which indicator is
chosen as the marker variable. Under some circumstances, the arbitrary nature of
the value of the latent parameters can lead to substantive differences in the inter-
pretations of cross-group or cross-time differences. Another disadvantage of the
marker-variable method when testing for cross-group (or cross-time) invariance is
the risk of choosing a marker variable that is not invariant (see Cheung &
Rensvold, 1999). Both the reference-group and the effects-coding methods have
the advantage of more easily evaluating which of the indicators might not be in-
variant across groups.

Relative to Methods 1 and 2, one major advantage of Method 3 (effects-coding
method) is that it maintains a construct scaling that is in a meaningful metric;
namely, a given latent variable will be on the same scale as the average of all of its
manifest indicators. As seen in Table 2, the marker-variable method (Method 2)
also allows estimates of the latent variable parameters in a metric that is close to
that of the observed variables; however, the metric is only approximate because it
is determined by the specific marker variable that is chosen. With the effects con-
straints of Method 3, the metric of the latent variables is the optimally weighted av-
erage of the set of indicators. In line with the basic principles of aggregation, the
average of a set of indicators would be a more accurate estimate of the population
value than any one indicator arbitrarily chosen from the set. In summary, unlike the
marker-variable method, the effects-coding method of identification and scaling
has the distinct advantage of estimating the latent variable parameters in the
disattenuated metric of the observed indicators.

The meaningful scaling metric provided by the effects coding method is also
beneficial when there are several constructs that have been measured on a similar
response scale and a researcher has a strong theoretical reason to compare the re-
spective latent means or variances. Only the effects-coding method provides a way
in which one could make meaningful comparisons across constructs within a given
group. Of course, the researcher would need to make a compelling case that the in-
dicators of the different constructs are measured using comparable scales. As seen
in Table 2, a researcher could meaningfully compare the variance or mean-level es-
timates of the Positive Affect construct with those of the Negative Affect construct.
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More generally speaking, the effects-coding method of identification can be
used for single-group SEM models such that the inherent mean-level information
can be maintained in the original scale of the indicators (which is not the case with
the other methods of identification). This method provides researchers with the
ability to test whether the mean or variance of one latent variable is different from
the mean or variance of another latent variable within either single- or multi-
ple-group models. Such comparisons would be done by equating the latent means
or variances of the two focal constructs and evaluating the loss in fit by way of the
nested-model chi-square test.

Finally, another advantage of the effects-coding method, which is similar to that
of the marker-variable method, is that when invariance constraints are placed on
the loadings and intercepts no other fixed parameters need to be subsequently freed
in the other groups. In this regard, none of the groups is considered the reference
group because the latent variable parameters are defined by the metric of the ob-
served indicators within each group or measurement occasion.

An instance in which the effects coding method would not be preferred is when
the manifest variables are measured on very different scales, both within and
across constructs. There is no longer an inherent advantage in keeping the latent
variables on the same scale as the manifest variables if the scales of the indicators
are vastly different.

A couple of points of comparison can be offered regarding the differences in the
three methods of identification. First, as mentioned, the model fit information will
be identical for all methods. That is, each method of identification is simply an al-
ternative but equivalent parameterization of the same model.

Similarly, all three methods yield identical estimates of latent effect sizes. As
mentioned, standardized latent associations are provided for the reference group
using Method 1, but can be obtained through the use of phantom variables as de-
scribed earlier (LISREL and other programs also can output standardized correla-
tions that are interpretable, if not directly comparable in multiple group models).
Standardized differences in latent means can be computed (and are equivalent) us-
ing any of these three methods. Method 1 has the advantage of providing latent
means in terms of Glass’ ∆ (the difference in group means divided by the standard
deviation of the reference group) if it is believed that the reference group provides
the most appropriate estimate of population variance (e.g., in studying treatment
effects, if it is believed that the variance of the comparison control group most ac-
curately reflects the variability of the nontreated population). Both Glass’ ∆ and
more commonly used indexes of standardized mean differences (e.g., Cohen’s d or
Hedges’ g; for a description of these effect size indexes see Rosenthal, 1994) can
be computed when any identification method is used. For example, from the data
in Table 2, each of these methods yield the effect sizes for differences between sev-
enth and eighth grades of g = –.15 for Positive Affect and g = .04 for Negative Af-
fect using the formula g = (κ2—κ1) / Spooled , where .

68 LITTLE, SLEGERS, CARD

1 2
pooled ( ) 2rr rrS � �ϕ ϕ



Only Method 3, however, allows one to compute effect sizes of differences across
constructs (e.g., for differences between Positive vs. Negative Affect, g = 2.44 and
2.20 in the seventh and eighth grades). Further, in situations in which the scales
themselves have interpretive value, only Method 3 allows one to compute unstan-
dardized mean differences that carry the same interpretive value as that of the mea-
sured indicators.

A final point of comparison is that only Method 3 (effects-coding method)
would allow researchers to make comparisons between constructs when measure-
ment invariance is assumed to not exist. Nesselroade (in press), for example, has
suggested in the context of p-technique comparisons that the idiographic nature of
potential indicators of a construct across two or more individuals would not be be-
holding to the nomothetic expectation of measurement invariance. From this per-
spective, the measured indicators would still reflect a veridical construct that char-
acterizes the individual, and one would have a substantive basis to want to compare
the resulting constructs’ latent parameters across individuals. Here, using ef-
fects-coding constraints to identify and scale the constructs’ parameters would al-
low one to estimate these parameters in a metric that reflects the idiographic be-
havior of the indicators within each individual, yet retain meaningful latent
variable estimates that could then be compared. In fact, the degree of idiographic
variability in the behavior of a set of indicators could be quite large. For example,
one individual could have a construct that is reflected in numerous indicators of
varying validity, whereas another is more limited in the number and weightings.
Effects-coding constraints could be tailored to the configuration of variables that
load on a construct for each individual.

Regardless of which method of identification a researcher chooses to use, the
method should be consistent for both the loadings and the intercepts. Particularly
for Method 3, if one uses effects-coding constraints to identify and scale the loca-
tion parameters but chooses to model the variance-covariance information by fix-
ing the latent factor variance to 1, the estimates of the loadings used to weight the
location parameters would not be comparable and would bias the estimated latent
variable mean. This bias would undermine the meaningfulness of the estimated
value of the latent variable means.

EXTENSIONS TO LONGITUDINAL MODELS

Although these identification and scaling issues in the context of multiple-group
comparisons were discussed, the three methods are readily extended to the longitu-
dinal case (Little et al., in press; Little & Slegers, 2005). In the context of a sin-
gle-group longitudinal model, Method 1 would use the data from the first measure-
ment occasion as the reference “group” or time period and would evaluate
invariance of the intercepts and loadings over time. Method 2 would use the same
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marker variable at each time point to identify and establish the scale of the latent
variable parameters. In terms of measuring multiple-constructs over multiple oc-
casions, Method 3 would have the same advantages as it would for cross-group
comparisons (e.g., meaningful latent metric, the ability to make cross-construct
comparisons).

LIMITATIONS AND FUTURE DIRECTIONS

This study considered only the case when all measured variables are essentially
congeneric. When there is no simple structure (i.e., when there are cross-loadings
among the manifest variables) the effects-coding method of identification may not
be ideal. Future simulation work is needed to determine the breadth of conditions
under which the various identification methods perform optimally. Nonetheless,
we believe that introducing this third method of identification and scale setting
provides researchers with an additional tool for conducting MACS analyses that
allows meaningful estimates of the latent variable parameters. Importantly, this
tool can be used in the single-group, single-occasion case as well as the multi-
ple-group cases, multiple-occasion cases, or both.
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APPENDIX A
LISREL Script Used for the Effects Coding Method of

Identification and Scale Setting

2-Group CFA of Affect Items: 7th Graders
DA NO=380 NG=2 NI=6 MA=CM ME=ML
ME

3.13552 2.99061 3.06945 1.70069 1.52705 1.54483
SD

0.66770 0.68506 0.70672 0.71418 0.66320 0.65276
KM

1.00000
0.75854 1.00000
0.76214 0.78705 1.00000
0.02766 0.00973 —0.05762 1.00000

—0.06112 —0.06105 —0.14060 0.78501 1.00000
—0.02222 —0.05180 —0.10250 0.81616 0.81076 1.00000

LA
PosAFF1 PosAFF2 PosAFF3 NegAFF1 NegAFF2 NegAFF3

MO NX=6 NK=2 LX=FU,FI TD=DI,FR PH=SY,FR TX=FR KA=FR
FR LX(1,1) LX(2,1) LX(3,1)
CO LX(1,1) = 3—LX(2,1)—LX(3,1)
ST 1 LX(1,1) LX(2,1) LX(3,1)
FR LX(4,2) LX(5,2) LX(6,2)
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CO LX(4,2) = 3—LX(5,2)—LX(6,2)
ST 1 LX(4,2) LX(5,2) LX(6,2)
CO TX(1) = 0—TX(2)—TX(3)
CO TX(4) = 0—TX(5)—TX(6)
LK

Positive Negative
OU SO SC
2-Group CFA of Affect Items: 8th Graders
DA NO=379
ME

3.07338 2.84716 2.97882 1.71700 1.57955 1.55001
SD

0.70299 0.71780 0.76208 0.65011 0.60168 0.61420
KM

1.00000
0.81366 1.00000
0.84980 0.83523 1.00000

—0.18804 —0.15524 —0.21520 1.00000
—0.28875 —0.24951 —0.33769 0.78418 1.00000
—0.29342 —0.21022 —0.30553 0.79952 0.83156 1.00000

LA
PosAFF1 PosAFF2 PosAFF3 NegAFF1 NegAFF2 NegAFF3

MO LX=IN PH=PS TD=PS TX=IN KA=FR
LK

Positive Negative
OU
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