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Abstract
Lengthy scales or testlets pose certain challenges for structural equation modeling (SEM) if all the
items are included as indicators of a latent construct. Three general approaches (parceling, latent
scoring, and shortening) to modeling lengthy scales in SEM were reviewed and evaluated. A
hypothetical population model was simulated containing two exogenous constructs with 14 indicators
each and an endogenous construct with four indicators. The simulation generated data sets with
varying numbers of response options, two types of distributions, factor loadings ranging from low
to high, and sample sizes ranging from small to moderate. The population model was varied to
incorporate one of the following: (1) single parcels, (2) various parcels as indicators of two exogenous
constructs, (3) latent scores as observed exogenous variables, and (4) four and six of individual items
as indicators of two exogenous constructs. The dependent variables evaluated were biases in the
covariance and partial covariance population parameters. Biases in these parameters were found to
be minimal under the following conditions: (1) when parcels of indicators of five response options
were used as indicators of two latent exogenous constructs; (2) when latent scores were used as
observed variables at sample sizes above 100 and with indicators that were relatively less skewed in
the case of dichotomous indicators; and (3) when four or six individual items with high or diverse
factor loadings were used as indicators of two exogenous constructs. These findings provided
guidelines for resolving the inconsistency of findings from applying various approaches to empirical
data.
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Lengthy ordinal scales or testlets pose challenges for structural equation modeling (SEM) if
all the items are used as indicators of a latent construct. For instance, a model could have too
many parameters to estimate relative to the available sample size, resulting in reduced power
to detect important parameters. In addition, it might not fit the data sufficiently well because
individual items may have less than ideal measurement properties, leading to the rejection of
a plausible model. Three general approaches that can be used to address these challenges are
parceling, shortening, and transforming a lengthy scale into latent score variables through
preliminary analyses. Each approach has advantages and disadvantages. The research reported
here was designed to evaluate these approaches under certain data conditions to determine
which ones best reflect the true model parameters, particularly the covariance of the exogenous
constructs and partial covariances between the exogenous and endogenous constructs.
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Parceling
The prevailing approach to incorporating a lengthy scale into SEM has been using the mean
or sum of the scale as an indicator of a latent construct (Cattell, 1956). Empirical justifications
for parceling include increasing reliability, achieving normality, adapting to small sample sizes,
reducing idiosyncratic influence of individual items, simplifying interpretation, and obtaining
better model fit (Bandalos & Finney, 2001). Methods for parceling include parceling all items
into a single parcel, splitting all odd and even items into two parcels, balancing item
discrimination and difficulty across three or four parcels (e.g., item-to-construct balance; Little,
Cunningham, Shahar & Widaman, 2002), randomly selecting a certain number of items to
create three or four parcels (e.g., Krishton & Widman, 1994; Nasser & Wisenbaker, 2003), and
parceling items that have similar factor loadings (i.e., contiguity; Cattell & Burdsal, 1975).
Desirable conditions for parceling that have been identified so far include having more than
12 items (Marsh, Hau, Balla, & Grayson, 1998) and having items that reflect a unidimensional
construct (Hall, Snell, & Foust, 1999),

Psychometrically, parceling has been controversial despite the above advantages and its
prevalence in practice (Bandalos & Finney, 2001; Little et al., 2002). One concern was that
parceling results in a loss of information about the relative importance of individual items
(Marsh & O’Neill, 1984), because items are implicitly weighted equally in parcels (Bollen &
Lennox, 1991). Another concern was that parceling of ordinal scales results in indicators with
undefined values, potentially changing the original relations between the indicators and latent
variables, for instance, from nonlinear to linear relations (Coanders, Satorra, & Saris, 1997).
Parceling binary or trichotomous items could result in limited range as opposed to the latent
trait scale, thereby biasing variance and covariance parameters in SEM (Wright, 1999).
Compared with using individual items, parceling could underestimate the relations of the latent
variables if the reliability of the scale is low (Shevlin, Miles, & Bunting, 1997).

Empirically, the effects of parceling ordinal indicators on covariance and partial covariance of
latent constructs have been unknown under some conditions. Previous studies on the effects
of parceling on estimates of covariance parameters have typically considered only parceling
of continuous indicators with equal discrimination functions or factor loadings (e.g., Alhija &
Wisenbaker, 2006; Bandolas, 2002; Hau & Marsh, 2004). Under these conditions, certain
parceling strategies yielded little differences in the covariance of two latent constructs.
However, most lengthy ordinal scales do not have equal item discrimination functions. In the
case of continuous indicators, equal loadings imply that the latent construct can explain equal
variances and covariances within each parceling condition. Thus, it is not surprising that
parceling has performed well in reflecting the covariance or correlation of latent constructs. In
the case of ordinal indicators, a recent study parceled 12 ordinal items with six categories,
normal distribution, and loadings varying from .65 to .85, and found no difference in predictive
utility in a one-exogenous and one-endogenous construct model (Sass & Smith, 2006). While
this finding was supportive of parceling, such results could have resulted from the fact that
ordinal indicators in the study approached properties of normal continuous indicators
(Coanders et al., 1997) and both exogenous and endogenous indicators were parceled
identically. Given the limited conditions controlled in previous studies, it remains unclear to
what extent various parceling strategies have reflected the true covariances and partial
covariances of a multiple exogenous constructs model, when ordinal indicators had a broader
range of categories (e.g., two, three, five, and seven) and varied discrimination functions. It
could be assumed that the partial covariance parameters would not be unduly biased by
parceling normally distributed multiple-category indicators, because such indicators have
approximately linear relations with their latent construct; moreover, parceling as a linear
transformation typically does not change the indicators’ linearity and have performed well
(Coanders et al., 1997; Ferrando, 2009). However, no assumptions could be made about the
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magnitude and directions of biases of parceling indicators of two or three categories and varied
measurement qualities.

Latent Scoring
Lengthy ordinal scales can be transformed through item response theory (IRT) modeling into
latent scores for further modeling (Hambleton, Swaminathan, & Rogers, 1991). IRT describes
the probabilities that individuals respond to a set of test items given a particular level of ability
or personality trait. Samejima (1969) proposed the following two-parameter model (ai & bk)
for ordinal scales:

where P is the probability that person j responds to particular category of k of an item at a given
trait level θj, k = 1, 2, …, m categories, ai = a discrimination parameter of an item, bk is a
threshold at which person j has a .50 probability for the chosen response category, and exp
stands for exponentiation. After estimating unknown ai, bk, and θj, the latent score (θj)for each
individual can be saved for subsequent modeling. Latent scores obtained through this process
are theoretically interval with a normal distribution that best reflects a population. Such
transformation has been found more likely to eliminate artifactual effects (Embretson, 1996)
and detect legitimate effects (Fletcher, 2005) than using raw scores.

The two-parameter IRT model can be equivalent to confirmatory factor analysis (CFA) with
categorical indicators (Takane & De Leeuw, 1987) within the advanced latent variable
modeling framework of Mplus (Muthén & Muthén, 1998–2006). CFA in Mplus typically
models the probability (P) of choosing a response category (μ) given the individual’s latent
trait level (η) with a probit link (Φ) and a residual (δ):

where thresholds (τ), factor loadings (λ), and factor scores (η) are conceptually equivalent to
the threshold (b), the discrimination parameter (a), and the latent trait score (θ) in the two-
parameter IRT model, respectively (Reise, Widaman, & Pugh, 1993). Although certain
transformations are needed to obtain exactly the same parameter estimates of a (=λδ −1/2) and
b (=τ/λ) from a typical two-parameter IRT modeling (Muthén & Muthén, 2006), factor scores
obtained from CFA with categorical indicators are equivalent to the latent scores from an IRT
modeling. Since CFA has been recommended as the first step of SEM to ensure
unidimensionality and measurement quality (Anderson & Gerbing, 1988), and factor scores
are byproducts of this process, it would be of pragmatic value to ascertain whether using factor
scores to reduce test length for SEM would result in accurate estimates of covariance and partial
covariance of latent constructs. (Factor scores and latent scores are used interchangeably
hereafter.)

Sample size could be an important factor to consider in using factor scores. Item response
modeling requires large samples (N > 350) to yield accurate parameter estimates (Reise & Yu,
1990). Similarly, small samples that are typical of social science research might yield less
accurate parameter estimates from CFA with categorical indicators. Although the minimum
sample size for CFA with categorical indicators depends on model size, distribution of the
variables, strengths of relationships, and proportion of missing values (Muthén & Muthén,
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2002), factor scores could be assumed to perform well in representing the true relations among
latent variables with relatively large samples.

Shortening a Scale
A few indicators of a latent construct with certain content and predictive validity may be
selected from a lengthy scale to yield a shortened scale (Moore, Halle, Vandivere, & Marina,
2002), which can be easily incorporated into SEM. According to behavior domain theory
(Guttman, 1955; McDonald, 1996), an underlying construct could have an infinite number of
indicators. Therefore, a shortened scale is merely a smaller sample of all possible indicators.
One need not be overly concerned that the shortened scale may not be commensurate with the
large scale in its content validity, because neither is a perfect measure. Empirically, a six-item
scale selected from 27 items with empirical data could be equivalent to the full scale (Moore
et al., 2002). It has been shown that a smaller number of continuous indicators with moderate
diversity of loadings performed as well as six indicators with high diversity of loadings in
recovering the true correlation of the two constructs (Little, Lindenberger, & Nesselroade,
1999), although it was unclear to what extent such finding could be generalized to ordinal
scales. Short scales can be used in large-scale surveys, in which many constructs are assessed,
if they have desirable measurement properties and similar predictive utility to their large source
scales (e.g., Stephenson, Hoyle, Palmgreen, & Slater, 2003).

Shortening a widely used scale has raised other issues besides concerns about content validity.
One issue was how to determine the minimum number of indicators. From the perspective of
model identification, Kenny (1979) advocated that four indicators are the best for a latent
construct and “anything more is gravy.” Shortening a large scale to fewer than four items might
undermine its content validity, although its predictive validity could be retained (Little,
1999). Another issue was which strategies to apply to reducing the scale length. One could rely
on the magnitude of correlations between the endogenous and exogenous construct indicators,
as in the study by Moore et al. (2002), or on the width of the behavioral domain the indicators
reflect (Little et al., 1999), or on discrimination functions (factor loadings) because
measurement errors of the exogenous constructs attenuate associations with other constructs
(Bollen & Lennox, 1991). Viewed from these findings and considerations, four and six ordinal
indicators appeared to be reasonable choices for shortening. Therefore, four or six items with
different measurement properties were selected from a hypothetical lengthy ordinal scale in
this study to examine their efficacy in recovering population parameters.

In sum, under conditions of varied discrimination functions or factor loadings, numbers of
response categories, distributions, sample sizes, and full SEM models, performances of various
approaches to incorporating lengthy ordinal scales into SEM were unknown in reflecting the
true covariance and partial covariance of latent constructs. An efficient method to gain such
knowledge was to simulate all these conditions with artificial data generated from a known
population model, so that various approaches could be applied to these artificial data and
evaluated against the population model (Paxton, Curran, Bollen, Kirby, & Chen, 2001).
Findings from the simulations can also be applied to empirical data to solve practical issues.

Design and Analysis
Population Model, Parameters, Scales, and Data

The hypothetical population model was set to have two exogenous constructs (F1 and F2) and
one endogenous construct (F3), as shown in Figure 1. This model allows estimation of the
covariance between the exogenous constructs and the effects of the exogenous constructs on
the endogenous construct (partial covariances), as has been used in previous simulation studies
(e.g., Bandalos, 2001;Muthén, 1984). Each exogenous construct was measured by 14 items
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(x1–x14 and x15–x28) and the endogenous construct was measured by four items (y1–y4).
The factor loadings and structural coefficients are also shown in Figure 1. The population
parameters estimated included the partial covariance from F1 to F3 (γ1 =.50), the partial
covariance from F2 to F3 (γ2,=.40), and the covariance between F1 and F2 (φ =.20). The
variances of the exogenous constructs and disturbance (d) of the endogenous construct were
assigned at .50 and .60, respectively. Multivariate continuous data were first generated from
the population model and then categorized into two, three, five, and seven category ordinal
variables. The cutting points (thresholds) of the underlying dimension, which are equivalent
to z values of a normally distributed random variable, were selected to specify the proportion
of each response category and thereby vary the distributions of the categorized variables. The
threshold and distribution of each response category are listed in Table 1. Sample sizes
considered were 100, 350, and 600, which reflected the size of typical clinical studies and
medium-to-large intervention studies. Using the Mplus program (version 4), 100 data sets were
generated for each of the 24 conditions (2 levels of distribution x 4 levels of response category
x 3 levels of sample size). For the sake of comparisons, various approaches to modeling the
lengthy scales (parceling, latent scoring, and shortening) were viewed as repeated treatments
of the same datasets that had been generated and categorized for different conditions. The
acceptable range of average bias in this study was chosen to be ±.14, rounding to .1 in absolute
value.

Parcel and Latent Score Creation and Item Selection for Shortened Scales
Parcels were created from indicators of only the exogenous constructs in this study. A single
parcel was created for each of F1 and F2 by taking the means of all 14 indicators of F1 and
F2, respectively. Two odd/even parcels were created for each of F1 and F2 by taking the means
of the odd- and even-numbered indicators. Three item-to- construct-balance parcels were
created by selecting an item for each parcel in the order of discrimination functions and
repeating the selection process in a reversed order, as indicated by letters in the Balance column
in Table 1. Four random parcels were created by randomly selecting indicators without
replacement. Four and six adjacent-loading parcels were created by taking the means of
indicators that had contiguous loadings. The final indicators for each parcel are listed in Table
1 and denoted by identical alphabetic letters. Latent scores for the two exogenous constructs
(F1 and F2) were obtained by fitting a measurement model of the three constructs of the
population model to the generated categorical data. The indicators were specified as categorical
and the latent (factor) scores produced from this process were saved in the data files. Four
shortened scales were created by selecting four or six individual indicators of each of F1 and
F2. The factor loadings of these exogenous construct indicators were chosen to be diverse,
high, moderate, and low, as listed in Table 1.

Model Estimation
In the case of single parcels or latent scores, the population model was altered to have two
single parcels or two latent scores as the observed exogenous variables (in place of F1 and F2)
predicting the endogenous construct (F3). With two or more parcels, the population model was
altered to have parcels as indicators of F1 and F2. Means and standard deviations of the
parameter estimates and the number of converged solutions were recorded in this process.
Mean biases (parameter estimate – population parameter) were reported or calculated for
subsequent analyses (Paxton, et al., 2001).

The performances of various estimation methods in SEM have been compared for models with
categorical indicators. The number of categories typically selected has been two, three, five,
or seven. Under various distributions, the weighted least squares estimator with degrees of
freedom adjusted for means and variances (WLSMV) in Mplus has proven to be fairly robust
to various categorical indicators with large sample sizes (Muthén & Kaplan, 1985, 1992). In
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order to eliminate any effect of estimation method, indicators of the endogenous latent variables
were specified as categorical and all the models were estimated with the WLSMV estimator.

Empirical Data
The empirical data were adopted from the Child Development Project, an ongoing longitudinal
study of children’s social and emotional development (Lansford, Malone, Dodge, Crozier,
Pettit, & Bates, 2006). A total of 585 families were recruited from two cohorts in consecutive
years, 1987 and 1988, from Nashville and Knoxville, Tennessee, and Bloomington, Indiana.
Data collection began the year before the children entered kindergarten and data have been
collected annually ever since. A linear growth model of aggression was chosen for the empirical
example, because it could provide an opportunity to examine the effects of various approaches
on the mean levels of latent constructs. Aggression was measured from kindergarten through
adolescence using the Child Behavior Checklist (Achenbach, 1978), with less than 30%
attrition at the final measurement of aggression. Our main interest involved examining whether
findings from the simulation study could be applied to resolving any practical issues.

Results
Based on converged solutions, the average biases of each approach in the three parameters
(γ1, γ2, and φ) for each data condition were recorded and are depicted in Table 2. The standard
deviations and numbers of converged solutions for each condition are listed in Table 3.

Parceling
Data in Table 2 reveal a clear pattern and three key findings: First, any parceling of ordinal
indicators of two or three response categories overestimated the partial covariances but
underestimated the covariance of the exogenous constructs. Second, parceling of indicators
with seven response categories underestimated the partial covariances (γ1 and γ2) by .10 ~ .24,
but more accurately reflected covariance of the two exogenous constructs (φ). Third, odd/even
split, random parceling (4 or 6 parcels), and item-construct-balance parceling of indicators of
five response categories biased the estimates of the effects (γ1 and γ2) maximally by .1 in
absolute value, and biased the correlation of the two constructs maximally by .13 in absolute
value. Parceling of indicators with contiguous factor loadings attenuated the partial covariances
(γ1 and γ2) by over .1, which appeared to be slightly less advantageous than other parceling
approaches. Thus, parceling (odd/even split, random, and item-construct balance) was most
effective when categorical indicators had five response categories and parcels were further
used as indicators of the latent constructs.

Latent-Scoring
An analysis of variance confirmed that the number of response categories produced some
difference in γ1 [F(3, 14) = 40.96, p < .01] and γ2 [F(3, 14) = 18.99, p < .01], type of distribution
produced some difference in γ1 [F(1, 14) = 16.34, p < .01], and the two effects were dependent
on each other in γ1, evidenced by a significant interaction effect between the number of response
categories and type of distribution [F(3, 14) = 10.27, p < .01]. As shown in Table 2, latent
scoring biased the two direct effect estimates maximally by .08 in absolute value in all the data
conditions, except in situations with binary indicators and small samples or extremely skewed
binary indicators. The average bias in the covariance of F1 and F2 (φ) was consistently
between .06 and .11 across all the conditions. Thus, the latent scoring approach performed well
with large samples and when binary indicators were not extremely skewed.
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Shortened Scales
To compare and simplify the information concerning the effects of shortening scales, a repeated
measures analysis of variance was used to compare the biases of shortened-scale approaches,
including four ways of using four indicators and four ways of selecting six indicators. This
analysis yielded a significant within-subject effect (shortening strategies) on γ1 [F(7, 147) =
13.98, p < .01], γ2 [F(7, 147) = 10.10, p < .01], and φ [F(7, 147) = 476.89, p < .01], and a
significant between-subject effect of sample size on γ1 [F(1, 21) = 3.95, p < .05], γ2 [F(2, 21)
= 8.99, p < .05], and φ [F(1, 21) = 7.76, p < .01]. These effects suggest that various shortening
strategies and sample sizes yielded different biases in the three parameters. The estimated
marginal means showed that selecting four or six items with diverse or high factor loadings
for SEM biased all three parameters within the maximum acceptable range of .10. The raw
means in Table 2 show that biases could exceed .20 with small sample sizes. The estimated
marginal means also show that selecting four or six items with medium factor loadings for the
model biased the partial covariances maximally by .08 but underestimated the covariance of
F1 and F2 by over .10 on average. Low factor loadings in the four or six items biased γ1
minimally by .07 on average and the other two parameters (γ1 and φ) minimally by .13. In sum,
the optimal conditions for using four or six indicators selected from large scales were when
individual items had diverse or high factor loadings and sample sizes were relatively large.

Findings from Empirical Data
The selected approaches produced mixed results when applied to the empirical data. A
measurement model of aggression as a latent construct with 20 categorical indicators was
estimated and found to fit the data modestly from each wave. Standardized factor loadings for
each wave, their reliabilities, and model fit indices are listed in Table 4. Latent scores were
obtained from estimating each measurement model. The goodness of fit indices and the factor
loadings suggest that these items measured a unidimensional construct. Only three kinds of
parceling (single parcel, two odd/even split parcels, and four random parcels) were applied for
the measurement of each wave, because the factor loadings of this longitudinal data did not
display the same pattern specified for the population model in the simulation. A linear growth
model was estimated using the latent scores or single parcels as the observed variables, two
odd/even split parcels or four random parcels as indicators of the aggression construct, or six
individual items as indicators of the aggression construct. The six individual items were
selected to have the highest mean loadings over time, as were marked with √ in Table 4. All
the models fit the data acceptably, with CFI = .92 – .95, TLI = .94 – .98, and RMSEA = .06 –
07. The means of the intercept (αi) and slope (αs) and the covariance (φis) of the intercept and
slope factors differed in their magnitude and statistical significance across different approaches
to using the scale. The models of single parcels and odd/even split parcels as indicators of the
latent construct found significant upward linear growth, αs = .06, z = 3.13, p < .01 and αs = .
05, z = 2.96, p < .01, whereas no growth was found by modeling latent scores, αs = .05, z =
1.33, p > .05, an aggression construct with four random parcels as indicators, αs = .01, z = .76,
p > .05, or six individual items as indicators of the aggression construct, αs = .06, z = .72, p > .
05.

Discussion
This study was designed to evaluate the effectiveness of three approaches to incorporating
lengthy ordinal scales of varied measurement qualities into SEM, with a focus on biases in
estimates of partial variances and the covariance between exogenous constructs. Three
approaches were similarly effective under their own appropriate conditions in this study. First,
parceling approximately reflected the true population parameters when the indicators had five
responses categories and parcels were further used as indicators of latent constructs. Desirable
parceling procedures included odd/even splitting into two parcels, balancing item
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discrimination functions (factor loadings) to form three parcels, and random parceling into four
or six parcels. An ineffective procedure under the conditions of this study was forming four or
six parcels of items with contiguous factor loadings. Second, latent scoring best reflected the
true parameters in most data conditions of this study except in the case of binary indicators of
small samples or extremely skewed binary indicators even with large samples. Third, scale
length could be shortened to four or six items with diverse or high factor loadings to adequately
recover the population parameters with medium to large samples. The best approach depended
on the available data conditions.

In contrast to previous findings that used continuous data, identical measurement of both the
exogenous and endogenous constructs, or a measurement model rather than a full SEM, biases
of parceling in the two partial covariance parameters were found to be severely upward when
the indicators had two or three response categories, but slightly downward when the indicators
had seven categories. Besides differences in data, model, and identical parceling of indicators
of both exogenous and endogenous constructs, these inconsistencies could also be attributed
to the fact that parceling changed the original nonlinear functions between categorical
indicators and latent constructs into linear functions, resulting in transformation errors. These
errors became large with binary indicators, whose variances and means are dependent on each
other and typically bound into a range from 0 to 1 (Ferrando, 2009). Parceling of trichotomous
indicators could result in distorted variance and covariance, because the range of the parcel
was limited to the original scale, as opposed to that of the latent construct it reflected, which
is theoretically infinite. Parceling under these conditions would lose information on variances
and covariances of the items and thus bias the estimates of partial covariances more severely.

Consistent with previous findings based on continuous data, optimal conditions for parceling
in this study were found to be when parcels were created from items having five categories
and used as indicators of the latent constructs, regardless of parceling strategies and degree of
nonnormality (e.g., Sass & Smith, 2006). Parceling of five-category indicators could increase
the range of the parcel to approximately four (±2) standard deviations of a normal distribution.
As a linear transformation of the categorical variables into continuous ones, parceling did not
lose much information on variances and covariances and thus yielded estimates that
approximated the population partial covariance parameters (Ferrando, 2009).

Small sample size appeared to be disadvantageous to both latent scoring and shortened-scale
approaches to SEM. The latent scoring approach produced trivial biases in the estimates of
effects, except when the measurement model for obtaining the latent scores had binary
indicators and was estimated with small samples, or when the binary indicators were extremely
skewed even with large samples. As expected, a small sample typically could not offer
sufficient information for any model to describe its population with accurate parameters. This
problem could be complicated with binary indicators, whose means and variances are
dependent on each other. Simply increasing the sample size did not improve the information
that severely skewed binary indicators could provide about the population, partly because
certain information might have been lost when multivariate continuous data were categorized
into these severely skewed indicators. In spite of these limitations, biases of latent scores in
the covariance (φ) and the two partial covariances (γ1 and γ2) were not as far from the population
parameters as those caused by using parcels. With large samples, shortened scales with either
good or diverse measurement qualities also became robust in recovering the population
parameters.

Findings from the simulation study could shed some light on results of linear growth modeling
of the empirical data that adopted several approaches to the lengthy aggression scale. Although
discrimination functions of the aggression scale did not match exactly those of the simulated
data either in magnitude or pattern, no increase in aggression was consistently detected by
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modeling the latent scores or factors with six individual indicators of good measurement
qualities. These two approaches had performed equivalently well in recovering the population
parameters with the simulated data under favorable sample sizes. In addition, no increase was
found by the linear growth model of factors with four random parcels as indicators. Four
random parcels as indicators of the aggression construct could have provided more reliable
measurement than a single parcel or two parcels as indicators of the construct (Kenny, 1979).
These consistent findings suggested that aggression might not have increased over time. In
contrast, a significant increase in aggression over time was detected with a linear growth
modeling of single parcels or a latent construct with two odd/even split parcels as indicators.
This finding corresponded to the overestimation of the partial covariances when parcels of
trichotomous indicators were used as indicators in the simulation study. Therefore, using
findings from the simulation study as guidelines, the efficient approaches to the empirical data
problem were (1) latent growth modeling of factors reflected by a shortened scale with the best
six indicators, or (2) modeling of latent scores of the full scale, which led to the inference that
aggression did not increase over time in this sample.

Conclusions
If all items of a lengthy ordinal scale or testlets with various item discrimination functions are
to be included for SEM, parceling is one desirable option under conditions that items have five
response categories and are parceled by odd/even splitting the scale, balancing item
discrimination functions, or randomizing the items; and two to six parcels obtained through
parceling are used as indicators of a construct. Another option is to obtain latent scores through
preliminary item response modeling or CFA with categorical indicators based on medium or
large samples. However, binary items should not be extremely skewed. If some items of a
lengthy scale are not desirable, four or six items of diverse or good measurement properties
may be selected robustly as indicators of a construct, preferably based on a medium or large
sample.
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Figure 1.
Population Model
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