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Abstract Item parceling is common in structural equationmodeling used in psychology, especially
when the research interest is in the structural relationship between latent factors, but research on
its performance inmeasurement invariance testing is scarce. This study examined the sensitivity of
fit measures (LRT, RMSEA, CFI, AIC, BIC, and SaBIC) to measurement noninvariance with different
numbers of items per parcel and parceling strategies using a simulation study. The design factors
included the location of measurement noninvariance, the magnitude of measurement noninvari-
ance, the proportion of items with measurement noninvariance, sample size, number of items per
parcel, and parceling strategies. Results suggested that compared to no parceling, isolated parceling
tended to increase the sensitivity of fitmeasures, especially when fewer parcels withmore items per
parcel were used; distributed parceling showed lower sensitivity, particularly when noninvariant
items were evenly distributed and fewer parcels were used. The findings provide insights into the
use parceling in examining the relationship between constructs. The paper concludes with practical
implications and future research directions.
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Introduction

When fitting a confirmatory factor analysis (CFA) with a
large number of variables, it can be useful to create some
parcels to be used as indicators for the latent factor to re-
duce model complexity. The use of item parcels in CFA
and structural equation modeling (SEM) has become quite
common in the past few decades (Bandalos, 2002). Parcels
are created by aggregating the scores of two or more in-
dividual items (e.g., averaging, summing), and used as in-
dicators of latent factors in place of individual items. Pre-
vious research showed that model fit deteriorated with a
large number of observed variables even when the model
was correctly specified (Kenny & McCoach, 2003; Marsh
et al., 1998). Parceling into fewer and more reliable indi-
cators can help reduce measurement errors and improve
model fit (Bandalos, 2002, 2008; Hall et al., 1999; Landis et

al., 2000; Nasser & Wisenbaker, 2003). In addition, parcel-
ing simplifies complex models with many items, helping to
meet the statistical assumptions necessary for SEM, such
as multivariate normality. It also provides a more manage-
able number of parameters to be estimated, which is par-
ticularly beneficial in situations with smaller sample sizes.
By creating parcels that represent the broad construct, re-
searchers can ensure that each composite score reflects the
construct adequately, although it is essential to apply this
method judiciously to avoid masking the true nature of the
underlying structure of the data.

Despite the common use of items parcels in SEM, re-
search on item parceling in the multi-group SEM context is
limited, especially in measurement invariance testing (Lee
& Whittaker, 2021). Measurement invariance holds when
the measurement properties are identical regardless of
group membership or time points. While multigroup CFA

The Quantitative Methods for Psychology 952

https://www.tqmp.org
https://crossmark.crossref.org/dialog/?doi=10.20982/tqmp.21.2.p095
https://www.orcid.org/0000-0003-3084-598X
https://www.orcid.org/0000-0002-2453-2162
mailto:ccao6@ua.edu
https://doi.org
https://doi.org/10.20982/tqmp.21.2.p095
https://www.orcid.org/0000-0001-5908-0402
https://www.orcid.org/0000-0001-5908-0402


¦ 2025 Vol. 21 no. 2

(MGCFA) is a standard approach in testingmeasurement in-
variance, there has been scarcer research onmeasurement
invariance testing in MGCFA with item parcels than with
individual items. Meade and Kroustalis (2006) conducted
a simulation study to examine the impact of items parcels
on measurement invariance testing compared to individ-
ual items, and their results suggested that item parceling
masked the detection of measurement invariance. How-
ever, the authors did not vary the number of items per par-
cel in this paper, and the number of items per parcel was
fixed at four. When different numbers of items per parcel
are used, the total number of parcels used as indicators of
the latent factor subsequently differs. Nasser and Wisen-
baker (2003) found better goodness-of-fit of CFA model us-
ing fewer parcels. Cao and Liang (2022) showed that the
number of indicators per factor had an impact on the de-
tection ofmeasurement noninvariance inmulti-group CFA.
Thus, it is likely that different number of items per parcel
has an impact on the detection of measurement noninvari-
ance using item parceling. However, the impact of number
of items per parcel in measurement invariance testing has
not been examined in the literature. Another issue is the
lack of systematic investigation into the effect of different
parceling strategies such as the combination of items with
different degrees of noninvariance. Twoprimary parceling
strategies include the isolated strategy (putting the nonin-
variant items in one parcel) and distributed strategy (dis-
tribute the noninvariant items to different parcels). The
choice of parceling strategy and the number of items per
parcel can have profound implications for detecting mea-
surement noninvariance.

There has been a long-standing debate on the use of
item parceling in SEM despite its widespread application
in psychology, education, business, sociology, and other so-
cial behavioral sciences. The proponents advocate for its
use because of its statistical advantages. Item parcels tend
to have better psychometric properties. For example, the
aggregated parcels are more normally distributed than the
individual items, especially when the items are categori-
cal and nonnormal variables (Hau & Marsh, 2004; Little
et al., 2002). Also, item parcels usually exhibit higher re-
liability and communality than the individual items (Lit-
tle et al., 2013). The most notable benefit is that item
parcels yield better model fit indices with a parsimonious
measurement model (Bandalos, 2002; Rogers & Schmitt,
2004). On the other hand, some researchers oppose us-
ing item parcels because of potential problems, such as
obfuscating the model misspecification (e.g., Marsh et al.,
2013) and masking measurement noninvariance (Meade
& Kroustalis, 2006). Other researchers suggest that item
parceling can be useful in some circumstances but detri-
mental in other circumstances, and thus, should be used

with caution (e.g., Little et al., 2013).
Measurement invariance testing using parcels is criti-

cal in multi-group SEM as measurement invariance is the
prerequisite of comparing factor means and structural re-
lationships between groups (Lee & Whittaker, 2021). The
simulation study by Lee and Whittaker (2021) showed that
the incorrect specification of measurement invariance us-
ing parcels resulted in biased estimates of factormeans and
structural relationship, as well as lower power for detect-
ing the structural parameters. Similar to the testing mea-
surement invariance using individual items, testing mea-
surement invariance using item parcels involves a series
of sequential models with different degrees of restriction
of themeasurement parameters. In the baselinemodel that
only specifies identical pattern of items loading on the la-
tent factors without any constraints of measurement pa-
rameters, themodel fit statistics might not be good because
of the large number of items (Kenny & McCoach, 2003).
Applied researchers have chosen to use parcels instead of
original items to achieve better model data fit in baseline
model.

With regard to model fit evaluation, the likelihood ra-
tio test (LRT) was the only fit measure used to evaluate the
performance of parceling in Meade and Kroustalis (2006).
Changes in goodness-of-fit indices, such as the comparative
fit index (CFI) and root mean square error of approxima-
tion (RMSEA) have also been used frequently for measure-
ment invariance testing in SEM, but not been extensively
investigated in measurement invariance testing with item
parceling. The use of information criteria (ICs), such as
Akaike information criterion (AIC; Akaike, 1974), Bayesian
information criterion (BIC; Schwarz, 1978), and sample size
adjusted BIC (SaBIC; Sclove, 1987), has been relatively less
common, but ICs have been used in detecting differential
item functioning (DIF S.-H. Kim et al., 2019) or measure-
ment noninvariance (e.g., Cao & Liang, 2022; Liang & Luo,
2020). Despite this, the ICs have not been investigated in
measurement invariance testing using parcels.

In this study, we explored the impact of parceling strate-
gies and number of items per parcel on the performance
of fit measures (LRT, CFI, RMSEA, AIC, BIC, and SaBIC) in
detecting measurement noninvariance. To achieve these
goals, we conducted a Monte Carlo simulation study to ex-
amine the effects of parceling on measurement invariance
testing using MGCFA under a variety of research scenarios.

Literature Review

Item Parceling

Item parceling is based on heuristic consideration rather
than theoretical consideration (Bandalos, 2008). It has been
attracting researchers’ attention in the past few decades
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because of the benefits it demonstrated. In a complex
SEM model with a large number of variables, using item
parcels yields a more parsimonious model with an optimal
indicator- to-sample size ratio, especially when the sam-
ple size is not big enough. In this way, the SEM model
with parcels is more likely to achieve convergence and sta-
ble estimates of the parameters. The often-cited advan-
tage of item parceling is its improved model fit compared
to the SEM model using the unparcelled individual items,
which has been demonstrated in several previous simula-
tion studies (Bandalos, 2002, 2008; Hall et al., 1999; Lan-
dis et al., 2000). However, even in misspecified SEM mod-
els, item parceling resulted in excellent fit, masking model
misspecification. This calls the use of item parceling into
question in SEM (Bandalos, 2002, 2008; Marsh et al., 2013),
and its efficacy and applications have been the topic of de-
bate. Moreover, items parceled together should be unidi-
mensional, otherwise severe bias in structural parameters
estimates was observed (Bandalos, 2008).

Another psychometric advantage of using item parcel-
ing in SEM is that the aggregated parcels usually result in
more normally distributed indicators than the original in-
dividual items, especially when the items are nonnormal
or categorical. Parcels that are more continuous and con-
form to normality better meet the assumption of normal-
ity of the data, producing more stable model fit indices
and parameter estimates using maximum likelihood esti-
mator (ML) (Hall et al., 1999; Little et al., 2013). However,
if nonnormality is the only concern, there is no need to
resort to item parceling since the estimator of weighted
least squares with mean and variance adjusted (WLSMV)
has good performance in detectingmodelmisspecifications
(Bandalos, 2008). In addition, properly aggregated item
parcels often exhibit higher reliability and communality
than the original items, underscoring the critical role of
strategic parceling.

There are two major strategies for parceling based on
how the items are combined. The first strategy is iso-
lated parceling, in which the items with common source
of variance are combined into parcels. The other strat-
egy is distributed parceling, in which, items sharing the
source of variance are put into different parcels (Bandalos,
2002). When the SEM model was misspecified, distributed
parceling yielded lower rejection rates than isolated parcel-
ing and unparcelled conditions (Bandalos, 2002). In other
words, distributed parceling could mask model misspeci-
fication to a larger degree compared to isolated parceling.
The global fit index of RMSEA was substantially lower and
CFI was higher (both indicating better model fit) in the dis-
tributed than the isolated strategy. Moreover, the results
in Bandalos’ study showed that more items per parcel re-
sulted in lower rejection rates of the misspecified model.

That is to say, the number of items per parcel played a role
in detecting model misspecification in SEM. In the context
of measurement invariance testing, distributed parceling
can be formed by distributing noninvariant items to differ-
ent parcels, whereas isolated parceling is created by com-
bining the noninvariant items in the same parcel(s). Pre-
vious research showed that within the same sample, dif-
ferent random item-to-parcel allocations resulted in vari-
ability in structural parameter estimates and model fit in-
dices (Sterba & MacCallum, 2010; Sterba, 2011). However,
isolated and distributed approaches represent the two ex-
tremes of possible item parceling strategies, and any other
methods to create parcels (e.g., not complete isolated or dis-
tributed parceling strategies) are expected to be in-between
the two parcel-allocation variability (Sterba, 2011).

In summary, parceling is commonly used in SEM for
various reasons, but it should not be used as a magical
alternative to the original items (Lee & Whittaker, 2021).
Instead, caution should be exercised in applying parcel-
ing techniques to make sure that the psychometric char-
acteristics of individual items are well understood. Little
et al. (2013) pointed out that “parcels can have terrible ef-
fects under certain circumstances and brilliant effects un-
der other circumstances” (p. 3). Previous research showed
the problems with item parceling for measurement invari-
ance testingwith four itemsper parcel (Meade&Kroustalis,
2006), but it might not have provided a complete picture
of the performance of parceling in the context of measure-
ment invariance testing. This study aims to explore the ef-
ficacy of item parcels using different parceling strategies
inmeasurement invariance testing evaluated by various fit
measures.

Measurement Invariance in Multi-group CFA

In MGCFA, there could be multiple observed groups in
the population (e.g., gender groups, control and treatment
groups). Measurement invariance implies that the rela-
tionships between the observed indicators and the latent
factors are invariant for members from different observed
groups. With continuous indicators or item parcels, the lin-
ear relationship between the observed scores and the un-
derlying latent factors can be expressed as:

yjg = νg +Λgηjg + δjg. (1)

For person j in group g, yjg represents a p×1 vector of
observed scores, νg is a p × 1 vector of item intercepts for
group g,Λg is a p×mmatrix of item loadings, ηjg is am×1
vector of latent factor scores, δjg is a p × 1 vector of mea-
surement errors, and its variance and covariance matrix is
denoted as Θg assumed to be diagonal. Testing measure-
ment invariance in MGCFA is typically conducted by run-
ning a set of more restrictive models sequentially (Mered-
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Table 1 Summary of the Features of Configural, Metric, and Scalar Invariance Testing

Factor Loadings Intercepts Residual
Variances

Purpose / Interpretation

Configural Invariance
Free Free Free Tests whether the same factor structure holds across groups (i.e., same

pattern of loadings).
Metric Invariance
Equal Free Free Tests whether the factor loadings are equal across groups, indicating

comparable construct meanings.
Scalar Invariance
Equal Equal Free Tests whether both loadings and item intercepts are equal, allowing for

meaningful comparisons of latent means.

Note. Freemeans not constrained whereas Equalmeans constrained.

ith, 1993; Millsap, 2011). The first model tested is the least
restricted configural invariancemodel, testing equal factor
structures of which items loading on which factors across
the groups, and no constraints are imposed on the factor
loadings, item intercepts, and residual variances. If con-
figural invariance holds, metric invariance testing is con-
ducted, in which the factor loadings are constrained equal
across groups (Λg = Λ). When factor loadings are con-
strained equal across groups, a commonpractice is to freely
estimate the factor variances and covariances in all groups
except for the reference group. When metric invariance
is tenable, scalar invariance can be tested, in which item
intercepts are constrained to be equal across groups in ad-
dition to factor loadings (νg = ν and Λg = Λ ). Scalar
invariance testing is important since it is the prerequisite
for comparing latent factor means (Meredith, 1993). When
intercepts are constrained to be equal across groups, latent
factor means are freely estimated except for those in the
reference group, which are typically constrained to be zero.
If scalar invariance holds, strict invariance is conducted, in
which the residual variances across groups are constrained
to be equal in addition to equal factor loadings and items
intercepts (Θg = Θ, νg = ν, and Λg = Λ ). In this study,
we limited measurement invariance testing to metric and
scalar invariance testing, as scalar invariance is often con-
sidered to be sufficient for cross-group comparisons (Little,
1997; Widaman & Reise, 1997). A summary of the features
of three levels of measurement invariance testing is pro-
vided in Table 1.

Several fit measures have been used in evaluatingmea-
surement invariance testing. First, LRT, or χ2 difference
testing, can be used to compare the fit of nested models
in measurement invariance testing in SEM. The χ2 of the
more restrictive model is compared to that of the less re-
strictive model, and the χ2 difference between the two
competing models follows a χ2 distribution with degrees
of freedom equal to the difference in model parameters.

The χ2 difference can be tested using a χ2 significance test-
ing with its associated degrees of freedom. The null hy-
pothesis of the χ2 difference testing is that the more re-
strictive model fits the data as well as the less constrained
model. If the χ2 difference testing is not significant, the
more constrainedmodel is selected for being parsimonious
because the two models fit the data equally well. On the
other hand, a significant χ2 difference testing indicates
that the less constrained model fits statistically better than
the more constrained model. In the context of measure-
ment invariance testing, a nonsignificant χ2 difference
testing indicates that measurement invariance holds. Sec-
ond, the goodness-of-fit indexes of CFI and RMSEA have
been commonly used by both methodologists and applied
researchers in evaluating measurement invariance testing
because of their performance in evaluating both overall
model fit and comparative model fit (e.g., Chen, 2007; Che-
ung & Rensvold, 2001). Cheung and Rensvold (2001) recom-
mended a less than .01 decrease in comparative fit index
(CFI) of the more restrictive model to support for measure-
ment invariance. Chen (2007) suggested a less than .01 de-
crease in CFI in themore constrainedmodel, supplemented
by an increase of less than .015 in root mean square error
of approximation (RMSEA) in the more constrained model
to support for measurement invariance. The ICs, such as
AIC, BIC, and SaBIC have also been used for comparing
competing models. They are computed using the log like-
lihood of a fitted model, and each of them includes a dif-
ferent penalty term as a function of the number of param-
eters, sample size, or both. ICs can be used to compare the
less and more constrained models in measurement invari-
ance testing, with a lower value associated with a better
model. Compared to AIC, BIC imposes a harsher penalty for
the number of parameters estimated in the models, favor-
ing the simpler model (e.g., Vrieze, 2012). SaBIC imposes a
less harsh penalty for model complexity compared to BIC
by including an adjusted term of sample size. The perfor-
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mance of the ICs in measurement invariance testing using
item parcels remains unknown.

Purpose of This Study

As shown in the literature review above, itemparceling has
been studied and applied extensively in SEM. However, its
efficacy in measurement invariance testing has not been
examined comprehensively. To examine the efficacy of
item parceling with different parceling strategies and dif-
ferent numbers of items per parcel, this systematic simu-
lation study was conducted to examine the sensitivity of
the fit measures to measurement noninvariance. The ma-
jor manipulated design factors included parceling strategy
(distributed or isolated), number of items per parcel, mag-
nitude of measurement invariance, and sample size.

Method

The population model was a two-group two-factor CFA
model with 24 items per factor (48 items in total), with
Group 1 being the reference group and Group 2 being the
focal group. All the indicators were continuous with amul-
tivariate normal distribution. Factor loadings in the ref-
erence group and the metric invariant items in the focal
group were set at 0.70 and residual variances were 0.51.
Item intercepts in the reference group and the scalar in-
variant items were set at zero. These values were chosen
based on the range of parameters used in previous research
on measurement invariance testing using parcels (Meade
& Kroustalis, 2006) and general measurement invariance
testing using items (Cao & Liang, 2022; E. S. Kim et al., 2012;
Liang & Luo, 2020). The correlation between the two fac-
tors was 0.30.

Design Factors

Location of Measurement Noninvariance. Measure-
ment invariance was tested at two levels: factor loadings
and item intercepts. These two locations of measurement
invariance are the most frequently used in the literature of
measurement invariance testing (Cao & Liang, 2022; Chen,
2007; E. S. Kim et al., 2012; Liang& Luo, 2020). To test the in-
variance of factor loadings, the model fit of configural and
metric models was compared. Item intercepts invariance
was tested by comparing the model fit of metric and scalar
models.
Proportion of Items with Measurement Noninvariance.
The proportion of noninvariant items was manipulated

at 25% and 50% of the items for each of the two factors.
These two proportions were consistent with those adopted
by measurement invariance studies (Chen, 2007; Liang &
Luo, 2020; Meade & Lautenschlager, 2004; Meade et al.,
2008).

Magnitude of Measurement Noninvariance. The mag-
nitude of measurement noninvariance was set at two dif-
ferent levels in this study. For both factor loadings and
items intercepts, the magnitudes of noninvariant items in
Group 2 were .15 and .30 lower than those in Group 1.
That is, the factor loadings for metric noninvariant items
in Group 2 were .55 and .40 for the two levels, respectively;
the item intercepts for scalar noninvariant items inGroup 2
were -.15 and -.30 for the two levels, respectively. The mag-
nitude of measurement noninvariance was in the range
employed in previous studies about measurement invari-
ance (Cao & Liang, 2022; E. S. Kim et al., 2012; Liang & Luo,
2020; Meade & Kroustalis, 2006; Stark et al., 2006).
Sample Size. Two balanced groups with size of 200, 300,
and 500 per group were examined in this study. The sam-
ple size reflected the range of sample size in empirical re-
search about measurement invariance testing using indi-
vidual items and item parcels (e.g., Glanville & Wildhagen,
2007; Meade & Kroustalis, 2006; Schlotz et al., 2011).
Number of Items Per Parcel. The number of items per
parcel had five levels: 2, 3, 4, and 6 items per parcel so
that 12, 8, 6, and 4 parcels per factor were obtained, re-
spectively. These numbers of items per parcel were con-
sistent with the literature that involves item parceling in
the framework of SEM (Nasser & Wisenbaker, 2003). Also,
individual items with no item parceling were also included
in the analysis.
Parceling Strategies. Two parceling strategies were ex-
amined in this study: distributed and isolated parceling
strategies. For isolated parceling, the noninvariant items
were placed in the same parcels as much as possible. For
example, when 25% of items (6 items per factor) were non-
invariant, all the 6 items were put in the same parcel for
6-item parcel strategies. For 4-item parcel conditions, four
noninvariant items were combined in the same parcel and
the rest two noninvariant items were put in another par-
cel along with two invariant items, and the invariant items
were put in the same parcels. For 3-item parcels, the 6 non-
invariant items were put in two parcels. For 2-item parcels
conditions, the 6 noninvariant items were put into three
isolated parcels. The same principle was used in the condi-
tions with 50% noninvariant items.

The opposite was true for distributed strategy: the non-
invariant itemswere distributed to different parcels evenly
as much as possible. For example, when 25% of items (6
items per factor) were noninvariant, for the 6-item parcels,
2 parcels contained two noninvariant items each, and the
rest two parcels contained one noninvariant item each. For
4-item parcels conditions, the 6 parcels each contained one
noninvariant item. For the 3-item parcels condition with
8 parcels, 6 parcels contained one noninvariant item each,
and two parcels had no noninvariant items. For the 2-item
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parcels conditions with 12 parcels, 6 of the parcels con-
tained one noninvariant item, and the rest 6 parcels con-
tained no noninvariant item. The same principle was ap-
plied for conditionswith 50%noninvariant items. Note that
the 4-item parcels conditions with 6 parcels were the most
evenly distributed conditions because the total noninvari-
ant items were 6 or 12 per factor. Moreover, the parcels
were correctly specified to load on their respective factors.
Note that the models with individual items instead of item
parcels were also analyzed to compare with models with
different parceling strategies. The score of the parcel was
created by taking the average of the items of the parcel.

In sum, there were 216 conditions (2 location of mea-
surement noninvariance× 2 proportion× 2 magnitude×
3 sample size × (2 parceling strategy × 4 number of items
per parcel + 1 no parceling) for noninvariant data gener-
ation. We also examined the false positive rates of detect-
ingmeasurement noninvariancewhen the population data
were invariant. The invariant data included twodesign fac-
tors: number of items per parcel, and sample size. There-
fore, there were a total of 15 conditions of invariant data (5
number of items per parcel× 3 sample size).

Data Analysis

For each condition, 1,000 replications were generated and
analyzed using Mplus 8.6 (Muthén & Muthén, 1998–2021).
The item parcels were specified correctly to load on their
respective factors. In configural invariance model, latent
factor means and factor variances for both groups were
fixed at zero and one, respectively, formodel identification.
Parcel intercepts, factor loadings, and residualswere freely
estimated. In metric invariance model, the factor loadings
of the parcels were constrained to be identical across the
two groups. Factor means in both groups were fixed at
zero. Factor variances in the reference Group 1 were fixed
at one while freely estimated in Group 2. In scalar invari-
ance model, parcel intercepts in addition to factor loadings
were constrained to be equal across groups. Also, factor
means and variances for Group 2 were freely estimated
while being constrained to be zero and one in the reference
group.

The proportion of replications inwhich thefitmeasures
(CFI, RMSEA, LRT, AIC, BIC, and SaBIC) selected the config-
ural invariance model over the metric invariance model
or the metric invariance model over the scalar invariance
model using the invariant data was computed as the false
positive (FP) rate. For each replication of metric noninvari-
ant data, configural andmetric invariancemodels were an-
alyzed. The proportion of replications that selected the con-
figural invariancemodel overmetric invariancemodelwas
computed as the sensitivity of the fit measures. For each
replication of the scalar noninvariant data, metric invari-

ance and scalar invariancemodelswere analyzed. The pro-
portion of replications that selected the metric invariance
model over the scalar invariance model was considered as
the sensitivity of the fit measures to scalar noninvariance.
For model selection, evidence to support for measurement
invariance included a non-significant LRT at the .05 alpha
level, absolute CFI change < .01, RMSEA change < .015, and
ICs change < 0 (more constrained model minus less con-
strained model).

Results

The false positive (FP) rates measurement invariance test-
ing using the invariant data are summarized in Table 2. The
FP rates for all the fit measures except LRT were mostly
around zero. The FP rates of LRT were around .05. For AIC,
the FP rates were mostly around zero except when there
were 6 items per parcel, in which the FP rates were around
.07. Given that the 95% confidence interval of the alpha
level .05 based on 1,000 simulations is 3.7%-6.5% using the
Clopper-Pearson method (Leemis & Trivedi, 1996), overall,
the FP rates were under good control except for slight in-
flation for LRT and AIC in couple of conditions..

To determine the effect of the design factors (sample
size, parceling strategy, number of items per parcel, mag-
nitude of measurement noninvariance, and percentage of
noninvariant items) on the sensitivity of each fit measures
tomeasurement noninvariance, a factorial analysis of vari-
ance (ANOVA) with eta-squared (η2) was conducted for the
sensitivity of fit measures in metric invariance and scalar
invariance testing. The percentage of variances explained
by each design factor and their two-way interactions ex-
pressed as η2 is presented in Table 3. Note that only the
practically significant design factors and their interactions
are reported based on the Cohen’s (1988) moderate effect
size of .0588, and any values of η2 smaller than .0588 are not
reported. Results indicated that parceling status explained
a large portion of variance in RMSEA (around 79% and 81%
formetric invariance and scalar invariance testing, respec-
tively). CFI, BIC, and SaBIC in metric and scalar invariance
testingwere impacted byparceling status, themagnitude of
noninvariance, and the interaction between parceling sta-
tus and the magnitude of noninvariance. The sensitivity of
LRT and AIC in both measurement invariance testing was
impacted by parceling status, number of items per parcel,
and the interaction between parceling status and the num-
ber of items per parcel.

Metric Invariance Testing

Figure 1 presents the sensitivity of all the fit measures
in metric invariance testing. When no parceling was in-
volved, CFI was not sensitive to the noninvariance of .15
but quite sensitive to the noninvariance of .30 regardless
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Figure 1 Sensitivity of Fit Measures to Metric Noninvariance with Different Parceling Strategies. In the figure, iso_2 =
isolated parceling with 2 items per parcel; iso_3 = isolated parceling with 3 items per parcel; iso_4 = isolated parceling
with 4 items per parcel; iso_6 = isolated parceling with 6 items per parcel; dis_2 = distributed parceling with 2 items per
parcel; dis_3 = distributed parceling with 3 items per parcel; dis_4 = distributed parceling with 4 items per parcel; dis_6 =
distributed parceling with 6 items per parcel.

of sample size. RMSEA was not sensitive to metric nonin-
variance in all conditions except in the condition with the
largest sample size combinedwith 50%of noninvariance of
.30. LRT was sensitive to metric noninvariance in all con-
ditions. The sensitivity of AIC, BIC, and SaBIC depended on
sample size and the magnitude of noninvariance.

In terms of the impact of different parceling strategies,
for the magnitude of noninvariance of .30, isolated parcel-
ing increased the sensitivity of RMSEA and BIC to around
100% regardless of the number of items per parcel. For the
magnitude of noninvariance of .15, isolated parceling was
associated with higher sensitivity for all the fit measures
compared to no parceling, especially for CFI, RMSEA, BIC,
and SaBIC. Moreover, the increase of sensitivity of the fit
measures was more drastic for more items per parcel. For

example, the sensitivity of all the fit measures was much
higherwhen therewere 6 items per parcel thanwhen there
were 4 items per parcel, whichwas higher thanwhen there
were 3 and 2 items per parcel. The gradual increase in sen-
sitivity of fitmeasureswith the increase of number of items
per parcelwas evident for 50%of noninvariance of .15, par-
ticularly for CFI, RMSEA, and BIC.

On the other hand, distributed parceling seemed to de-
crease the sensitivity of all the fit measures. The decrease
was more obvious with parcels with more items. LRT and
AIC had the most dramatic decrease given their high sensi-
tivity in conditions without parceling. When there were 2
or 3 items per parcel, the decrease in the sensitivitywas not
as much as in conditions with 4 and 6 items per parcel. It is
worth noting that when there were 4 items per parcel, the
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Table 2 The False Positive Rates of No Parceling and Parceling with Different Number of Items Per Parcel

Sample Parcel CFI RMSEA LRT AIC BIC SABIC
200 No_Parceling .000 .000 .06 .000 .000 .000
200 item_2 .000 .000 .06 .000 .000 .000
200 item_3 .000 .000 .05 .012 .000 .000
200 item_4 .000 .012 .05 .034 .000 .002
200 item_6 .000 .048 .06 .076 .000 .018
300 No_Parceling .000 .000 .07 .000 .000 .000
300 item_2 .000 .000 .05 .006 .000 .000
300 item_3 .000 .000 .04 .004 .000 .000
300 item_4 .000 .000 .05 .030 .000 .000
300 item_6 .000 .032 .05 .070 .000 .014
500 No_Parceling .000 .000 .04 .000 .000 .000
500 item_2 .000 .000 .05 .000 .000 .000
500 item_3 .000 .000 .05 .010 .000 .000
500 item_4 .000 .000 .05 .022 .000 .000
500 item_6 .000 .012 .07 .076 .000 .002

Note. item_2 = parceling with 2 items per parcel; item_3 = parceling with 3 items per parcel; item_4 = parceling with 4
items per parcel; item_6 = parceling with 6 items per parcel.

Table 3 Eta-squared (η2) (%) of Different Sources for CFI, RMSEA, LRT, AIC, BIC, and SaBIC in Metric Invariance and Scalar
Invariance Testing

Metric Invariance Testing Scalar Invariance Testing
Source CFI RMSEA LRT AIC BIC SABIC CFI RMSEA LRT AIC BIC SaBIC
Parcel 51.79 79.09 53.46 57.55 60.54 67.23 48.8 80.74 54.21 58.91 61.66 70.55
Nonin 19.42 6.08 10.04 9.07 21.5 9.09 7.87
ItemPerParcel 15.07 8.37 14.76 7.94
Parcel*Nonin 15.73 6.39 7.67 18.1 6.13 7.53
Parcel*ItemPerParcel 15.1 8.65 14.84 8.24

Note. Parcel = parceling strategy; Nonin = the magnitude of noninvariance; ItemPerParcel = the number of items per parcel.

sensitivity of all fit measures was close to zero. This could
stem from 4-item parcels featuring the most balanced dis-
tribution of noninvariant items (e.g., 1 noninvariant item
per parcel across all 6 parcels in the 25%noninvariant item
condition), whereas the distribution of noninvariant items
variedmore in other conditions. In sum, distributed parcel-
ing resulted in lower sensitivity of the all the fit measures,
especially when there were more items per parcel.

Scalar Invariance Testing

Figure 2 presents the sensitivity of all fit measures to scalar
invariance testing. The pattern in scalar invariance test-
ing was similar to the patten in metric invariance testing.
The sensitivity of all fit measures increased with isolated
parceling, especially when there were 6 items per parcel.
The increase was particularly evident for fit measures that
had low sensitivity without parceling, such as RMSEA, CFI,
BIC, and SaBIC. The increase of sensitivity of all fit mea-
sures was less manifest with isolated parceling with fewer

items per parcel, like 2 items per parcel. On the other hand,
distributed parceling decreased the sensitivity of all the fit
measures, especially when there were 6 or 4 items per par-
cel. For the most balanced 4-item parcels, the sensitivity of
all fit measures in all conditions decreased to around zero.
The decreasewas less obvious in distributed parcelingwith
2 or 3 items per parcel.

Discussion

Item parceling has been used frequently in empirical re-
search in SEM, including measurement invariance testing
(e.g., Glanville & Wildhagen, 2007; Schlotz et al., 2011).
However, there are limited discussions on the impact of
item parceling on the performance of commonly used fit
measures in measurement invariance testing. Thus, the
study purported to contribute to this research gap by sys-
tematically examining the impact of parceling strategies
and the number of items per parcel on the sensitivity of
fit measures in measurement invariance testing through a
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Figure 2 Sensitivity of Fit Measures to Scalar Noninvariance with Different Parceling Strategies. In the figure, iso_2 =
isolated parceling with 2 items per parcel; iso_3 = isolated parceling with 3 items per parcel; iso_4 = isolated parceling
with 4 items per parcel; iso_6 = isolated parceling with 6 items per parcel; dis_2 = distributed parceling with 2 items per
parcel; dis_3 = distributed parceling with 3 items per parcel; dis_4 = distributed parceling with 4 items per parcel; dis_6 =
distributed parceling with 6 items per parcel.

simulation study. The findings from this study provided a
more comprehensive picture of measurement invariance
testing that involves parceling.

Not all parceling strategies “masked” the detection of
measurement noninvariance, partially diverging from the
findings of Meade and Kroustalis (2006), in which only the
sensitivity of LRT was examined. When no parceling was
used, the sensitivity of LRT was all around 100%, and its
sensitivity remained around 100% in isolated parceling,
but decreased substantially in distributed parceling. There-
fore, it seemed that different parceling strategies yielded
varying sensitivity to detecting measurement noninvari-
ance for LRT. The impact of parceling depended on the
parceling strategies and number of items per parcel. The

results from this study provided applied researchers with
a more comprehensive understanding of the impact of
parceling inmeasurement invariance testing using parcels.
Also, parceling has been recommendedwhen structural re-
lationships are of major interest to the researchers. When
the structural relationships are examined with parcels, re-
searchers may prioritize the invariance testing of parcels
instead of individual items. Therefore, the potential mask-
ing of measurement noninvariance, which implies that the
parcels exhibit measurement invariance, might be benefi-
cial for estimating structural relationships since parcels are
used as indicators of the latent factors instead of individual
items.

Compared to no parceling, isolated parceling increased
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the sensitivity of all fitmeasures and the increasewasmore
dramatic with more items per parcel, or fewer parcels.
This was not unexpected given that isolated parceling com-
bined all the noninvariant items into as few parcels as pos-
sible, enhancing the clarity of the parcels with respect to
noninvariant and invariant items, making the noninvari-
ance in the parcel(s) very apparent to detect. Also, iso-
lated parceling can reduce measurement errors by aver-
aging out errors across items within each parcel, poten-
tially leading to more reliable parcel indicators. In addi-
tion, creating parcels reduces the model size. Previous re-
search on the impact of model size on measurement in-
variance testing showed that the sensitivity of CFI, RMSEA,
BIC, and SaBIC decreasedwhen the number of observed in-
dicators increased in the CFA model (Cao & Liang, 2022).
This was consistent with the results that the sensitivity of
fit measures increased as fewer parcels were created (i.e.,
decrease in model size) when the noninvariant items were
parceled together.

On the other hand, distributed parceling decreased the
sensitivity of all the fit measures, and the decreased sen-
sitivity was more evident in parcels with 4 or 6 items per
parcel. Particularlywhen therewere 4 itemsper parcel and
noninvariant items were evenly distributed across parcels,
the sensitivity of all fit measures was close to zero in all
conditions. The decreased sensitivity was less extreme in
the parcels with 6 items per parcel, especially when there
were 25% of noninvariant items. In general, when all the
noninvariant items were evenly distributed to the parcels,
the sensitivity of the fit measures diminished. Distributive
parceling ensures that each parcel is representative of the
entire spectrum of invariant and noninvariant item distri-
bution. However, the inclusion of both invariant and non-
invariant items within each parcel may reduce the parcels’
interpretability.

Implications for Empirical Researchers

Based on the discussions above, for empirical researchers
conducting measurement invariance testing, the strategic
use of parceling can significantly impact the power to de-
tect noninvariance. If preliminary analyses or theoreti-
cal considerations suggest that certain items behave dif-
ferently across groups, researchers are recommended to
consider isolated parceling to increase the sensitivity of de-
tecting noninvariance by concentrating the noninvariant
effects within specific parcels. Identifying noninvariant
items to group together when using isolated parceling in-
volves a multi-step process that combines statistical anal-
yses with theoretical considerations. From a theoretical
perspective, content experts may be able to provide good
insight into the items’ potential of resulting in measure-
ment noninvariance based on the wording of the items,

the context, and the target populations to collect data from.
Also, literature and previous research on the same topic
may also provide some hints about the possibility of having
measurement noninvariance between groups. From a sta-
tistical point of view, preliminary analyses such as multi-
group CFA with individual items, examination of modifi-
cation indices, and regularized factorial invariance testing
(Liang & Jacobucci, 2020; Shi et al., 2019), can help identify
noninvariant items. Combining both the statical evidence
and theoretical insights, decisions can be made on which
items to form parcels by grouping identified non-invariant
items together, aiming to maintain theoretical coherence
within parcels. Then, one can conduct measurement in-
variance testing with the new parcel structure to validate
the model. Additionally, conducting sensitivity analyses
with various parceling strategies can illuminate the effects
of parceling on measurement invariance detection, offer-
ing valuable insights into the robustness of the findings.

On the other hand, if the research focus is on improving
the estimation of structural relationships, random parcel-
ing is likely to create evenly distributed parcels. These
parcels, when used as indicators, are more likely to exhibit
invariance especially with large sample sizes. In this simu-
lation study, the parceling allocation was just one of many
possible random allocations. Based on previous research,
there has been variability in model fit indices across var-
ious allocations (Sterba & MacCallum, 2010; Sterba, 2011).
That is to say, if we use a different item-to-parcel alloca-
tion, we may observe different model fit indices. However,
Sterba and MacCallum (2010) showed that the variability
of the model fit indices was most profound when sample
size was small (below 200) and factor loadings were low.
In this study, the sample size was relatively large, and the
variability of model fit indices across different allocations
was expected to be relatively small.

As for the fit measures to consider, LRT emerges as a
preferred fit measure given its high sensitivity in measure-
ment invariance testing using both individual items and
parcels. When isolated parceling is used, AIC and SABIC
may also be considered which perform similarly to LRT
across most conditions. It should be kept in mind that the
rationale for using item parcels instead of original items
needs to be justified, and item parcels should not be used as
a convenient alternative to original items. It is important to
note that parceling, while useful, should not replace a sub-
stantive understanding of the construct and how it may be
perceived or valued differently across groups.

Limitations and Future Research Directions

There are several limitations in this simulation study,
which can serve as future research directions. First, the
scenarios considered in this study were limited and the
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conditions can be expanded to includemore simulation de-
sign factors. For example, the items simulated in this study
are normally distributed continuous variables. However,
in empirical research, it is likely to encounter nonnormal
continuous variables or categorical variables. It remains
unknown whether similar patterns of results are observed
if nonnormal or categorical variables are used. Therefore,
one of the future directions is to expand to categorical vari-
ables, and the impact of parceling strategies on measure-
ment invariance testing using categorial data could be ex-
amined. Second, the sample-to-item ratio was 4.2 for the
smallest sample size of 200 per group with 48 items. When
sample size is smaller to be concerning, which may be one
of the major reasons for using item parceling, the impact
of parceling strategies on the sensitivity of fit measures in
measurement invariance testing remains yet to know. In
the future research direction, extremely smaller sample
size can be used to investigate the convergence rates, and
the impact of parceling strategies on measurement invari-
ance testing and parameter estimates. Third, in the current
study, the noninvariance was designed in the same direc-
tion (i.e., all the factor loadings or item intercepts in Group
2 were lower than Group 1). It is more likely to have some
items with higher factor loadings or intercepts and some
other itemswith lower loadings or intercepts than the com-
parison group. In this scenario, the noninvariance may be
canceled off in a particular parcel that takes the average
of several items. Thus, measurement invariance testing
would be more likely to show that it holds. The scenarios
designed in this study were the extreme example of nonin-
variance existing in the same direction. Lastly, this study
focuses on the impact of parceling strategies on the sen-
sitivity of fit measures in measurement invariance testing
using CFA model. It is possible that the parceling strategies
also influence the parameter estimates of structural rela-
tionships between latent factors in the context of SEM. Fu-
ture research is called to examine the impact of parceling
strategies on the estimates on structural parameters.
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