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Abstract To prevent biased estimates of intraindividual
growth and interindividual variability when working with
clustered longitudinal data (e.g., repeated measures nested
within students; students nested within schools), individual
dependency should be considered. A Monte Carlo study was
conducted to examine to what extent two model-based ap-
proaches (multilevel latent growth curve model – MLGCM,
and maximum model – MM) and one design-based approach
(design-based latent growth curve model – D-LGCM) could
produce unbiased and efficient parameter estimates of
intraindividual growth and interindividual variability given
clustered longitudinal data. The solutions of a single-level
latent growth curve model (SLGCM) were also provided to
demonstrate the consequences of ignoring individual depen-
dency. Design factors considered in the present simulation
study were as follows: number of clusters (NC = 10, 30, 50,
100, 150, 200, and 500) and cluster size (CS = 5, 10, and 20).
According to our results, when intraindividual growth is of
interest, researchers are free to implement MLGCM, MM, or
D-LGCM. With regard to interindividual variability,
MLGCM and MM were capable of producing accurate pa-
rameter estimates and SEs. However, when D-LGCM and
SLGCM were applied, parameter estimates of interindividual

variability were not comprised exclusively of the variability in
individual (e.g., students) growth but instead were the com-
bined variability of individual and cluster (e.g., school)
growth, which cannot be interpreted. The take-home message
is that D-LGCM does not qualify as an alternative approach to
analyzing clustered longitudinal data if interindividual vari-
ability is of interest.

Keywords Clustered longitudinal data . Design-based
approach .Model-based approach .Multilevel latent growth
curve model

Longitudinal researchdesigns allow for theopportunity to inves-
tigate individual development in education and psychology.
Particularly, measuring the same individual repeatedly permits
researchers to describe howandwhenattributes of the individual
change over time (i.e., intraindividual growth) and whether dif-
ferent individuals change in different ways (i.e., interindividual
variability;Curran,Obeidat,&Losardo,2010;Duncan,Duncan,
& Strycker, 2006; Grimm, Ram, & Estabrook, 2016). This de-
scriptionof intraindividualgrowthoutlines theoverall individual
growth pattern (e.g., growth in mathematics achievement),
which is the mean of the trajectory pooling of all the individuals
within the sample (Curran et al., 2010). On the other hand, inter-
individual variability reveals the dissimilarity of the individual
growth trajectory (e.g., students differ in their growth in mathe-
matics achievement).Accurate estimationof interindividual var-
iability is extremely important because it provides empirical sup-
port for the need to further study explanatory determinants
(Duncan et al., 2006; Schaie, 1983; Singer &Willett, 2003) and
elicits research questions regarding the individual-related factors
accounting for such variability (e.g., what is the role of student-
perceivedmathematical self-efficacy in thegrowthofmathemat-
ics achievement; Bandura, 1993). Statistically speaking,
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obtaining accurate estimates of intraindividual growth and inter-
individual variability are essential to understanding develop-
ment, and thus should be a priority topic for researchers in devel-
opmentalpsychology.Althoughseveral studieshavebeendevot-
ed to this topic by examining some influential factors such as
sample size, number of time points, and measurement error
(e.g., Diallo, Morin, & Parker, 2014; Hertzog, Oertzen, &
Ghisletta, 2008; B. O. Muthén & Curran, 1997; Zhang &
Wang, 2009),we found little attention has been paid to themeth-
odological issue of how to obtain more accurate estimates of
intraindividual growth and interindividual variability within the
context of longitudinal data in a hierarchical setting, especially
with large-scale studies. Yet there are certainly multiple large-
scale data sets available using such a sampling structure. For
example, the Longitudinal Study of American Youth (LSAY;
Miller, Kimmel,Hoffer,&Nelson, 2000), a national panel study
of mathematics and science education in US public schools,
adopted a two-stage stratified probability sampling approach –
representative schools were randomly selected and students
within the selected school were then randomly sampled. This
sampling approachproduced clustered longitudinal data at three
levels: cluster (e.g., school), individual (e.g., student), and repeat-
edmeasures (e.g., number of time points).

Conceptually, individualswithin the samecluster aremore like-
ly to bemore similar to each other (Hox, 2010; Snijders&Bosker,
2012), and, analytically, such individual dependency should be
considered to prevent biased estimates of intraindividual growth
and interindividual variability (B. O. Muthén, 1997). The conse-
quences of ignoring individual dependency can lead to seriously
biased parameter estimates and standard errors (SEs), which has
been widely discussed within the context of various multilevel
models including measurement models (e.g., Julian, 2001; B. O.
Muthén&Satorra,1995;Pornprasertmanit,Lee,&Preacher,2014;
Wu&Kwok, 2012), regressionmodels (e.g., Lai &Kwok, 2015;
Moerbeek, 2004; B. O.Muthén& Satorra, 1995), cross-classified
models (e.g., Luo & Kwok, 2009; Meyers & Beretvas, 2006),
growth mixture models (Chen, Kwok, Luo, & Willson, 2010),
and latent growth curve models (e.g., B. O. Muthén, 1997; Wu,
Kwok, & Willson, 2015). Although researchers have been well
informed by the aforementioned studies, little is known about
whether current commonly-used model-based and design-based
analytical approaches, which can accommodate individual depen-
dency in data, can produce unbiased parameter estimates of
intraindividual growth and interindividual variability given clus-
tered longitudinal data. The current study aimed to close this liter-
ature gap by conducting aMonte Carlo study.

Model-based and design-based multilevel
approaches

Two types of analytical approaches are widely employed for
analyzing clustered longitudinal data, namely the model-based

approach and the design-based approach. The model-based
approach specifies level-specificmodels on the basis of the data
structure (Heck&Thomas, 2009; B.O.Muthén&Asparouhov,
2011). Within the framework of multilevel structural equation
modeling (MSEM), the time dimension can be converted into a
multivariate vector and, therefore, the three-level clustered lon-
gitudinal data can be analyzed with a two-level model (i.e.,
Multilevel Latent Growth Curve Model – MLGCM; Bovaird,
2007; Heck & Thomas, 2009; B. O. Muthén & Asparouhov,
2009), where the intraindividual growth and interindividual var-
iability ismodeled at thewithin-level model and the cluster-level
growth is modeled at the between-level model (see for example,
Duncan et al., 1997). If researchers are interested in only the
individual-level growth trajectory (e.g., psychological virtues
duringadolescence;Ferragut,Blanca,&Ortiz-Tallo, 2014), then
the parameter estimates in the within-level model of MLGCM
(see Fig. 1) can theoretically fullfil researchers’ needs.

InadditiontoMLGCM,anothermodel-basedtechniquewith-
in the framework of MSEM, namely the two-level maximum
model (MM; Hox, 2010), might be an alternative to studying
clustered longitudinal data. MM (see Fig. 2) is often preferred
given that researchers are primarily interested in individual-level
growth trajectory. In particular, MM specifies the target/
hypothesized growth pattern in the within-level model only and
saturates the between-level model. The performance ofMMhas
beenexaminedusing two-levelmeasurementmodels inprevious
studies, which indicated that MMwas capable of providing un-
biased fixed effect estimates, variances components, and accu-
rateSEs in thewithin-levelmodel (Pornprasertmanit et al., 2014;
Wu&Kwok, 2012).Moreover,WuandKwok (2012) suggested
that MM can be used as a substitute for MLGCM, especially
when sample sizes are small (e.g., < 50). However, to the best
of our knowledge, no studies have been conducted to investigate
whether MM demonstrates promise in analyzing individual
growth with clustered longitudinal data. In the present study,
we hypothesized that MM could generate accurate parameter
estimates and SEs of intraindividual growth and interindividual
variability, similar to those derived byMLGCM.

The design-based approach takes into account clustering
in longitudinal data by adjusting the SEs of parameter esti-
mates (i.e., robust SEs) using a sandwich estimator based on
the sampling design and, therefore, it produces accurate sta-
tistical inferences (Heeringa, West, & Berglund, 2010; L. K.
Muthén & Muthén, 1998-2015; Stapleton, 2006, 2008). In
Mplus, a design-based latent growth curve model (D-
LGCM) can be implemented by specifying a model exactly
like the within-level model of MLGCM presented in Fig. 1
and using the command BTYPE = COMPLEX^ to adjust SEs
of parameter estimates in the model (L. K. Muthén &Muthén,
1998-2015). Similar toMM, D-LGCMmight be favored if the
primary interest is the individual-level growth trajectory.

TheperformanceofD-LGCMhasbeenexaminedbyWuetal.
(2015) in terms of the accuracy of the regression coefficients of
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between-levelandwithin-levelpredictors.Morespecifically,Wu
and colleagues generated a simulated dataset based on a condi-
tionalMLGCM – one predictor at the between-level andwithin-
level, respectively. Their simulation results suggested the D-
LGCM, including predictors from both levels, could produce
unbiased regression coefficients and SEs. However, whether a
D-LGCM can produce accurate intraindividual growth and in-
terindividual variability has not been well investigated.

In summary, researchers need be aware that models ignoring
individual dependency should not be used for analyzing clus-
tered longitudinal data.Researcherswho are primarily interested
in the individual-level growth trajectory have two model-based
approaches (MLGCMandMM)andonedesign-basedapproach
(D-LGCM) as options to analyze clustered longitudinal data.
Until now, understanding the viability of MM as an alternative
to analyze clustered longitudinal data has not been well studied.

V 1 V 2 V 3 V 4 

Between-level 
Model 

Within-level 
Model 

Fig. 1 A two-level multilevel latent growth curve model

V 1 V 2 V 3 V 4 

Between-level 
Model 

Within-level 
Model 

Fig. 2 A two-level maximum model
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Moreover, although D-LGCM is theoretically expected to pro-
vide robust SEs for statistical inferences in the individual-level
model, the extent to which D-LGCM can produce unbiased pa-
rameter estimates and SEs of intraindividual growth and interin-
dividual variability is still unknown.

The purpose of the present study was to contribute to the
literature gap by examining the effectiveness of two model-
based approaches (MLGCM and MM) and one design-based
approach (D-LGCM),whichhave the potential to accommodate
individual dependency in clustered longitudinal data. Simulated
data (1,000 replications)weregeneratedbasedonan the findings
ofempirical studiesof themathematics literacytrajectoryderived
from clustered longitudinal data (Baumert, Nagy, & Lehmann,
2012). We analyzed the simulated data with four approaches –
MLGCM,MM, D-LGCM as well as a model failing to accom-
modate individual dependency (Single-level Latent Growth
CurveModel – SLGCM). Themodel solutions of SLGCMpre-
sented the consequences of ignoring individual dependency
when clustered longitudinal data was inappropriately analyzed.
Whengenerating the simulateddata,wemanipulated twodesign
factors, namely, number of clusters and cluster size, to evaluate
the impactof samplesizeatdifferent levelson theperformanceof
the four approaches. Parameter estimates and SEs produced by
MLGCM were expected to be less biased. The effectiveness of
MM, D-LGCM, as well as SLGCM was examined in terms of
unbiasedness and efficiency of parameter estimates in the mar-
ginalmeanstructure (i.e., intraindividualgrowth)andcovariance
structure (i.e., interindividual variability).

Method

A Monte Carlo study was conducted using Mplus 7.31 (L. K.
Muthén & Muthén, 1998-2015) to evaluate the performance of
two model-based approaches (MLGCM and MM), a design-
based approach (D-LGCM), and amodel failing to accommodate
individualdependency(SLGCM).AMLGCMpresentedinFig.1
was used to generate simulated clustered longitudinal data. In
order to increase the generalizability of our findings, parameter
settings were adopted from findings in an empirical study
(Baumert et al., 2012), which investigated fourth graders’ growth
trajectoryofmathematics literacy scores.Twodesign factorswere
considered in our simulation: number of clusters (NC) and cluster
size (CS). Simulated datawere then analyzed byMLGCM,MM,
D-LGCM, andSLGCM.Mplus syntax for the present simulation
study are provided in Table 5 of Appendix.

Population model

According Kwok, West, and Green’s (2007) review of longitu-
dinal studiespublished in the journalDevelopmentalPsychology
in2002, theaverage timepointofmeasurementwas4.Therefore,

apopulationMLGCMmodelwith fourmeasurement timepoints
was used to create our simulated data. Figure 1 presents the pop-
ulation MLGCM model with parameter settings adopted from
Baumert et al.’s (2012) study. The repeated measures were de-
noted as Y1 –Y4. The intercepts of the repeated measures were
fixed at zero. The linear growth pattern was modeled in the
within- and between-level models. The factor loadings of the
intercept factors (IW and IB) were fixed at 1.0 and those of the
linearslopefactors (SWandSB)weresetas0,1,2,and3aspartof
thegrowthmodelparameterization.Theparameter settingsof the
marginal mean structure and covariance structure in the within-
level model are presented in the following matrices. In the mar-
ginal mean structure matrix (αW), the means of IWand SWare
fixed to zero, and referred to as dummy zero means by Muthén
(1997). Note the means of IW and SW are estimated in the
between-level model (B. O.Muthén, 1997).

In the covariance structure matrix (ΦW), the diagonals are the
variances of IW (113.30; π00) and SW (8.77; π11), where π00
denotes the interindividual variability of initial mathematics
literacy scores and π11 signifies the interindividual variability
of the linear trajectories. The off-diagonals in the ΦW are the
covariance between IWand SW (π10 = 0.315; can be converted
into a correlation equal to .01), which suggests that the relation-
ship between individual initial scores and growth trajectories
was trivial. The error variances of the outcome variables were
constrained to be equal over time and set to 40.57. In other
words, the population model showed students’ initial mathe-
matics literacy scores (π00) and linear growth in mathematics
literacy (π11) varied across individuals but students’ initial per-
formance was only trivially related to later growth (small π10).

αw ¼ 0
0

� �
; Φw

1130 π00ð Þ 0:315
0:315 π10ð Þ 8:77 π11ð Þ

� �

The structure of the between-level model was identical to that
of the within-level model in our simulation. The parameter set-
tings of the marginal mean structure and covariance structure in
between-level models are presented in the matrices αB and ΦB,
respectively. The means of IB (α1) and SB (α2) are set to
96.28 and 9.94, respectively, where α1 denotes average
initial mathematics literacy score and α2 signifies the
average linear trajectory of mathematics literacy scores.

In the covariance structure matrix (ΦB), the diagonals are
the variances of IB (28.86; γ00) and SB (2.80; γ11), where γ00
denotes the variability of initial mathematics literacy scores
across cluster units (e.g., school) and γ11 signifies the variabil-
ity of the linear trajectory across cluster units. The off-
diagonals in the ΦB are the covariance between IB and SB
(γ10 = 2.607; correlation = .29), which suggests that the
cluster-level initial mathematics literacy scores were positive-
ly related to cluster-level linear trajectories. The errors vari-
ances of the outcome variables were set to 0.

αB ¼ 96:28 α1ð Þ
9:94 α2ð Þ

� �
;

28:86 γ00ð Þ 2:607
2:607 γ10ð Þ 2:80 γ11ð Þ

� �

Behav Res (2018) 50:786–803 789



Note the current study intended to evaluate to what extent
three multilevel approaches were able to produce unbiased
estimates of intraindividual growth (α1 and α2) and interindi-
vidual variability (π00, π11, and π10) and the corresponding
SEs. Note π00 denotes the interindividual variability of indi-
vidual initial scores, π11 signifies the interindividual variabil-
ity of the linear trajectories, and π10 is the relationship between
individual initial scores and growth trajectories. The parame-
ter settings of γ00, γ11, and γ10 were required for simulated
data generation but were not the focus of the study. Given the
parameter settings listed above, the intraclass correlations for
Y1, Y2, Y3, and Y4 ranged from 0.231 to 0.299, which indi-
cated non-ignorable individual dependency (Hox, 2010; B. O.
Muthén & Satorra, 1995) in the simulated data.

Design factors

Design factors considered in the present simulation study were
as follows: number of clusters (NC = 10, 30, 50, 100, 150,
200, and 500) and cluster size (CS = 5, 10, and 20). An ex-
tremely small NC (10) was specifically considered to evaluate
the boundaries of performance of MLGCM, MM, and D-
LGCM. On the other hand, we also considered a large NC
condition (500) because some current large-scale longitudinal
studies have collected data from national representative sam-
ples who were nested within a tremendous number of clusters.
For example, in the base year of the Educational Longitudinal
Study of 2002 (ELS: 2002), 15,362 students nestedwithin 752
schools were interviewed in 2002 and followed-up in the fol-
lowing 10 years (Ingels, Pratt, Rogers, Siegel, & Stutts, 2005).
Therefore, including a large NC condition in our simulation
design can increase the generalizability of our findings to
large-scale clustered longitudinal data analyses. Moreover,
because CS was less likely to create biased estimates and
SEs in MSEM (Hox & Maas, 2001), we adopted small, me-
dium, and large values of CS, which were commonly found in
substantive research.

There were a total of 7 (NC) × 3 (CS) = 21 conditions. For
each condition, replications with convergence problems or
improper solutions (e.g., negative unique variances) were ex-
cluded until at least 1,000 replications were generated. To
compute the empirical power of each key parameter value in
the population model a Monte Carlo approach (L. K. Muthén
&Muthén, 2002) was applied (see Table 6 of Appendix). The
covariance between IW and SW at the within-level (π10) ex-
hibited minimal power (≤ .106) across all simulation condi-
tions; while covariance between IB and SB at the between-
level (γ10) exhibited power larger than .80 when (a) NC = 200
and CS = 20 or (b) NC = 500, regardless of CS. Other param-
eters had reasonable power across all simulation conditions,
except for NC = 30 and CS = 5 condition. Each set of

replicates was analyzed with four approaches – MLGCM,
MM, D-LGCM, and SLGCM.

Relative biases

Because parameter estimates and estimated SEs in the current
study were not in standardized form, relative biases
(Hoogland & Boomsma, 1998) were computed to evaluate
the accuracy of model solutions derived through MLGCM,
MM, D-LGCM, and SLGCM. The formulas for computing
relative biases for parameter estimates (θ) and estimated SEs
are presented as follows:

Relative bias θð Þ ¼ θest−θtrue
θtrue

ð1Þ

Relative bias SEθð Þ ¼ SEθest−σθest

σθest
ð2Þ

where θest is the average of parameter estimates in each con-

dition, θtrue is the population value of the parameter, SEθest is
the average SE of a parameter estimate, and σθest is the stan-
dard deviation of the parameter estimate across successful
replications. Note that relative bias is an average measure of
accuracy for each parameter estimate (θ) and estimated SE.
According to Hoogland and Boomsma (1998), relative bias
with an absolute value larger than 0.05 is considered unac-
ceptable. In the current study, an estimate with an absolute
value of relative bias less than 0.01 was deemed fairly accu-
rate. If needed, factorial ANOVAs were conducted to deter-
mine the contributions of the design factors to estimates of
parameters and SEs. The total sum of squares provided the
variability of the parameter and SE estimates across all suc-
cessful replications while eta-squared (η2) indicated the pro-
portion of the variance accounted for by a particular design
factor or the interaction effect term. Notably, η2 was obtained
by dividing the Type III sum of squares of a particular predic-
tor or the interaction effect by the corrected total sum of
squares.

Results

Convergence rate/improper solution of simulations

Resultssuggested thatwhensamplesizeat thebetween-levelwas
too small (NC = 10), applying MLGCM or MM could lead to
serious convergence problems (convergence rate close to 0) and
improper solutions (e.g., negative unique variances), regardless
ofvaryingCSconditions.On theotherhand, satisfactoryconver-
gence rates and proper solutionswere found in other sample size
settings (NC = 30, 50, 100, 150, 200, 500; CS = 5, 10, 20) when
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Table 1 Parameter settings in mean structure of population model and parameter estimates using different approaches

α1 (mean of intercept factor = 96.28) α2 (mean of slope factor = 9.94)

MLGCM

NC CS Est. Est. Bias SE SE Bias Est. Est. Bias SE SE Bias

30 5 96.20 0.00 1.34 -0.03 9.94 0.00 0.44 -0.02

30 10 96.26 0.00 1.17 -0.03 9.94 0.00 0.38 -0.03

30 20 96.27 0.00 1.07 -0.02 9.96 0.00 0.34 -0.03

50 5 96.23 0.00 1.05 0.02 9.95 0.00 0.35 0.00

50 10 96.26 0.00 0.92 0.01 9.94 0.00 0.30 0.00

50 20 96.30 0.00 0.84 -0.01 9.96 0.00 0.27 -0.04

100 5 96.28 0.00 0.75 0.00 9.94 0.00 0.25 0.00

100 10 96.27 0.00 0.65 0.03 9.93 0.00 0.21 0.00

100 20 96.29 0.00 0.60 0.02 9.95 0.00 0.19 0.00

150 5 96.28 0.00 0.61 0.00 9.94 0.00 0.20 0.00

150 10 96.27 0.00 0.53 0.06 9.93 0.00 0.17 0.00

150 20 96.30 0.00 0.49 0.00 9.95 0.00 0.15 -0.06

200 5 96.27 0.00 0.53 -0.02 9.94 0.00 0.18 0.00

200 10 96.27 0.00 0.46 0.02 9.93 0.00 0.15 0.00

200 20 96.29 0.00 0.42 0.05 9.95 0.00 0.13 0.00

500 5 96.27 0.00 0.34 0.03 9.94 0.00 0.11 0.00

500 10 96.28 0.00 0.29 0.04 9.94 0.00 0.09 0.00

500 20 96.30 0.00 0.27 0.00 9.94 0.00 0.08 0.00

MM

NC CS Est. Est. Bias SE SE Bias Est. Est. Bias SE SE Bias

30 5 96.21 0.00 1.46 0.06 9.95 0.00 0.48 0.07

30 10 96.27 0.00 1.24 0.03 9.93 0.00 0.40 0.03

30 20 96.31 0.00 1.13 0.04 9.97 0.00 0.38 0.09

50 5 96.24 0.00 1.09 0.06 9.95 0.00 0.35 0.00

50 10 96.26 0.00 0.92 0.01 9.93 0.00 0.30 0.00

50 20 96.29 0.00 0.84 -0.01 9.96 0.00 0.27 -0.04

100 5 96.28 0.00 0.75 0.00 9.94 0.00 0.25 0.00

100 10 96.27 0.00 0.65 0.03 9.93 0.00 0.21 0.00

100 20 96.29 0.00 0.59 0.00 9.95 0.00 0.19 0.00

150 5 96.28 0.00 0.61 0.00 9.94 0.00 0.20 0.00

150 10 96.27 0.00 0.53 0.06 9.93 0.00 0.17 0.00

150 20 96.30 0.00 0.49 0.00 9.95 0.00 0.15 -0.06

200 5 96.29 0.00 0.53 -0.02 9.94 0.00 0.18 0.00

200 10 96.27 0.00 0.46 0.02 9.93 0.00 0.15 0.00

200 20 96.29 0.00 0.42 0.05 9.95 0.00 0.13 0.00

500 5 96.27 0.00 0.34 0.03 9.94 0.00 0.11 0.00

500 10 96.29 0.00 0.29 0.04 9.94 0.00 0.09 0.00

500 20 96.30 0.00 0.27 0.00 9.94 0.00 0.08 0.00

D-LGCM

NC CS Est. Est. Bias SE SE Bias Est. Est. Bias SE SE Bias

30 5 96.21 0.00 1.37 -0.01 9.94 0.00 0.45 0.00

30 10 96.26 0.00 1.19 -0.01 9.94 0.00 0.38 -0.03

30 20 96.29 0.00 1.09 0.00 9.95 0.00 0.35 0.00

50 5 96.23 0.00 1.06 0.03 9.95 0.00 0.35 0.00

50 10 96.26 0.00 0.93 0.02 9.94 0.00 0.30 0.00

50 20 96.30 0.00 0.84 -0.01 9.96 0.00 0.27 -0.04
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MLGCM and MM were applied to analyze simulated data
(above 98.61%). D-LGCM and SLGCM performed similarly
to one another and both had convergence rates equal to 100%
and proper solutions across all sample size settings. Next we
present the results of parameter estimates and SEs under the var-
ious simulation conditions, excluding NC = 10.

Parameter estimates and SEs in the mean structure

Table 1 presents the parameter estimates and SEs for two
parameters (α1 and α2) as well as their corresponding relative

biases in the mean structure derived from four approaches,
where α1 denotes average initial mathematics literacy score
and α2 signifies the average linear trajectory of mathematics
literacy scores. Note that MLGCM estimated parameters in
the mean structure at the between-level, while the other three
approaches estimated parameters at the within-level. We
found MLGCM was capable of generating fairly accurate es-
timates of the intercept factor mean (α1; ranging from 96.20 to
96.30; |relative biases| = 0.00) and slope factor mean (α2;
ranging from 9.93 to 9.96; |relative biases| = 0.00) across all
sample size scenarios. Moreover, all SEs derived from

Table 1 (continued)

α1 (mean of intercept factor = 96.28) α2 (mean of slope factor = 9.94)

MLGCM

100 5 96.28 0.00 0.75 0.00 9.94 0.00 0.25 0.00

100 10 96.27 0.00 0.66 0.05 9.93 0.00 0.21 0.00

100 20 96.29 0.00 0.60 0.02 9.95 0.00 0.19 0.00

150 5 96.27 0.00 0.62 0.02 9.94 0.00 0.20 0.00

150 10 96.27 0.00 0.53 0.06 9.93 0.00 0.17 0.00

150 20 96.30 0.00 0.49 0.00 9.95 0.00 0.16 0.00

200 5 96.27 0.00 0.53 -0.02 9.94 0.00 0.18 0.00

200 10 96.27 0.00 0.46 0.02 9.93 0.00 0.15 0.00

200 20 96.29 0.00 0.42 0.05 9.95 0.00 0.13 0.00

500 5 96.27 0.00 0.34 0.03 9.94 0.00 0.11 0.00

500 10 96.28 0.00 0.29 0.04 9.94 0.00 0.09 0.00

500 20 96.30 0.00 0.27 0.00 9.94 0.00 0.08 0.00

SLGCM

NC CS Est. Est. Bias SE SE Bias Est. Est. Bias SE SE Bias

30 5 96.21 0.00 1.06 0.03 9.94 0.00 0.36 0.03

30 10 96.28 0.00 0.75 -0.18 9.94 0.00 0.25 -0.17

30 20 96.30 0.00 0.53 -0.38 9.97 0.00 0.18 -0.36

50 5 96.23 0.00 0.82 -0.20 9.95 0.00 0.28 -0.20

50 10 96.26 0.00 0.59 -0.35 9.94 0.00 0.20 -0.33

50 20 96.30 0.00 0.41 -0.52 9.96 0.00 0.14 -0.50

100 5 96.28 0.00 0.58 -0.23 9.94 0.00 0.20 -0.20

100 10 96.27 0.00 0.41 -0.35 9.93 0.00 0.14 -0.33

100 20 96.29 0.00 0.29 -0.51 9.95 0.00 0.10 -0.47

150 5 96.27 0.00 0.48 -0.21 9.94 0.00 0.16 -0.20

150 10 96.27 0.00 0.34 -0.32 9.93 0.00 0.11 -0.35

150 20 96.30 0.00 0.24 -0.51 9.95 0.00 0.08 -0.50

200 5 96.27 0.00 0.41 -0.24 9.94 0.00 0.14 -0.22

200 10 96.27 0.00 0.29 -0.36 9.93 0.00 0.10 -0.33

200 20 96.29 0.00 0.21 -0.48 9.95 0.00 0.07 -0.46

500 5 96.27 0.00 0.26 -0.21 9.94 0.00 0.09 -0.18

500 10 96.28 0.00 0.18 -0.36 9.94 0.00 0.06 -0.33

500 20 96.30 0.00 0.13 -0.52 9.94 0.00 0.04 -0.50

Note. NC number of cluster, CS cluster size, Est. parameter estimate, SE standard error of parameter estimate, Bias relative bias (|relative bias| ≥ 0.05 is
considered unacceptable and highlighted in bold type), MLGCM multilevel latent growth curve model, MM maximum model, D-LGCM design-based
latent growth curve model, SLGCM single-level latent growth curve model
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Table 2 Parameter settings in the covariance structure of the population within-level model and parameter estimates and SEs using different approaches

NC CS π00 (variance of intercept factor = 113.30) π11 (variance of slope factor = 8.77) π10 (covariance between two factors = 0.32)

MLGCM

Est. Est. Bias SE SE Bias Est. Est. Bias SE SE Bias Est. Est. Bias SE SE Bias

30 5 112.41 -0.01 17.94 -0.06 8.89 0.01 2.49 -0.05 0.77 1.41 4.90 -0.04

30 10 112.46 -0.01 12.21 -0.03 8.73 0.00 1.71 -0.03 0.42 0.31 3.35 -0.06

30 20 112.81 0.00 8.40 -0.03 8.77 0.00 1.19 -0.06 0.42 0.31 2.32 -0.08

50 5 113.17 0.00 14.20 -0.02 8.71 -0.01 1.96 -0.02 0.42 0.31 3.87 -0.02

50 10 112.78 0.00 9.60 -0.02 8.77 0.00 1.34 -0.02 0.30 -0.06 2.63 -0.01

50 20 113.32 0.00 6.63 -0.03 8.77 0.00 0.93 -0.05 0.36 0.13 1.82 -0.08

100 5 113.17 0.00 10.22 0.00 8.72 -0.01 1.41 -0.02 0.36 0.13 2.77 -0.02

100 10 113.05 0.00 6.88 -0.01 8.75 0.00 0.96 -0.03 0.35 0.09 1.87 -0.02

100 20 113.17 0.00 4.72 0.00 8.76 0.00 0.66 -0.03 0.39 0.22 1.29 -0.07

150 5 113.24 0.00 8.39 -0.01 8.73 0.00 1.16 -0.02 0.40 0.25 2.27 -0.03

150 10 113.14 0.00 5.62 0.02 8.75 0.00 0.78 -0.03 0.33 0.03 1.53 -0.04

150 20 113.11 0.00 3.87 0.00 8.76 0.00 0.54 -0.04 0.35 0.09 1.06 -0.09

200 5 113.37 0.00 7.29 0.00 8.75 0.00 1.00 0.01 0.40 0.25 1.98 -0.02

200 10 113.16 0.00 4.87 0.02 8.77 0.00 0.68 0.00 0.36 0.13 1.33 -0.04

200 20 113.16 0.00 3.36 0.01 8.76 0.00 0.47 -0.04 0.36 0.13 0.92 -0.08

500 5 113.12 0.00 4.61 -0.02 8.76 0.00 0.64 0.02 0.35 0.09 1.25 -0.05

500 10 113.17 0.00 3.09 -0.02 8.76 0.00 0.43 0.00 0.34 0.06 0.84 -0.07

500 20 113.25 0.00 2.13 0.03 8.77 0.00 0.30 -0.03 0.33 0.03 0.58 -0.03

NC CS MM

Est. Est. Bias SE SE Bias Est. Est. Bias SE SE Bias Est. Est. Bias SE SE Bias

30 5 112.51 -0.01 17.72 -0.07 8.85 0.01 2.50 -0.05 0.35 0.09 4.86 -0.04

30 10 113.21 0.00 12.14 -0.04 8.83 0.01 1.70 -0.04 0.19 -0.41 3.35 -0.06

30 20 113.22 0.00 8.44 -0.02 8.84 0.01 1.19 -0.06 0.29 -0.09 2.31 -0.08

50 5 113.57 0.00 14.13 -0.03 8.88 0.01 1.97 -0.02 0.19 -0.41 3.87 -0.02

50 10 113.13 0.00 9.59 -0.02 8.88 0.01 1.35 -0.01 0.13 -0.59 2.63 -0.01

50 20 113.52 0.00 6.63 -0.03 8.83 0.01 0.93 -0.05 0.27 -0.16 1.82 -0.08

100 5 113.62 0.00 10.22 0.00 8.88 0.01 1.43 -0.01 0.14 -0.56 2.79 -0.02

100 10 113.34 0.00 6.88 -0.01 8.83 0.01 0.97 -0.02 0.22 -0.31 1.88 -0.02

100 20 113.31 0.00 4.72 0.00 8.80 0.00 0.67 -0.01 0.33 0.03 1.29 -0.07

150 5 113.67 0.00 8.40 -0.01 8.86 0.01 1.17 -0.01 0.20 -0.38 2.29 -0.02

150 10 113.40 0.00 5.62 0.02 8.82 0.01 0.79 -0.01 0.22 -0.31 1.54 -0.04

150 20 113.23 0.00 3.87 0.00 8.80 0.00 0.55 -0.02 0.30 -0.06 1.06 -0.09

200 5 113.77 0.00 7.33 0.01 8.87 0.01 1.02 0.03 0.22 -0.31 1.99 -0.01

200 10 113.37 0.00 4.88 0.02 8.83 0.01 0.69 0.01 0.27 -0.16 1.34 -0.03

200 20 113.26 0.00 3.36 0.01 8.79 0.00 0.47 -0.04 0.31 -0.03 0.92 -0.08

500 5 113.43 0.00 4.62 -0.02 8.85 0.01 0.65 0.03 0.22 -0.31 1.27 -0.03

500 10 113.32 0.00 3.09 -0.02 8.80 0.00 0.44 0.02 0.28 -0.13 0.89 -0.01

500 20 113.32 0.00 2.13 0.03 8.79 0.00 0.30 -0.03 0.30 -0.06 0.58 -0.03

NC CS D-LGCM

Est. Est. Bias SE SE Bias Est. Est. Bias SE SE Bias Est. Est. Bias SE SE Bias

30 5 140.42 0.24 20.57 0.08 11.44 0.30 2.68 0.02 3.15 8.84 5.42 0.07

30 10 140.49 0.24 15.45 0.23 11.37 0.30 1.97 0.11 2.86 7.94 3.99 0.12

30 20 141.00 0.24 12.00 0.39 11.47 0.31 1.49 0.17 2.81 7.78 3.01 0.19

50 5 140.98 0.24 16.10 0.11 11.48 0.31 2.10 0.04 3.02 8.44 4.22 0.07

50 10 141.13 0.25 12.13 0.24 11.49 0.31 1.54 0.12 2.90 8.06 3.13 0.18

50 20 141.58 0.25 9.45 0.39 11.50 0.31 1.16 0.18 2.87 7.97 2.37 0.20

100 5 141.13 0.25 11.52 0.13 11.50 0.31 1.50 0.04 3.01 8.41 3.00 0.06
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MLGCM were not biased except for a few trivially biased
ones (|relative biases| ranged from 0.00 to 0.06) across all
sample size scenarios.

Likewise, we also found MM and D-LGCM generated un-
biased parameter estimates of α1 and α2 (|relative biases| =
0.00) and unbiased corresponding SEs except for a few trivially
biasedones (|relativebiases| rangedfrom0.00 to0.09) acrossall
sample size scenarios. That is, these two approaches performed
in the same way asMLGCMdid.When SLGCMwas applied,
the parameter estimates of α1 and α2 were unbiased (|relative
biases| = 0.00), but their SEs were substantially downwardly
biased (|relative biases| ranged from 0.03 to 0.52).

Parameter estimates and SEs in the covariance structure
of the within-level model

Table 2 presents the parameter estimates and SEs for three
parameters in the within-level covariance structure (π00, π11,
and π10) derived from four approaches, where π00 denotes
interindividual variability of initial mathematics literacy
scores, π11 signifies interindividual variability of the linear
trajectories, and π10 represents the relationship between initial

scores and trajectories. Additionally, the corresponding rela-
tive biases for each parameter estimate and SE are also pre-
sented. When MLGCMwas applied, intercept factor variance
(π00; ranging from 112.41 to 113.37) as well as slope factor
variance (π11; ranging from 8.71 to 8.89) were accurately
estimated (i.e., |relative bias| ranged from 0 to 0.01) across
all sample size scenarios. The estimates for the covariance
between intercept and slope (π10; ranging from 0.30 to 0.77)
tended to be positively biased (|relative bias| ranged from 0.03
to 1.41). Our further exploration with ANOVA suggested the
estimates of π10 were trivially explained by the main effects of
NC and CS and the interaction effect (η2 close to 0). In addi-
tion, we found all |relative biases| of SEs were less than 0.05
except for a few trivially biased SEs (ranging from 0.05 to
0.09). Generally speaking, the results suggested reasonable
accuracy of SEs.

MMperformed similarly toMLGCMexcept for the param-
eter estimates of π10. Results showed reasonably accurate es-
timates of π00 (ranging from 112.51 to 113.77), π11 (ranging
from 8.79 to 8.88) and SEs (|relative biases| ≤ 0.06). However,
π10 tended to be underestimated (ranging from 0.13 to 0.35)
across all sample size scenarios with |relative biases| ranging

Table 2 (continued)

100 10 141.74 0.25 8.70 0.25 11.54 0.32 1.10 0.11 2.97 8.28 2.23 0.17
100 20 141.76 0.25 6.74 0.42 11.51 0.31 0.82 0.21 2.93 8.16 1.69 0.22
150 5 141.56 0.25 9.46 0.12 11.52 0.31 1.23 0.04 3.09 8.66 2.46 0.06
150 10 141.77 0.25 7.11 0.29 11.52 0.31 0.90 0.13 2.94 8.19 1.82 0.14
150 20 141.72 0.25 5.52 0.42 11.52 0.31 0.67 0.20 2.90 8.06 1.38 0.19
200 5 141.69 0.25 8.21 0.13 11.53 0.31 1.07 0.08 3.05 8.53 2.13 0.05
200 10 141.90 0.25 6.17 0.29 11.54 0.32 0.78 0.15 2.97 8.28 1.58 0.14
200 20 141.77 0.25 4.79 0.43 11.53 0.31 0.58 0.18 2.91 8.09 1.20 0.20
500 5 141.83 0.25 5.21 0.10 11.54 0.32 0.68 0.08 2.97 8.28 1.35 0.03
500 10 141.95 0.25 3.90 0.24 11.56 0.32 0.50 0.16 2.93 8.16 1.00 0.11
500 20 142.01 0.25 3.05 0.48 11.55 0.32 0.37 0.19 2.92 8.13 0.76 0.27
NC CS SLGCM

Est. Est. Bias SE SE Bias Est. Est. Bias SE SE Bias Est. Est. Bias SE SE Bias
30 5 140.33 0.24 20.08 0.05 11.32 0.29 2.68 0.02 3.12 8.75 5.26 0.04
30 10 141.08 0.25 14.25 0.13 11.41 0.30 1.90 0.07 2.93 8.16 3.73 0.05
30 20 140.84 0.24 10.06 0.16 11.41 0.30 1.34 0.06 2.84 7.88 2.64 0.05
50 5 140.98 0.24 15.59 0.07 11.48 0.31 2.08 0.03 3.02 8.44 4.08 0.04
50 10 141.13 0.25 11.04 0.13 11.49 0.31 1.47 0.07 2.90 8.06 2.89 0.09
50 20 141.58 0.25 7.83 0.15 11.50 0.31 1.04 0.06 2.87 7.97 2.05 0.04
100 5 141.13 0.25 11.04 0.08 11.50 0.31 1.48 0.03 3.01 8.41 2.90 0.02
100 10 141.74 0.25 7.83 0.13 11.54 0.32 1.04 0.05 2.97 8.28 2.05 0.07
100 20 141.76 0.25 5.54 0.17 11.51 0.31 0.74 0.09 2.93 8.16 1.45 0.05
150 5 141.56 0.25 9.04 0.07 11.52 0.31 1.21 0.03 3.09 8.66 2.37 0.02
150 10 141.77 0.25 6.40 0.16 11.52 0.31 0.85 0.06 2.94 8.19 1.67 0.04
150 20 141.72 0.25 4.52 0.16 11.52 0.31 0.60 0.07 2.90 8.06 1.18 0.02
200 5 141.69 0.25 7.83 0.08 11.53 0.31 1.04 0.05 3.05 8.53 2.05 0.01
200 10 141.90 0.25 5.54 0.16 11.54 0.32 0.74 0.09 2.97 8.28 1.45 0.05
200 20 141.77 0.25 3.92 0.17 11.53 0.31 0.52 0.06 2.91 8.09 1.03 0.03
500 5 141.83 0.25 4.96 0.05 11.54 0.32 0.66 0.05 2.97 8.28 1.30 -0.01
500 10 141.95 0.25 3.51 0.12 11.56 0.32 0.47 0.09 2.93 8.16 0.92 0.02
500 20 142.01 0.25 2.48 0.20 11.55 0.32 0.33 0.06 2.92 8.13 0.65 0.08

Note. NC number of cluster, CS cluster size, Est. parameter estimate, SE standard error of parameter estimate, Bias relative bias (|relative bias| ≥ 0.05 is
considered unacceptable and highlighted in bold type), MLGCM multilevel latent growth curve model, MM maximum model, D-LGCM design-based
latent growth curve model, SLGCM single-level latent growth curve model
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from 0.03 to 0.59. Further ANOVA explorations suggested the
variation of estimated π10 was not explained by the main ef-
fects of NC and CS and interaction effect (η2 close to 0).

Both D-LGCM and SLGCM approaches produced similar
and severely biased parameter estimates of π00, π11, and π10.
For example, the parameter estimates of within-level intercept
factor variance (π00) derived from the two approaches ranged
from 140.42 to 142.01 and were upwardly biased (|relative
biases| ranged from 0.24 to 0.25). It should be noted that the
estimated within-level intercept factor variance was

approximately equal to the sum of the population intercept
factor variance within level (113.30) and between level
(28.86). Apparently, intercept factor variance in the between-
level model was redistributed to the within-level model.
Similarly, the within-level slope factor variance (π11 ranged
from 11.32 to 11.56) estimated by both approaches was also
upwardly biased (|relative biases| ranged from 0.29 to 0.32)
and close to the sum of the population slope factor variance in
the within-level (8.77) and between-level (2.80) models. In
the same manner, the within-level covariance between

Table 3 Parameter settings in the covariance structure of the population between-level model and parameter estimates using MLGCM

γ00 (variance of intercept factor = 28.86) γ11 (variance of slope factor = 2.80) γ10 (covariance between two factors = 2.61)

MLGCM

NC CS Est. Est. Bias SE SE Bias Est. Est. Bias SE SE Bias Est. Est. Bias SE SE Bias

30 5 27.64 -0.04 14.17 0.00 2.76 -0.01 1.56 -0.05 2.49 -0.05 3.43 0.06

30 10 28.13 -0.03 10.28 -0.08 2.69 -0.04 1.07 -0.04 2.52 -0.03 2.42 -0.07

30 20 27.95 -0.03 8.51 -0.12 2.71 -0.03 0.86 -0.08 2.51 -0.04 1.97 -0.09

50 5 27.85 -0.03 11.08 -0.01 2.77 -0.01 1.21 -0.03 2.59 -0.01 2.65 0.04

50 10 28.40 -0.02 8.22 -0.03 2.73 -0.02 0.86 -0.04 2.59 -0.01 1.91 -0.05

50 20 28.28 -0.02 6.81 -0.08 2.73 -0.02 0.69 0.00 2.50 -0.04 1.57 -0.05

100 5 27.99 -0.03 8.03 -0.01 2.78 -0.01 0.88 -0.02 2.65 0.02 1.90 0.03

100 10 28.73 0.00 6.00 -0.03 2.80 0.00 0.63 0.02 2.61 0.00 1.38 -0.01

100 20 28.60 -0.01 4.95 -0.06 2.75 -0.02 0.50 0.00 2.54 -0.03 1.13 -0.05

150 5 28.33 -0.02 6.64 0.00 2.79 0.00 0.73 0.04 2.69 0.03 1.57 0.02

150 10 28.65 -0.01 4.93 0.02 2.77 -0.01 0.51 0.02 2.60 0.00 1.13 -0.01

150 20 28.61 -0.01 4.06 -0.02 2.76 -0.01 0.41 0.02 2.54 -0.03 0.93 -0.04

200 5 28.32 -0.02 5.78 0.01 2.78 -0.01 0.63 0.03 2.66 0.02 1.36 -0.01

200 10 28.75 0.00 4.29 0.00 2.77 -0.01 0.44 0.00 2.60 0.00 0.98 -0.02

200 20 28.61 -0.01 3.53 -0.03 2.77 -0.01 0.36 0.00 2.55 -0.02 0.81 -0.04

500 5 28.75 0.00 3.70 0.01 2.79 0.00 0.40 0.00 2.61 0.00 0.87 -0.02

500 10 28.79 0.00 2.73 0.02 2.80 0.00 0.28 0.04 2.59 -0.01 0.63 0.02

500 20 28.75 0.00 2.26 -0.03 2.78 -0.01 0.23 0.00 2.59 -0.01 0.52 0.00

Note. NC number of cluster, CS cluster size, Est. parameter estimate, SE standard error of parameter estimate, Bias relative bias (|relative bias| ≥ 0.05 is
considered unacceptable and highlighted in bold typet), MLGCM multilevel latent growth curve model

Table 4 Results of an empirical example

Mean structure Covariance structure of within-level model Covariance structure of between-level model

Mean of
intercept factor

Mean of
slope factor

Variance of
intercept factor

Variance of
slope factor

Covariance
between two
factors

Variance of
intercept factor

Variance of
slope factor

Covariance
between two
factors

Est. SE Est. SE Est. SE Est. SE Est. SE Est. SE Est. SE Est. SE

MLGCM 49.95 0.62 4.07 0.12 70.57 3.32 3.83 0.30 6.42 0.54 17.31 3.33 0.32 0.12 1.60 0.51

MM 49.78 0.60 4.04 0.12 70.60 3.32 3.83 0.30 6.41 0.54 - - - - - -

D-LGCM 50.12 0.64 4.02 0.11 87.37 4.62 4.08 0.34 8.03 0.59 - - - - - -

SLGCM 50.12 0.18 4.02 0.05 87.37 2.58 4.08 0.22 8.03 0.55 - - - - - -

Note. MLGCM multilevel latent growth curve model, MM maximum model, D-LGCM design-based latent growth curve model, SLGCM single-level
latent growth curve model
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intercept and slope (π10) estimated by both approaches was
also upwardly biased and the between-level component was
also redistributed to the within-level. Additionally, SEs obtain-
ed by SLGCM and D-LGCM were also considerably biased
and the latter approach tended to generate more biased SEs.

Parameter estimates and SEs in the between-level
covariance structure

Parameters in the between-level covariance structure (γ00, γ11,
and γ10) could be only estimated by the MLGCM, and hence
these three parameters were not the focus of the study. We
present the parameter estimates and SEs of these parameters
as well as corresponding relative biases in Table 3. Results can
inform readers regarding the performance of MLGCM in the
associated different sample size conditions. In our study, γ00
denotes variability of initial mathematics literacy scores across
cluster units (e.g., school), γ11 signifies variability of linear
trajectories across cluster units, and γ10 represents the relation-
ship between cluster-level initial mathematics literacy score
and cluster-level linear trajectory. The estimates for the inter-
cept factor variance (γ00; ranging from 27.64 to 28.79), slope
factor variance (γ11; ranging from 2.69 to 2.80), and covari-
ance between intercept and slope (γ10; ranging from 2.49 to
2.69) were fairly accurate across all sample size scenarios.
Similarly, we found SEs across all sample size scenarios to
be reasonable accurate.

Discussion and conclusion

The current study investigated the effectiveness of two model-
based approaches (MLGCM and MM) and one design-based
approach (D-LGCM) that had the potential to accommodate
individual dependency in longitudinal data. The accuracy of
parameter estimates and SEs related to intraindividual growth
(α1 and α2) and interindividual variability (π00, π11, and π10)
was evaluated through their corresponding relative bias.
Moreover, the model solutions of SLGCM were also present-
ed to acknowledge the consequences of ignoring individual
dependency.

Intraindividual growth

In the current study, intraindividual growth can be indicated
by two parameters, namely α1 and α2, in the mean structure.
As previously mentioned, parameters in the mean structure
were estimated in the between-level model by the MLGCM
and estimated at the within-level model by MM and
D-LGCM. The results showedMLGCM can produce accurate
estimated α1 and α2 as well as their SEs in all simulation
scenarios. This finding was in line with Wu et al.’s (2015)
and Muthén’s (1997) studies, which also suggested

MLGCM was able to estimate intraindividual growth param-
eters accurately. In terms of the sample size required for accu-
rate estimates, our study suggested MLGCM can perform sat-
isfactorily even in a small NC (30) and CS (5) condition.
Similarly, estimated α1 and α2 and corresponding SEs derived
from MM and D-LGCM can also be considered trustworthy.
Thus, when intraindividual growth is of interest, researchers
are free to implement either MM or D-LGCM on clustered
longitudinal data.

On the contrary, we found that although SLGCM provided
unbiased estimates of α1 and α2, the SEs were seriously
underestimated. Our findings on SLGCM were consistent
with prior reports in Muthén’s (1997) paper. Note the down-
ward bias of SE can cause larger Type I error rates for re-
searchers attempting to conduct inferential tests. As a result,
when studying average initial score and average linear trajec-
tory is of primary interest, we recommend researchers consid-
er multilevel approaches, either model-based or design-based
ones, that can take into account the individual dependency of
the longitudinal data.

Interindividual variability

Parameter estimates of π00, π11, and π10 and their SEs in the
individual-level covariance structure were used to determine
interindividual variability. We found MLGCM satisfactorily
provided accurate parameter estimates and SEs for π00 and π11
regardless of the design factors, NC, and CS. Therefore, we
suggest MLGCM can be used to analyze interindividual var-
iability in initial scores and in linear trajectories. Furthermore,
our results showed MLGCM tended to overestimate π10 (re-
lationship between initial score and trajectory), but its SEs
were not biased. Note π10 was set to be near-zero (0.32) in
the population model (i.e., it can be converted into a correla-
tion equal to .01, a negligible effect size). We did find all
estimates of π10 were not statistically significant at α =.05
level across all simulated replications and ANOVA results
failed to support that estimates of π10 were associated with
NC and CS, suggesting no systematic pattern.We recommend
that the upwardly biased estimates of π10 be re-examined in
future studies.

MM performed quite similarly as MLGCM did except for
the parameter estimates of π10. This approach in general pro-
vided unbiased parameter estimates and SEs of π00 and π11.
Unlike MLGCM, MM was more likely to underestimate π10,
but the corresponding SEs were still unbiased. As previously
mentioned, the effect size of π10 in the population model was
extremely small and we did not find any statistically signifi-
cant estimates of π10 in our simulated replications. Moreover,
ANOVA results showed estimates of π10 were not accounted
for by NC and CS. Future studies can further examine the
downward biased estimates of π10 in MM. Generally speak-
ing, if researchers are interested in studying interindividual
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variability in initial scores and in linear trajectories, both
MLGCM and MM were capable of producing accurate pa-
rameter estimates and SEs and thus can be adopted for such
analyses.

It must be noted that when D-LGCM and SLGCM were
used to study interindividual variability, parameter estimates
of π00, π11, and π10 did not consist exclusively of the variabil-
ity in individual (e.g., students) growth but instead were com-
prised of the integrated variability of individual and cluster
(e.g., school) growth, which cannot be interpreted. In line with
Muthén (1997), we found ignoring the individual dependency,
the factor variance (π00 and π11) or covariance (π10) belonging
to the between-level was redistributed to the corresponding
portions of the within-level model. Therefore, unless variabil-
ity across cluster units in the between-level model (i.e., γ00,
γ11, and γ10) is close or equal to zero in the population,
SLGCM and D-LGCM can reduce the accuracy of parameter
estimates of π00, π11, and π10 to some degree. More specifi-
cally, because intercept variances (π00 and γ00) and slope var-
iances (π11 and γ11) at both levels cannot be negative, the π00
(and π11) at the within-level model estimated by D-LGCM
and SLGCM will be upwardly biased unless the ignored γ00
(and γ11) at the between-level of the population model are
close or equal to zero.

On the other hand, π10 at the within level can be either
upwardly or downwardly biased because the ignored γ10 at
the between level of the population model can be either posi-
tive or negative. The biased estimates of π10 can lead to a
misunderstanding of the relationship between individual initial
scores and growth trajectories, which can be harmful to sub-
stantive research. For example, the idea of the Matthew effect
in reading has gained considerable attention in the past few
decades (Pfost, Hattie, Dörfler, & Artelt, 2014). The Matthew
effect in reading is a positive correlation between initial com-
petence level and individual development, which can be
statistically estimated by the parameter π10. In other words,
an accurate estimate of π10 is essential to confirm the
presence of the Matthew effect. Pfost et al. (2014) reviewed
28 studies focusing on theMatthew effect in reading in a meta-
analysis. We reinvestigated the same studies and found some
substantive researchers were not aware that SLGCM and D-
LGCM could produce seriously biased π10 when clustered
longitudinal data were analyzed. More specifically, we found
clustered longitudinal data was used to assess the Matthew
effect in 22 studies. However, 16 of 22 studies failed to take
into account the clustering effect (e.g., using SLGCM); and
two of 22 applied D-LGCM to analyze the data. Only four
studies took into account the individual dependency in the data
(three usedMLGCM; one applied hierarchical linear modeling
approach, which was beyond the scope of our study). Based on
our simulation finding that π10 can be either upwardly or
downwardly biased, we raise our concern that those 18 studies
might have incorrectly determined the presence or absence of

the Matthew effect in reading. Future substantive studies that
attempt to understand the relationship between individual ini-
tial scores and growth trajectories using clustered longitudinal
data but fail to account for the structure appropriately need to
be aware of the potential bias introduced.

We further explored whether the chi-square (χ2) statistic
could effectively detect models with biased parameter esti-
mates of π00, π11, and π10 in our simulated replications of
either D-LGCM or SLGCM. Unfortunately, the results
showed only 4.64% and 4.68% of replications for SLGCM
and D-LGCM, respectively, were rejected by the χ2 statistic
with α at .05 level. Practically, researchers could be misled by
the χ2 statistic. The take-home message is that D-LGCM does
not qualify as an alternative approach to analyze clustered
longitudinal data if interindividual variability is of interest.

What if either D-LGCM or SLGCM was used to analyze
clustered longitudinal data? Practically, parameter estimates of
interindividual variability often drives researchers to investigate
further whether this variability can be explained by individual-
level covariates (e.g., gender). Analytically, researchers can re-
gress interindividual variability (e.g., π00 and π11) on selected
individual-level predictors. A previous study showed regres-
sion weights would not necessarily be biased (Wu et al.,
2015); however, the explained variance of π00 and π11
accounted for by the individual-level predictors (Raudenbush
& Bryk, 2002) could be misleading. Accordingly, using D-
LGCM and SLGCM to analyze clustered longitudinal data is
not appropriate and should be avoided.

An empirical example

An empirical example is useful in illustrating thatMLGCMand
MM are able to produce accurate parameter estimates and SEs
of interindividual variability, while D-LGCM and SLGCM are
not. This example analyzed data drawn from the Longitudinal
Study of American Youth (LSAY; Miller et al., 2000), which is
a national panel study of mathematics and science education in
US public schools. The LSAY has been widely used to study
the growth of mathematics and science performance (e.g., Ma
& Ma, 2004; Ma & Wilkins, 2007). Following Muthén’s
(2004) paper, we analyzed Cohort 2 data containing 3,102 stu-
dents nested within 52 schools. Students’ grade 7 to grade 10
mathematics achievement scores obtained by item response
theory equating were analyzed by MLGCM (see Fig. 1), MM
(see Fig. 2), D-LGCM, and SLGCM, separately. The parameter
estimates are presented in Table 4. The Mplus syntax of four
models is provided in Table 7 of Appendix.

The fit indices of the MLGCM [χ2 (8) = 119.957, p < .05;
Root Mean Square Error of Approximation (RMSEA) = .067,
Comparative Fit Index (CFI) = .984, Tucker-Lewis Index
(TLI) = .976; Standardized RootMean Square Residual for with-
in (SRMR-W) = .007; SRMR for between (SRMR-B) = .004] sug-
gested adequate model fit (Hu & Bentler, 1999). Therefore, the

Behav Res (2018) 50:786–803 797



parameter estimates provided by the MLGCMwere expected to
be less biased. On the other hand, the fit indices of the MM also
suggested adequate model fit [χ2 (5) = 109.873, p < .05;
RMSEA = .082, CFI = .985, TLI = .963; SRMR-W = .007;
SRMR-B = .003].Consistent with our simulation findings, the pa-
rameter estimates in the mean structure and within-covariance
structure produced by MM were similar to those derived by
MLGCM. Thus, both MLGCM and MM can be used to inves-
tigate intraindividual growth and interindividual variability given
clustered longitudinal data.

D-LGCM produced parameter estimates in the mean struc-
ture similar to those derived by MLGCM. However, in line
with our simulation findings, when D-LGCMwas applied, the
parameter estimates in within-covariance structure were great-
ly biased because factor (co)variance at the between-level was
redistributed to the within-level. For example, the estimated
within-level intercept factor variance in D-LGCM (87.37) was
approximately equal to the sum of the within-level intercept
factor variance (70.57) and between-level intercept factor var-
iance (17.31) in MLGCM. Therefore, researchers should
avoid using D-LGCM to study interindividual variability giv-
en clustered longitudinal data. When SLGCM was applied,
the SEs in the mean structure were underestimated compared
with those derived by MLGCM. Similar to D-LGCM, the
parameter estimates in the within-covariance structure were
seriously biased. Therefore, using D-LGCM to analyze
clustered longitudinal data is not appropriate.

Limitations and future research direction

This study has limitations that should be addressed. First, the
current study adopted a two-level population model depicting

the linear growth trajectory at the between- and within-level
intercept factor variance. Therefore, findings should only be
generalized to studies that apply similar models. Further stud-
ies are needed to determine whether the current findings can
also be replicated using different models (e.g., a two-level
quadratic growth model). Second, we considered a limited
number of design factors in the present study. Additional
scenarios created by using different design factors, such as
unbalanced designs (unequal group conditions) and varying
the number of observed indicators per latent factor, are need-
ed in future studies. Third, the information regarding mini-
mum sample size needed for the between-level and within-
level intercept factor variance is quite useful for practitioners
who attempt to apply a MLGCM to clustered longitudinal
data. To the best of our knowledge, no study has been con-
ducted on this issue. Based on our simulation findings, we
found a minimum sample size (NC = 30 and CS = 5) equal to
150 is sufficient to attain precise parameter estimates and SEs
in both within- and between-covariance structures and
between-mean structure if the two-level model is correctly
specified. Future studies are needed to investigate systemati-
cally this sample size topic in MLGCM. Last but not least,
the parameter settings in the present simulation study were
drawn from an empirical study (Baumert et al., 2012) to in-
crease the generalizability of our findings. Therefore, the var-
iability across cluster units at the between-level (i.e., γ00, γ11,
and γ10) intercept factor variance was fixed to one condition
and was not manipulated. Future studies can consider the
magnitude of variability across cluster units as a design factor
and systematically investigate the acceptable degree of bias of
interindividual variability (i.e., π00, π11, and π10) derived by
model-based and design-based approaches.

Appendix

Table 5 Mplus source code for the simulation study

TITLE: Data Generation using a Multilevel latent growth curve model (NC = 50 and CS = 5)
montecarlo:
names are y1-y4;
nobs = 250;
ncsizes = 1;
csizes = 50(5);
seed = 67584;
nreps = 1000;
repsave = all;
save = d:\50_5rep*.dat;
ANALYSIS:
TYPE IS TWOLEVEL;
MODEL POPULATION:
%WITHIN%
iw sw | y1@0 y2@1 y3@2 y4@3;
y1-y4*40.57;
iw@113.3;
sw@8.77;
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Table 5 (continued)

iw with sw @0.315221;
%BETWEEN%
ib sb | y1@0 y2@1 y3@2 y4@3;
y1-y4@0;
[ib@96.28 sb@9.94];
ib@28.86;
sb@2.80;
ib with sb @2.606905;
MODEL:
%WITHIN%
iw sw | y1@0 y2@1 y3@2 y4@3;
y1-y4*40.57;
iw@113.3;
sw@8.77;
iw with sw @0.315221;
%BETWEEN%
ib sb | y1@0 y2@1 y3@2 y4@3;
y1-y4@0;
[ib@96.28 sb@9.94];
ib@28.86;
sb@2.80;
ib with sb @2.606905;

TITLE: Data Analysis using a Multilevel latent growth curve model (NC = 50 and CS = 5)
DATA: FILE IS d:\50_5rep1.dat;
VARIABLE:
NAMES ARE y1-y4 clus;
CLUSTER= clus;
ANALYSIS:
TYPE IS TWOLEVEL;
ESTIMATOR =MLR;
MITERATIONS =1000;
MODEL:
%WITHIN%
iw sw | y1@0 y2@1 y3@2 y4@3;
y1-y4*40.57;
iw*113.3;
sw*8.77;
iw with sw *0.315221;
%BETWEEN%
ib sb | y1@0 y2@1 y3@2 y4@3;
y1-y4@0;
[ib*96.28 sb*9.94];
ib*28.86;
sb*2.80;
ib with sb *2.606905;

TITLE: Data Analysis using a Maximum model (NC = 50 and CS = 5)
DATA: FILE IS d:\50_5rep1.dat;
VARIABLE:
NAMES ARE y1-y4 clus;
CLUSTER= clus;
ANALYSIS:
TYPE IS TWOLEVEL;
ESTIMATOR =MLR;
MITERATIONS =1000;
MODEL:
%WITHIN%
iw sw | y1@0 y2@1 y3@2 y4@3;
y1-y4*40.57;
iw*113.3;
sw*8.77;
iw with sw *0.315221;
[iw*96.28 sw*9.94];
%BETWEEN%
y1-y4 with y1-y4;
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Table 6 Empirical power of key parameters in the population model

Mean structure Covariance structure of within-level model Covariance structure of between-level model

α1

(mean of
intercept
factor)

α2

(mean of
slope
factor)

π00 (variance of
intercept factor)

π11 (variance
of slope
factor)

π10 (covariance
between two
factors)

γ00 (variance of
intercept factor)

γ11 (variance
of slope
factor)

γ10 (covariance
between two
factors)

Population
value

96.28 9.94 113.30 8.77 0.32 28.86 2.80 2.61

NC CS

30 5 1.000 1.000 1.000 0.952 0.080 0.469 0.364 0.088

30 10 1.000 1.000 1.000 1.000 0.078 0.881 0.778 0.197

30 20 1.000 1.000 1.000 1.000 0.080 0.986 0.974 0.247

50 5 1.000 1.000 1.000 0.996 0.057 0.769 0.649 0.157

50 10 1.000 1.000 1.000 1.000 0.066 0.990 0.962 0.291

50 20 1.000 1.000 1.000 1.000 0.080 1.000 1.000 0.354

100 5 1.000 1.000 1.000 1.000 0.057 0.980 0.944 0.295

100 10 1.000 1.000 1.000 1.000 0.056 1.000 1.000 0.477

100 20 1.000 1.000 1.000 1.000 0.080 1.000 1.000 0.613

150 5 1.000 1.000 1.000 1.000 0.058 0.999 0.995 0.403

150 10 1.000 1.000 1.000 1.000 0.064 1.000 1.000 0.643

150 20 1.000 1.000 1.000 1.000 0.087 1.000 1.000 0.794

200 5 1.000 1.000 1.000 1.000 0.061 1.000 1.000 0.503

Table 5 (continued)

TITLE: Data Analysis using a Design-based latent growth curve model (NC = 50 and CS = 5)
DATA: FILE IS d:\50_5rep1.dat;
VARIABLE:
NAMES ARE y1-y4 clus;
CLUSTER= clus;
ANALYSIS:
TYPE = COMPLEX;
MITERATIONS =1000;
MODEL:
iw sw | y1@0 y2@1 y3@2 y4@3;
y1-y4*40.57;
[iw*96.28 sw*9.94];
iw*113.3;
sw*8.77;
iw with sw *0.315221;
TITLE: Data Analysis using a Single-level latent growth curve model (NC = 50 and CS = 5)
DATA: FILE IS d:\50_5rep1.dat;
VARIABLE:
NAMES ARE y1-y4 clus;
USEVARIABLE = y1-y4;
ANALYSIS:
MITERATIONS =1000;
MODEL:
iw sw | y1@0 y2@1 y3@2 y4@3;
y1-y4*40.57;
[iw*96.28 sw*9.94];
iw*113.3;
sw*8.77;
iw with sw *0.315221;
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Table 6 (continued)

Mean structure Covariance structure of within-level model Covariance structure of between-level model

α1

(mean of
intercept
factor)

α2

(mean of
slope
factor)

π00 (variance of
intercept factor)

π11 (variance
of slope
factor)

π10 (covariance
between two
factors)

γ00 (variance of
intercept factor)

γ11 (variance
of slope
factor)

γ10 (covariance
between two
factors)

200 10 1.000 1.000 1.000 1.000 0.070 1.000 1.000 0.769

200 20 1.000 1.000 1.000 1.000 0.097 1.000 1.000 0.893

500 5 1.000 1.000 1.000 1.000 0.069 1.000 1.000 0.848

500 10 1.000 1.000 1.000 1.000 0.091 1.000 1.000 0.987

500 20 1.000 1.000 1.000 1.000 0.106 1.000 1.000 1.000

Table 7 Mplus source code for the empirical example

TITLE: Data Analysis using a Multilevel latent growth curve model
DATA: FILE IS LASY_mplus.dat;
VARIABLE:
NAMES ARE stuid schid m7 m8 m9 m10;
USEVARIABLES ARE m7-m10;
CLUSTER= schid;
ANALYSIS:
TYPE IS TWOLEVEL;
ESTIMATOR =MLR;
MITERATIONS =1000;
MODEL:
%WITHIN%
iw sw| m7@0 m8@1 m9@2 m10@3;
%BETWEEN%
ib sb| m7@0 m8@1 m9@2 m10@3;
m7-m10;
[ib sb];
OUTPUT:
tech8;

TITLE: Data Analysis using a Maximum model
DATA: FILE IS LASY_mplus.dat;
VARIABLE:
NAMES ARE stuid schid m7 m8 m9 m10;
USEVARIABLES ARE m7-m10;
CLUSTER= schid;
ANALYSIS:
TYPE IS TWOLEVEL;
ESTIMATOR =MLR;
MITERATIONS =1000;
MODEL:
%WITHIN%
iw sw| m7@0 m8@1 m9@2 m10@3;
[iw sw];
%BETWEEN%
m7-m10 with m7-m10;
OUTPUT:
tech8;

TITLE: Data Analysis using a Design-based latent growth curve model
DATA: FILE IS LASY_mplus.dat;
VARIABLE:
NAMES ARE stuid schid m7 m8 m9 m10;
USEVARIABLES ARE m7-m10;
CLUSTER= schid;
ANALYSIS:
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