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Abstract
Randomized controlled trial designs with pretest-posttest repeated measures, as
the most scientifically rigorous research design, have been increasingly widely
applied in intervention research. However, current data analysis methods fail to
fully capture intervention effects: they neglect intra-individual variability (IIV),
rely on overly simplistic evaluation metrics, and inadequately explore covariates.
The lack of more advanced data analysis models to match this design greatly
limits its practical adoption. Based on the mixed-effects location-scale model
(MELSM), this study proposes a pretest-posttest MELSM specifically applicable
to randomized controlled trial designs with pretest-posttest repeated measures
(RCTRM). This paper first demonstrates the necessity of using this proposed
model through empirical data, and then investigates its influencing factors using
Monte Carlo simulation methods.
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The randomized controlled trial with pretest–posttest repeated measures (RC-
TRM) has increasingly become a widely used and scientifically rigorous design
in intervention research. However, current analytic approaches have not fully
captured intervention effects, as they often overlook intra-individual variabil-
ity (IIV), rely on overly limited evaluation indicators, and insufficiently address
covariates. The lack of advanced analytic models tailored to this design has
substantially constrained its broader application in practice. To address these
limitations, the present study proposes a mixed-effects location–scale model
(MELSM) specifically adapted for RCTRM data, referred to as the pretest–
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posttest MELSM. Using empirical data, we first illustrate the necessity of apply-
ing this model. We then conduct a Monte Carlo simulation study to investigate
factors that influence the performance of the proposed model.

Keywords: Mixed-effects location-scale model � Intensive longitudinal data �
Intra-individual variability � RCT with repeated measures

In social and behavioral science research, intervention studies represent a widely
adopted paradigm in psychology, clinical medicine, and related fields for address-
ing mental health problems (Agteren et al., 2021; Brailovskaia et al., 2020). By
systematically manipulating independent variables (e.g., pharmacological inter-
ventions, psychotherapy, physical therapy) and observing changes in dependent
variables (e.g., anxiety, depression), intervention studies provide critical evi-
dence for understanding psychopathological mechanisms and developing inter-
vention strategies (Kazdin, 2017).

1.1 Randomized Controlled Trials with Repeated Measures (RC-
TRM)

Intervention studies typically employ either non-randomized single-group de-
signs or randomized controlled trials (RCTs). Non-randomized single-group
designs are cost-effective (Shadish, Cook, & Campbell, 2002) but struggle to
control for confounding factors such as time effects or selection bias, limiting
their application in psychological research (Cook & Campbell, 1979). In con-
trast, RCTs randomly assign participants to experimental and control groups,
maximizing control over confounding variables and being widely regarded as
the gold standard for evaluating intervention effectiveness (Hariton & Locascio,
2018; Schulz et al., 2010). RCTs can be categorized as posttest-only or pretest–
posttest designs. The pretest–posttest design examines individual changes be-
fore and after intervention, thereby controlling for individual differences to some
extent and improving the precision of intervention effect estimation (Dugard &
Todman, 1995), making it more scientifically rigorous than posttest-only designs.
However, conventional pretest–posttest designs typically involve only a single
measurement at each time point, which is vulnerable to situational factors, 偶
然性, and measurement error, limiting precise estimation of intervention effects
(Collins, 2006).

To further enhance validity, contemporary intervention research has increasingly
shifted toward RCT designs with repeated measures at both pretest and posttest
(RCT with repeated measures, RCTRM). This design combines the strengths of
pretest–posttest and repeated measures approaches by implementing identical
(or similar) repeated measurement protocols before and after intervention to
track individual states multiple times. This approach enables researchers to
repeatedly assess behavioral or psychological states (e.g., anxiety) in naturalistic
settings or to collect dozens or even hundreds of experimental trials in laboratory
settings to obtain stable response patterns. Such designs can capture changes in
intra-individual stability while enhancing control over measurement error and
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偶然性因素 (Bolger & Laurenceau, 2013). Consequently, RCTRM has become
widely adopted in modern intervention research (e.g., Curran et al., 2010; Ferjan
Ramírez et al., 2020; Gumisirizah et al., 2024; Shoenfelt et al., 2024).

1.2 Data Analysis in Intervention Research

Currently, several statistical approaches are commonly used for RCTRM data.
First, traditional methods such as t-tests, ANOVA, and linear regression com-
pare group means on intervention variables (e.g., anxiety, depression) at posttest
or across pretest–posttest periods to evaluate intervention effects (e.g., Ferjan
Ramírez et al., 2020; Kirby et al., 2023; Lago et al., 2021; Price et al., 2017;
Thompson et al., 2024). Second, linear mixed-effects models (LMEM) or mixed-
effects ANOVA account for the nested data structure (Aguilar-Raab et al., 2023;
Barcaccia et al., 2024; Hanssen et al., 2023; Hellberg, 2021; Kreuder et al., 2020;
Rees et al., 2015). In RCTRM designs, multiple trial outcomes are nested within
participants, and this non-independence violates assumptions of traditional an-
alytic methods (Aarts et al., 2014), leading to underestimated standard errors
and inflated Type I error rates (Barr et al., 2013). Mixed models with random
effects effectively address non-independence and yield accurate estimates.

However, existing statistical methods exhibit three notable limitations. First,
they ignore heterogeneity of within-group variance (i.e., intra-individual vari-
ability, IIV). Although researchers increasingly use LMEM to capture between-
individual differences, the homogeneity of residual variance assumption in tra-
ditional LMEM is frequently violated in practice. Ruscio and Roche (2021)
demonstrated that variance heterogeneity is pervasive in psychological research,
and ignoring it can cause group estimates to regress toward the overall mean
(Williams, Mulder, et al., 2021), compromising exploration of true psychological
characteristics and inflating Type I error rates (Walters et al., 2018). Second, ev-
idence for intervention effects remains unidimensional. Current research primar-
ily focuses on mean-level changes in intervention variables (McNeish & Matta,
2018), using the intervention variable itself as the outcome to provide evidence
for intervention effectiveness. However, RCTRM designs with multiple mea-
surement occasions offer opportunities to examine changes in intra-individual
fluctuation (stability, i.e., IIV), such as learning trajectories (Williams et al.,
2019) and temporal variation (Blozis et al., 2020), enabling multidimensional
evaluation of intervention effects. Third, existing methods neglect moderating
effects of covariates on intervention outcomes. As heterogeneity of intervention
effects has gained attention, researchers increasingly recognize that interven-
tion effects may vary across individuals (Kazdin, 2004; Sandler, Schoenfelder,
Wolchik, & MacKinnon, 2011). Differences may exist across populations in
pre-intervention status, fluctuations during intervention, and post-intervention
outcomes. Therefore, it is essential to include individual-level covariates to ex-
amine how individual characteristics moderate intervention effects and enable
personalized interventions. Current analytic approaches typically control for co-
variates to exclude their influence rather than examining their interactive effects
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with intervention.

1.3 Analyzing Intervention Data with Mixed-Effects Location-Scale
Models

The mixed-effects location-scale model (MELSM) extends traditional mixed-
effects models by relaxing the assumption of homogeneous residual variance
(Hedeker et al., 2008). In RCTRM designs, we assume a within-subject variable
serves as the primary outcome for evaluating intervention effects. For example,
in a study examining drug effects on anxiety, Y represents changes in anxiety
states. The MELSM can separately model pretest MELSM and pretest–posttest
difference MELSM.

Model 1: MELSM Without Covariates. Let 𝑦𝑖𝑗 denote the observed
outcome for individual 𝑖 (level 2) at trial 𝑗 (level 1), where 𝑖 = 1, … , 𝑁 and
𝑗 = 1, … , 𝑛𝑖. N represents the number of participants, and 𝑛𝑖 represents the
number of trials for individual 𝑖. This study extends the random-intercept
MELSM by decomposing the variance of outcome variable 𝑦𝑖𝑗 into between-
individual and within-individual components for pretest and posttest phases.

Within-individual model: Pretest phase: 𝑌𝑝𝑟𝑒.𝑖𝑗 = 𝛽𝑝𝑟𝑒.0𝑖 + 𝑒𝑝𝑟𝑒.𝑖𝑗 (1) Posttest
phase: 𝑌𝑝𝑜𝑠𝑡.𝑖𝑗 = 𝛽𝑝𝑜𝑠𝑡.0𝑖 + 𝑒𝑝𝑜𝑠𝑡.𝑖𝑗 (2)

where 𝑌𝑝𝑟𝑒.𝑖𝑗 represents the outcome for participant 𝑖 at trial 𝑗 during the
pretest phase, 𝑌𝑝𝑜𝑠𝑡.𝑖𝑗 represents the outcome during the posttest phase, 𝛽𝑝𝑟𝑒.0𝑖
and 𝛽𝑝𝑜𝑠𝑡.0𝑖 represent between-individual components before and after interven-
tion, and 𝑒𝑝𝑟𝑒.𝑖𝑗 and 𝑒𝑝𝑜𝑠𝑡.𝑖𝑗 represent within-individual components before and

after intervention, following a multivariate normal distribution: [ 𝑒𝑝𝑟𝑒.𝑖𝑗
𝑒𝑝𝑜𝑠𝑡.𝑖𝑗

] ∼

𝑁(0, Σ𝑒 = [ 𝜎𝑝𝑟𝑒.𝑖 𝜎𝑝𝑟𝑒.𝑝𝑜𝑠𝑡.𝑖
𝜎𝑝𝑟𝑒.𝑝𝑜𝑠𝑡.𝑖 𝜎𝑝𝑜𝑠𝑡.𝑖

]). The residual variance is allowed to vary

between individuals, enabling evaluation of intra-individual variability (IIV) in
intervention variables. Because variance is positive, we follow previous research
by modeling the log of within-individual residual variance to capture IIV (As-
parouhov et al., 2018; Hoffman & Walters, 2022).

Between-individual models separately construct pretest models and pretest–
posttest difference models that reflect changes from pretest to posttest. The
grouping variable uses dummy coding 𝐺𝑖(0, 1) (0 = control group, 1 = interven-
tion group). Intervention effects are reflected by regression coefficients of the
grouping variable predicting the mean (i.e., 𝛽𝑝𝑟𝑒.0𝑖 and (𝑏)) and intra-individual
variability (i.e., 𝜎2

𝑝𝑟𝑒.𝑖 and Δ log(𝜎2
𝑖 )) in both pretest and pretest–posttest dif-

ference models.

Between-individual model: Pretest mean model: 𝛽𝑝𝑟𝑒.0𝑖 = 𝛾00 + 𝛾01𝐺𝑖 + 𝜇0𝑖 (3)
Pretest variance model: 𝜎2

𝑝𝑟𝑒.𝑖 = exp(𝜔00 + 𝜔01𝐺𝑖 + 𝜇2𝑖) (4) Pretest–posttest
difference mean model: (𝑏) = 𝛽𝑝𝑜𝑠𝑡.0𝑖 − 𝛽𝑝𝑟𝑒.0𝑖 = 𝛾20 + 𝛾21𝐺𝑖 + 𝑢3𝑖 (5) Pretest–
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posttest difference variance model: Δ log(𝜎2
𝑖 ) = log(𝜎2

𝑝𝑜𝑠𝑡.𝑖)− log(𝜎2
𝑝𝑟𝑒.𝑖) = 𝜔10 +

𝜔11𝐺𝑖 + 𝑢5𝑖 (6)

where 𝐺𝑖 indicates whether individual 𝑖 belongs to the intervention or con-
trol group, 𝛾00 and 𝜔00 are fixed parameters in the pretest model representing
the between-individual means of the outcome variable 𝛽𝑝𝑟𝑒.0𝑖 and residual vari-
ance 𝜎2

𝑝𝑟𝑒.𝑖, respectively. 𝛾01 and 𝜔01 represent between-group differences in
means and within-individual residuals in the pretest model, reflecting random
assignment. 𝛾20 and 𝜔10 are fixed parameters in the pretest–posttest difference
model representing between-individual means of changes in means and within-
individual residuals from pretest to posttest. 𝛾21 and 𝜔11 represent effects of the
grouping variable on mean differences and within-individual residual differences
between pretest and posttest—i.e., intervention effects. Random parameters in
the between-individual model represent unexplained between-individual differ-
ences, following a multivariate normal distribution.

Model 2: MELSM With Covariates. Building on Model 1, this version
incorporates moderating variables at the individual level to examine moderat-
ing effects of individual covariates. Assuming an individual-level covariate 𝑊𝑖
in the intervention, we examine whether intervention effects on means and IIV
are moderated by this individual variable. For example, we might investigate
whether social support moderates intervention effects on anxiety, such that indi-
viduals with higher support show better outcomes in both mean levels and IIV.
Model 2’s within-individual model and pretest model are identical to Model 1
(equations 1-4). The between-individual model differs by adding the continuous
individual covariate 𝑊𝑖 to the pretest–posttest difference model, with moder-
ating effects reflected by interaction terms between the covariate and grouping
variable in predicting mean and IIV differences:

(𝑏) = 𝛽𝑝𝑜𝑠𝑡.0𝑖 − 𝛽𝑝𝑟𝑒.0𝑖 = 𝛾20 + 𝛾21𝐺𝑖 + 𝛾22𝑊𝑖 + 𝛾23𝐺𝑖𝑊 𝑖 + 𝑢3𝑖 (7) Δ log(𝜎2
𝑖 ) =

log(𝜎2
𝑝𝑜𝑠𝑡.𝑖) − log(𝜎2

𝑝𝑟𝑒.𝑖) = 𝜔10 + 𝜔11𝐺𝑖 + 𝜔12𝑊𝑖 + 𝜔13𝐺𝑖𝑊 𝑖 + 𝑢5𝑖 (8)

where 𝑊𝑖 represents the value of the moderating variable for individual 𝑖, and pa-
rameters with the same notation as in Study 1 retain their previous meanings.
𝛾22 and 𝜔12 represent main effects of the moderating variable on mean and
within-individual residual differences in the pretest–posttest difference model.
𝛾23 and 𝜔13 represent interaction effects between the grouping variable and
moderating variable on mean and within-individual residual differences—i.e.,
moderating effects, which are the key parameters targeted in power analysis
and effect size accuracy analysis.

This study first applies Model 1 (MELSM without covariates) to fit empirical
data, demonstrating the necessity of using the pretest–posttest MELSM. Second,
through Monte Carlo simulation studies of both Model 1 and Model 2, we inves-
tigate the performance of the pretest–posttest MELSM in detecting intervention
and moderation effects and identify factors influencing this performance. Based
on these findings, we provide recommendations and considerations for applying
the pretest–posttest MELSM to RCTRM designs. All code used in this study
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is available in the Appendix.

Empirical Example
The central aim of this study is to model intra-individual variability in inter-
vention research by accounting for residual variance heterogeneity, thereby en-
abling multidimensional evaluation of intervention effects. To achieve this, we
use the MELSM to develop a theoretical framework for intervention research
(pretest–posttest MELSM). This section presents an empirical example to illus-
trate differences between evaluating interventions through mean levels versus
intra-individual variability, and to demonstrate the importance of incorporating
IIV as a novel outcome indicator.

2.1 Sample

The data used in this study come from a mindfulness intervention study, specif-
ically the portion examining mindfulness effects on social media attractiveness.
Participants were 65 college students aged 18 to 23 years (M = 20.05, SD =
1.46).

The study employed a randomized controlled trial design with repeated mea-
sures at both pretest and posttest, using a 2 (time: pretest, posttest) × 2 (group:
intervention, control) mixed design. Participants were randomly assigned to a
mindfulness painting group (N = 31) or a waitlist control group (N = 34). The
mindfulness painting group received a 4-week mindfulness painting intervention,
while the control group received only a one-hour lecture on mindfulness painting
before the posttest. Both groups completed a repeated measurement task assess-
ing social media attractiveness at pretest (using a two-choice oddball paradigm
with 54 trials), which measured initial social media attractiveness (operational-
ized as reaction time differences compared to standard images). Within three
days after the four mindfulness training sessions, both groups completed the
same social media attractiveness measurement task at posttest. We fitted these
data using both traditional repeated measures ANOVA and our Model 1 to
demonstrate the advantages of the pretest–posttest MELSM.

2.3 Results

We first compared results from repeated measures ANOVA ([Figure 1: see orig-
inal paper]) and pretest–posttest MELSM Model 1 (). ANOVA results showed
no significant main effect of group, F(1, 63) = 1.34, p = 0.252, indicating no
significant difference in overall reaction time between intervention and control
groups. The main effect of time was marginally significant, F(1, 63) = 3.46, p
= 0.067, suggesting a general decreasing trend in reaction time from pretest to
posttest. The group × time interaction was marginally significant, F(1, 63) =
3.90, p = 0.053. Post-hoc comparisons revealed that within the intervention
group, posttest reaction time was significantly lower than pretest, t(63) = 2.71,
p = 0.009, whereas the control group showed no significant pretest–posttest
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difference (p = 0.986). No significant group difference emerged at pretest (p =
0.999), but groups differed significantly at posttest, t(63) = 2.31, p = 0.024.

Traditional ANOVA thus suggested only a marginal intervention effect of mind-
fulness on social media attractiveness, providing no additional information about
mindfulness intervention, such as its impact on within-individual fluctuations
in social media attractiveness.

In contrast, Model 1 results () showed no significant between-group differ-
ences in social media attractiveness or its intra-individual variability at pretest
(𝛾01 = 0.659, 95% CI = [-12.227, 13.258]; 𝜔01 = 0.057, 95% CI = [-0.097, 0.214]).
No significant time effects emerged for either mean levels or IIV (𝛾20 = −0.433,
95% CI = [-9.355, 8.439]; 𝜔10 = 0.040, 95% CI = [-0.089, 0.167]). However, fol-
lowing mindfulness training, the intervention group showed significantly reduced
social media attractiveness compared to the control group (𝛾21 = −13.384, 95%
CI = [-25.927, -1.265]), indicating that mindfulness-trained individuals became
less interested in social media. Additionally, the intervention group exhibited
significantly reduced intra-individual variability in social media attractiveness
(𝜔11 = −0.190, 95% CI = [-0.372, -0.004]), suggesting that social media became
a more stable (less variable) source of attraction after mindfulness training.

Using the pretest–posttest MELSM not only clarifies intervention effects on
mean levels but also reveals changes in intra-individual variability (stability) of
intervention variables. Furthermore, Model 2 can incorporate individual covari-
ates to examine moderating effects, yielding richer and more detailed statistical
results. Therefore, adopting MELSM is necessary for more accurate and nu-
anced data analysis, as traditional methods cannot provide these insights.

Based on Model 1 results, we created [Figure 2: see original paper], which
displays random intercept variations for each participant before and after in-
tervention. The x-axis represents participant IDs (sorted by pretest reaction
time difference from low to high). Black dots indicate pretest point estimates,
blue dots indicate posttest point estimates, and vertical lines represent credible
intervals. Gray indicates cases where the credible interval includes the overall
mean (no significant deviation from the population), while green and pink in-
dicate cases where pretest and posttest credible intervals, respectively, exclude
the overall mean (significant deviation). A higher proportion of colored vertical
lines indicates greater individual differences from the population, warranting
mixed-effects modeling.

The upper panels show mean model results (average reaction time differences),
while lower panels show variance model results (individual IIV). In Panel A
(control group), black (pretest) and blue (posttest) dashed lines nearly overlap,
indicating no clear pretest–posttest difference in mean reaction time. Panel B
(intervention group) shows posttest mean (blue dashed line) significantly lower
than pretest (black dashed line), demonstrating a mean-level intervention effect.
The positions of blue versus black dots reveal individual differences in interven-
tion effects. Similarly, Panel C shows minimal pretest–posttest IIV differences
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in the control group, indicating no time effect on IIV. Panel D (intervention
group) shows posttest average IIV (blue dashed line) significantly lower than
pretest (black dashed line), indicating reduced intra-individual variability after
intervention. Comparing individual pretest–posttest IIV (blue vs. black dots)
reveals that despite average IIV reduction, intervention effects on IIV still vary
across individuals.

Moreover, comparing Panels B and D reveals that although individuals are
sorted by mean reaction time difference, their intra-individual variability does
not follow the same rank order. Larger means do not necessarily correspond to
larger or smaller IIV. Only by including IIV as a dependent variable can reliable
results be obtained. Therefore, using MELSM is essential for accounting for
individual differences in both mean and variance models.

Study 1
Study 1 used Model 1 in an MCMC simulation study to examine the model’
s performance in intervention research, focusing on statistical power and pa-
rameter estimation accuracy for 𝛾21 and 𝜔11 in the pretest–posttest difference
model.

3.1 Data Generation Process

We generated data using Model 1. In the pretest mean model, the fixed intercept
was set to 𝛾00 = 0 (Walters et al., 2018). Assuming random assignment before
intervention, the fixed slope for the grouping variable in the pretest mean model
was 𝛾01 = 0. In the pretest variance model, the fixed intercept was 𝜔00 = 0,
and the residual variance for the mean structure was set to 1 (Walters et al.,
2018). The fixed slope for the grouping variable in the pretest variance model
was 𝜔01 = 0. In the pretest–posttest difference model, fixed intercepts were
𝛾20 = 0 and 𝜔10 = 0. Based on comparisons of random effect estimates from the
empirical example and pilot studies, random effect parameters 𝜏33 and 𝜏55 were
fixed at 0.1. For simplicity, we constrained the two residuals to be independent
(Walters et al., 2018) and fixed all correlations among random effects at 0 (Leckie
et al., 2014).

3.2 Simulation Conditions

Study 1 employed a balanced design with equal numbers of participants in
experimental and control groups. Simulation conditions included: (1) Level 1
sample size (𝐽 = 20, 60, 100); (2) Level 2 sample size (𝐼 = 20, 60, 100); (3) ICC
effect size levels (0.1, 0.2, 0.3); (4) Pretest variance model random effect 𝜏22
effect size levels (0.1, 0.3, 0.5); (5) Level 2 grouping variable 𝐺𝑖 effect sizes (0,
0.2, 0.5, 0.8).

For conditions (1) and (2), we referenced previous simulation studies examining
minimum sample sizes of 3 at Level 1 and 5 at Level 2 (Hecht & Zitzmann,
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2021) and maximum sample sizes of 200 (Walters et al., 2018). Based on pilot
study results, we selected 𝐽 = 20, 60, 100 and 𝐼 = 20, 60, 100. ICC refers to the
intraclass correlation coefficient (Williams, Martin, et al., 2021), calculated as
𝐼𝐶𝐶𝑖 = 𝜏2

00
𝜏2

00+𝜎2
𝑖
, where 𝜏2

00 represents the variance of the random intercept 𝜇0𝑖
in the pretest mean model and 𝜎2

𝑖 represents residual variance. Since 𝜎2
𝑖 varies

in MELSM, 𝐼𝐶𝐶𝑖 is also variable. For simplicity, we fixed 𝜎2
𝑖 at its mean of 1

to calculate 𝜏2
00 (LeBreton & Senter, 2008). We set ICC effect size levels at 0.1,

0.2, and 0.3 (LeBreton & Senter, 2008), yielding random intercept effect sizes
𝜏2

00 of 0.111, 0.250, and 0.429.

For condition (4), we set pretest variance model random effect 𝜏22 effect size
levels at 0.1, 0.3, and 0.5, following previous research defining small, medium,
and large random effects (Arend & Schäfer, 2019). For condition (5), we set
Level 2 grouping variable 𝐺𝑖 effect sizes at 0, 0.2, 0.5, and 0.8, referencing stan-
dard effect size levels for intervention effects (Zhou et al., 2021). An effect size
of 0 indicates no intervention effect, used to assess Type I error rates. Because
different variances with identical slopes can inflate power, we followed Arend et
al. (2019) and used the formula 𝛾𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒 = 𝛾𝑠𝑡𝑑

√𝑣𝑎𝑟, where 𝑣𝑎𝑟 is the sum of
all between-individual random effects, yielding 𝛾21 = 𝛾𝑠𝑡𝑑_21√𝜏2

33 + 𝜏2
00. Stan-

dardization for 𝜔11 followed the same procedure. Final effect size indicators for
parameters 𝛾21 and 𝜔11 across conditions are presented in .

These simulation factors were fully crossed, creating 3 × 3 × 4 × 3 × 3 = 324
experimental condition combinations. For each combination, we generated 500
replications based on Model 1.

3.3 Analysis

Data generation and analysis were conducted using Mplus 8.10. Each dataset
was fitted with the same model used to generate it (Model 1). We employed
MCMC estimation based on Gibbs sampling (Chib, 1995) within a Bayesian
framework to estimate posterior distributions, using posterior means as point
estimates. Bayesian estimation used Mplus default non-informative priors:
fixed regression coefficients 𝛾 ∼ 𝑁(0, +∞) and random effect variances
𝜎2 ∼ Γ−1(−1, 0). MCMC settings were: initial values = 0, number of chains
= 2, iterations per chain = 10,000, warm-up = 5,000 iterations, thinning rate
= 1. Convergence was assessed using the 𝑅̂ < 1.1 criterion for all parameters
(Williams, Liu, et al., 2021).

3.4 Evaluation Metrics

We comprehensively evaluated pretest–posttest MELSM performance using
model convergence rates, statistical power, Type I error rates, and effect size
estimation accuracy.

chinarxiv.org/items/chinaxiv-202511.00088 Machine Translation

https://chinarxiv.org/items/chinaxiv-202511.00088


3.4.1 Convergence Rate Model convergence was examined across condi-
tions, with acceptable convergence rates exceeding 90% (Li et al., 2024). Non-
convergent replications were excluded from subsequent analyses:

𝑐𝑜𝑛𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒 = 𝑁𝑐𝑜𝑛𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒
𝑁

where 𝑁𝑐𝑜𝑛𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒 represents the number of successful convergences and 𝑁
represents total simulation replications.

3.4.2 Statistical Power and Type I Error Rate Based on valid Monte
Carlo results, we examined statistical power. Our focal parameters were 𝛾21
and 𝜔11. An effect was considered correctly detected when the 95% credible
interval excluded zero, indicating 95% probability that the parameter differed
from zero. The desired power level was 0.8 (Cohen, 1988):

𝑃𝑜𝑤𝑒𝑟 = 𝑁95%𝐶𝑟𝐼 𝑒𝑥𝑐𝑙𝑢𝑑𝑒 𝑧𝑒𝑟𝑜
𝑁𝑐𝑜𝑛𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒

When effect size was set to 0, this formula assessed Type I error rate—i.e.,
whether the model falsely detected intervention effects when none existed. Ex-
pected Type I error rates should range between 0.025 and 0.075.

3.4.3 Effect Size Estimation Accuracy and Standard Errors For our
primary parameters 𝛾21 and 𝜔11, we evaluated effect size estimation accuracy
and standard error precision using:

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝐵𝑖𝑎𝑠 = 𝐸( ̂𝜃)−𝜃
𝜃 (12) 𝑅𝑀𝑆𝐸 = √ ∑( ̂𝜃−𝜃)2

𝑁𝑐𝑜𝑛𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒
(13) 95%𝐶𝑟𝐼 𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 =

𝑁𝑐𝑜𝑣𝑒𝑟
𝑁𝑐𝑜𝑛𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒

(14) 95%𝐶𝑟𝐼 𝑊𝑖𝑑𝑡ℎ = 𝜃𝑢−𝜃𝑙
𝑁𝑐𝑜𝑛𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒

(15) 𝑆𝐸 −𝑆𝐷 𝑏𝑖𝑎𝑠 = ̂𝑆𝐸 −𝑆𝐷 ̂𝜃
(16)

where 𝐸( ̂𝜃) is the expected value of parameter estimates (posterior means), 𝜃 is
the true parameter value, 𝑁𝑐𝑜𝑣𝑒𝑟 is the number of replications where the 95%
credible interval contained the true value, 𝜃𝑢 and 𝜃𝑙 are upper and lower credible
interval bounds, ̂𝑆𝐸 is the estimated standard error, and 𝑆𝐷 ̂𝜃 is the standard
deviation of repeated parameter estimates.

Relative bias should be less than 0.1 in absolute value (Schultzberg & Muthén,
2018). RMSE should approach 0 (Schultzberg & Muthén, 2018). Coverage prob-
ability (95%CrI Coverage, CP) should range between 0.925 and 0.975 (Bradley,
1978). Credible interval width (95%CrI Width) reflects estimation precision; we
used the difference between maximum and minimum effect sizes as the maxi-
mum acceptable width to encompass small, medium, and large effects (Maxwell
et al., 2008). Width should be narrower than this maximum and 越小越好; and
list maximum width standards across conditions. 𝑆𝐸−𝑆𝐷 𝑏𝑖𝑎𝑠 reflects standard
error accuracy and should approximate 0 (Zhou et al., 2021).
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3.5 Results

3.5.1 Convergence Rate The model converged across all simulation condi-
tions, indicating good convergence properties suitable for further performance
evaluation.

3.5.2 Type I Error Rate Type I error rates were below 0.075 across all
conditions, indicating the model adequately controlled false positives ().

3.5.3 Statistical Power Power for the mean model parameter 𝛾21 is shown in
[Figure 3: see original paper]. Overall, power for 𝛾21 increased with sample size,
ICC, and intervention effect size. Random effect 𝜏22 did not influence power for
𝛾21, consistent with expectations based on the ICC formula. Regarding sample
size, Level 1 and Level 2 sample sizes were compensatory, but when Level 2
sample size was too small (e.g., 𝐼 = 20), power never reached 0.8 regardless
of Level 1 sample size. With small intervention effects (0.2), power standards
could not be met unless ICC was large (0.3) and sample size was substantial
(𝐼 = 100 and 𝐽 = 60). With medium (0.5) to large (0.8) effects and medium
(0.2) to large (0.3) ICC, power generally met standards except when sample size
was minimal (𝐼 = 20 and 𝐽 = 20).

Power for the variance model parameter 𝜔11 is shown in [Figure 4: see orig-
inal paper]. Overall, under equivalent conditions, power for 𝜔11 was lower
than for 𝛾21, indicating that detecting variance model intervention effects gen-
erally requires larger samples. For example, with small effect sizes (0.2), power
never reached 0.8; supplementary analyses showed that sample sizes of 200 were
needed to achieve adequate power for 𝜔11. Similar to the mean model, power
for 𝜔11 increased with sample size, intervention effect size, and random effect
𝜏22. ICC did not affect power for 𝜔11. Specifically, when Level 2 sample size
was too small (𝐼 = 20), power never reached 0.8 regardless of Level 1 sample
size. With small effects (0.2), no conditions met the 0.8 power criterion. With
medium (0.5) to large (0.8) effects, adequate power required medium (0.3) to
large (0.5) random effects 𝜏22 and sufficient sample size (𝐼 = 60 and 𝐽 = 60).

3.5.4 Parameter Estimation Accuracy presents relative bias results for
both parameters under small intervention effect size (0.2). Overall, relative bias
decreased as effect size increased; with medium (0.5) to large (0.8) effects, bias
was acceptable, but small effects (0.2) produced overestimation. The variance
model was more stringent than the mean model. Specifically, with small effects
(0.2), 𝛾21 met bias criteria except when ICC was small (0.1) and sample size
was minimal (𝐼 = 20 and 𝐽 = 20). For 𝜔11, overestimation occurred when
𝜏22 was small (0.1) or medium (0.3) and Level 1 and Level 2 sample sizes were
unbalanced (e.g., 𝐽 = 20 and 𝐼 = 100 or 𝐽 = 100 and 𝐼 = 20).

presents credible interval width results under medium intervention effect size
(0.5). Maximum width standards varied by ICC and 𝜏22 levels (see ). Overall,
effect size did not affect credible interval width; width narrowed as sample size
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increased. The variance model was more demanding than the mean model. For
𝛾21, when ICC was small to medium (≤ 0.2), adequate sample size (𝐼 = 60 and
𝐽 = 60) was required to meet width standards; when ICC was large (0.3), all
conditions except minimal sample size (𝐼 = 20 and 𝐽 = 20) met standards. For
𝜔11, when 𝜏22 was small to medium (≤ 0.3), width standards were generally not
met; only when 𝜏22 was large (0.5) and sample size was substantial (𝐼 = 100
and 𝐽 = 100) did results satisfy criteria.

RMSE, coverage, and standard error bias results appear in Supplementary Ta-
bles. Overall, RMSE and coverage for 𝛾21 and 𝜔11 aligned with relative bias
patterns. Coverage probabilities fell between 0.925 and 0.975. Standard error
bias (𝑆𝐸 − 𝑆𝐷 𝑏𝑖𝑎𝑠) fluctuated near zero, indicating accurate standard error
estimation. From a sample size planning perspective, to correctly identify and
accurately estimate both intervention effects, researchers should use the maxi-
mum sample size required across both parameters. Under medium effect size
(0.5), medium ICC (0.2), and medium random effect 𝜏22 (0.3), a balanced design
requires at least 100 participants and 100 trials.

Study 2
Building on Study 1, Study 2 incorporated an individual-level continuous co-
variate to examine its moderating effect on intervention effects. Using Monte
Carlo simulation with Model 2, we investigated model performance in detecting
moderation, focusing on power and parameter estimation accuracy for 𝛾23 and
𝜔13 in the pretest–posttest difference model.

4.1 Data Generation Process

We generated data using Model 2. Parameters shared with Model 1 retained
their settings from Study 1. Because Study 2 focused on moderation rather
than main intervention effects, we fixed intervention effects at medium levels:
𝛾21_𝑠𝑡𝑑 = 0.5, 𝜔11_𝑠𝑡𝑑 = 0.5, with corresponding effect sizes calculated using
the standardization formula (see ). Similarly, we fixed covariate 𝑊𝑖 main effects
at medium levels (Arend & Schäfer, 2019): 𝛾22_𝑠𝑡𝑑 = 0.3, 𝜔12_𝑠𝑡𝑑 = 0.3. The
continuous covariate 𝑊𝑖 was generated from a standard normal distribution
𝑁(0, 1).

4.2 Simulation Conditions

Study 2 also used a balanced design with conditions: (1) Level 1 sample size
(𝐽 = 60, 100, 200); (2) Level 2 sample size (𝐼 = 60, 100, 200); (3) ICC effect
size levels (0.1, 0.2, 0.3); (4) Random effect levels (0.1, 0.3, 0.5); (5) Level 2
interaction effect sizes (0, 0.1, 0.3, 0.6).

For conditions (1) and (2), pilot studies indicated that moderation effects re-
quired larger sample sizes than main effects, so we expanded the range to
𝐽 = 60, 100, 200 and 𝐼 = 60, 100, 200. For condition (3), we examined how
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ICC levels influenced covariate effects, setting small, medium, and large ICC
levels at 0.1, 0.2, and 0.3 (LeBreton & Senter, 2008), yielding random intercept
effect sizes 𝜏2

00 of 0.111, 0.250, and 0.429. For condition (4), we retained the
same 𝜏22 levels (0.1, 0.3, 0.5) as Study 1 to examine their influence on covariate
effects. For condition (5), interaction effect sizes were set at 0, 0.1, 0.3, and 0.6
(Finch & French, 2011; Hoffman & Walters, 2022), representing small, medium,
and large moderation effects. Corresponding effect sizes for 𝛾23 and 𝜔13 were
calculated using the effect size formula with different ICC and random effect
levels (see ).

These factors were fully crossed, creating 3 × 3 × 3 × 3 × 4 = 324 condition
combinations. For each condition, we generated 500 replications based on Model
2.

4.3 Analysis

Because Mplus cannot generate data from models with covariates, Study 2 used
R 4.2.3 for data generation and the MplusAutomation package to call Mplus for
analysis and evaluation. Other settings matched Study 1. Evaluation metrics
also remained consistent with Study 1.

4.4 Results

4.4.1 Convergence Rate All conditions achieved convergence, with 96.6%
showing 100% convergence rates, suitable for further evaluation (see Supplemen-
tary Tables).

4.4.2 Type I Error Rate Type I error rates were acceptable (neither overly
conservative nor inflated) across all conditions (see Appendix), indicating ade-
quate control of false positives for moderation effects.

4.4.3 Statistical Power Power for the mean model moderation effect 𝛾23
appears in [Figure 5: see original paper]. Overall, moderation effects required
larger sample sizes than main effects to achieve equivalent power. Power for
𝛾23 increased with sample size, moderation effect size, and ICC. Random effect
𝜏22 did not influence power for 𝛾23. Level 1 and Level 2 sample sizes were
compensatory, but power was sensitive to Level 2 sample size, requiring sufficient
Level 2 participants. With small moderation effects (0.1) and small to medium
ICC (0.1–0.2), power standards could not be met regardless of sample size; only
with large ICC (0.3) and substantial sample size (𝐼 = 200 and 𝐽 = 200) did
power reach 0.8. With medium moderation effects (0.3), small to medium ICC
(0.1–0.2) required large sample size (𝐼 = 100 and 𝐽 = 100), whereas large ICC
(0.3) met standards across all sample sizes. With large moderation effects (0.6),
all conditions achieved adequate power.

Power for the variance model moderation effect 𝜔13 appears in [Figure 6: see
original paper]. Overall, variance model power was lower than mean model
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power under equivalent conditions, and lower for moderation than for main
effects. Power for 𝜔13 increased with sample size, moderation effect size, and
random effect 𝜏22. ICC did not influence power for 𝜔13. Specifically, small
moderation effects (0.1) never met power standards. With medium effects (0.3),
small to medium 𝜏22 (≤ 0.3) generally failed to meet standards; only large
𝜏22 (0.5) with sufficient sample size (𝐼 = 100 and 𝐽 = 100) achieved adequate
power. With large effects (0.6), small 𝜏22 (0.1) required sample size of 200, while
medium to large 𝜏22 (0.3–0.5) met standards except with minimal sample size
(𝐼 = 60 and 𝐽 = 60).

4.4.4 Parameter Estimation Accuracy presents credible interval width
results under medium moderation effect size (0.5). Overall, moderation effect
size did not affect width; width narrowed as sample size increased. The vari-
ance model was more stringent than the mean model. Specifically, with small
ICC (0.1) and small Level 2 sample size (𝐼 = 60), width exceeded maximum
standards. With medium (0.2) to large (0.3) ICC, all conditions met standards.
With small random effect 𝜏22 (0.1), no conditions met standards; with medium
𝜏22 (0.3), sample size of 100 was required; with large 𝜏22 (0.5), all conditions
except minimal sample size (𝐼 = 60 and 𝐽 = 60) satisfied criteria.

Relative bias, RMSE, coverage, and standard error bias results appear in Sup-
plementary Tables. For moderation effects, 𝛾23 relative bias met standards,
indicating no systematic bias. For 𝜔13, relative bias was inflated due to ex-
tremely small true values (see ), so we report raw bias, which was minimal.
RMSE and coverage for 𝛾23 and 𝜔13 aligned with bias patterns. Coverage prob-
abilities met standards. Standard error bias (𝑆𝐸 − 𝑆𝐷 𝑏𝑖𝑎𝑠) fluctuated near
zero. From a sample size planning perspective, to correctly identify and accu-
rately estimate both moderation effects, researchers should use the maximum
required sample size. Under medium moderation effect size (0.3), medium ICC
(0.2), and medium random effect 𝜏22 (0.3), a balanced design requires at least
200 participants and 100 trials.

Discussion and Conclusion
This study extends the mixed-effects location-scale model to RCTRM designs
in intervention research. By incorporating intra-individual variability and en-
abling analysis of intervention effects under residual variance heterogeneity, we
expand evaluation indicators in intervention research and demonstrate that IIV
is an important outcome rather than mere“noise.”This addresses previous limi-
tations of unidimensional evaluation standards and biased results from ignoring
within-group variance heterogeneity. The model can also include individual co-
variates to examine differential intervention effects across populations. Using
power, effect size estimation, and accuracy metrics, two simulation studies ex-
amined factors influencing MELSM performance with and without covariates,
confirming strong performance in RCTRM designs. Both intervention and mod-
eration effects improved with larger effect sizes, sample sizes, ICC, and random
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effect 𝜏22 levels.

Findings indicate that sample size requirements for achieving adequate power in
pretest–posttest MELSM exceed those for parameter estimation accuracy. Be-
cause model performance depends on both power and accuracy, we recommend
considering both in study design, focusing on power, relative bias, and 95% cred-
ible interval width as key metrics. Under medium effect sizes with medium ICC
and medium 𝜏22, the basic pretest–posttest MELSM requires at least 60 partici-
pants and 60 trials to detect mean intervention effects and 100 participants and
100 trials for IIV effects. For moderation effects, detecting mean moderation
requires at least 60 participants and 100 trials, while IIV moderation requires
200 participants and 100 trials.

Regarding intervention effects, the variance model demands larger samples than
the mean model. Results demonstrate that IIV can serve as a valuable inter-
vention outcome, broadening evaluation indicators. Many studies have begun
analyzing IIV changes, such as DSEM applications to autoregressive effects and
IIV (e.g., McNeish & Hamaker, 2020). This study extends such analyses to
broader repeated measures designs—specifically RCTRM. When examining IIV
with small effect sizes (0.2), researchers must collect sufficient data; supplemen-
tary analyses showed that sample sizes of 200 were needed to detect variance
model IIV effects. Therefore, studying IIV-related intervention effects requires
increased trials or participants at the design stage. Although mean models
require smaller samples, multidimensional evaluation of intervention effects jus-
tifies the additional sample size needed for variance models.

Regarding moderation effects, larger samples are required compared to main
intervention effects. For example, under medium effect size (0.3), IIV interven-
tion effects required sample sizes of 100, whereas IIV moderation effects required
200. The empirical example also showed that while 60 participants and 54 trials
could detect intervention effects, they were insufficient for detecting moderation
effects. This may be because anxiety (the moderator in the example) does not
actually moderate mindfulness effects on social media attractiveness, or because
the moderation effect was too small for the sample size to detect (Simulation
Study 2 showed that small moderation effects remain undetectable even with
𝑁 = 200). Indeed, moderation effects are typically smaller than main effects
(Von Hippel & Schuetze, 2025). According to Von Hippel et al. (2025), inter-
actions require caution and should only be examined when statistical power
is sufficient. Therefore, increasing sample size yields more stable and reliable
moderation effect estimates.

We offer the following recommendations for practitioners. First, if researchers
seek to comprehensively evaluate intervention effects on both mean levels and
intra-individual variability while accounting for nested data structures and vari-
ance heterogeneity, we recommend using our pretest–posttest MELSM. Second,
for proper identification and accurate estimation of intervention effects, we ad-
vise conducting simulation-based sample size planning before research. This
involves power and accuracy analyses with parameter values including fixed
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and random effects for both outcome dimensions (means and IIV). We suggest
referencing previous MELSM simulation studies for parameter settings (e.g.,
Walters et al., 2018) and using conventional effect size benchmarks (e.g., Co-
hen’s d) or meta-analytic results from relevant intervention research for fixed
effects. When prior research is unavailable, pilot studies can inform parameter
settings, though biased pilot estimates may yield unreasonable sample sizes (Al-
bers & Lakens, 2018). Alternative approaches include sampling true values from
pilot effect size distributions to account for uncertainty and obtain more reason-
able sample size ranges. Researchers may also directly reference our sample size
recommendations. Regardless, simulation studies should explicitly justify all
parameter settings to standardize sample size planning procedures.

Limitations and Future Directions
Several limitations remain. First, both simulation studies used balanced designs
with equal group sizes, whereas real-world research often involves unbalanced
designs. Future research should extend to unbalanced designs to examine inter-
vention effects in special contexts where adequate control group matches cannot
be obtained, necessitating performance comparisons and sample size planning
for unbalanced scenarios. Second, this study only considered individual-level
covariates (Level 2) without within-individual covariates (Level 1 slope mod-
els). Future research could incorporate within-individual covariates to explore
additional psychological questions, such as examining trial-level effects in exper-
imental designs where trials are nested within individuals.
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