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Abstract
As research questions deepen and data collection methods advance, Mixed-
Effects Location-Scale Models (MELSM), capable of appropriately analyzing
and thoroughly extracting information from nested-structured data, have at-
tracted widespread attention. This study aims to investigate MELSM model
construction methods within a Bayesian framework through simulation stud-
ies and applied research, and to explore sample size planning paradigms for
MELSM that integrate statistical power and effect size accuracy analysis under
both certain and uncertain conditions. Ultimately, by integrating these function-
alities, we will develop user-friendly software packages, establish an application
workflow for MELSM, promote the adoption of new methods and technologies
in psychological research, enhance the ecological validity and replicability of
research, and thereby improve the overall quality of research.

Full Text
Model Construction and Sample Size Planning for Mixed-
Effects Location-Scale Models
LIU Yue1, FANG Fan1, LIU Hongyun2,3, LEI Yi1

1Institute of Brain and Psychological Sciences, Sichuan Normal University,
Chengdu 610066, China
2Beijing Key Laboratory of Applied Experimental Psychology, Beijing Normal
University, Beijing 100875, China
3Faculty of Psychology, Beijing Normal University, Beijing 100875, China

Abstract
With increasing sophistication in research questions and advances in data col-
lection methods, Mixed-Effects Location-Scale Models (MELSM) have garnered
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widespread attention for their ability to appropriately analyze and deeply ex-
tract information from nested data structures. This study investigates MELSM
model construction methods within a Bayesian framework through simulation
and applied research, and explores sample size planning paradigms for MELSM
that integrate statistical power and effect size accuracy analyses under both
certain and uncertain conditions. Ultimately, we will develop a user-friendly
software package that integrates these functionalities, establishing a compre-
hensive application workflow for MELSM. This will facilitate the adoption of
new methods and techniques in psychological research, enhance ecological valid-
ity and replicability, and improve overall research quality.

Keywords: nested data, mixed-effects location-scale models, model construc-
tion, sample size planning

1. Research Background
In psychological and educational research, data often exhibit hierarchical nested
structures. For example, in repeated measures designs, trials are nested within
subjects; in longitudinal studies, measurement time points are nested within
individuals; and in educational research, students are nested within classrooms.
Such multi-level structured data are referred to as nested data. Nested data
pose challenges for traditional data analysis methods. First, due to the non-
independence of observations within the same group, nested data violate the
assumptions of traditional statistical methods such as t-tests, ANOVA, and re-
gression analysis, resulting in biased findings. Second, to satisfy experimental
control and causal inference requirements, researchers need to include control or
predictor variables at different levels (e.g., trial level, subject level), which tradi-
tional methods struggle to accommodate. Consequently, an increasing number
of researchers recommend using Linear Mixed-Effects Models (LMM) for an-
alyzing nested data (Hox et al., 2017). However, the homogeneity of residual
variance assumption (hereinafter referred to as“residual homogeneity”) in these
models is frequently violated in practice. For instance, Williams et al. (2021)
found significant individual differences in response time variability during con-
flict tasks examining cognitive control (e.g., Stroop task, Flanker task). Ignoring
residual heterogeneity not only introduces parameter estimation bias but also
hinders researchers from extracting valuable information about the stability of
psychological traits (Williams et al., 2021). In summary, analytical methods for
nested data should not only examine trait development trends and their influ-
encing factors (between individuals) but also investigate trait stability during
development and its influencing factors (within individuals), thereby providing
rich evidence for revealing the nature of psychological phenomena. This is not
only unattainable with traditional statistical methods but also presents new
challenges for linear mixed-effects models.

To avoid biased estimation caused by residual heterogeneity and to flexibly ex-
plore mutual influences among behavioral traits and between/within-individual
differences and their determinants, researchers have extended linear mixed-
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effects models to propose a series of generalized models collectively known as
Mixed-Effects Location-Scale Models (MELSM). MELSM does not require the
residual homogeneity assumption and can explain interactions among traits at
different levels, examine factors influencing trait variability and stability, and
thus fully account for the impact of nested structures to yield richer research
findings (Williams et al., 2021; Williams et al., 2019). Nevertheless, researchers
face difficulties when applying MELSM. On one hand, since MELSM allows
researchers to consider more random effects, omitting necessary random effects
can increase Type I error rates (Barr et al., 2013), while including unnecessary
random effects makes the model overly complex, causing parameter estimation
difficulties and reducing statistical power (Judd et al., 2017; Lee, 2018). There-
fore, how should researchers determine which random effects to include to con-
struct an appropriate model? On the other hand, existing sample size planning
procedures (e.g., G*Power, Faul et al., 2009; Faul et al., 2007) cannot be applied
to MELSM. How then should researchers determine appropriate sample sizes for
MELSM to ensure the replicability of findings and generalizability of conclusions
(Nosek et al., 2022)? In summary, addressing the issues of model construction
and sample size planning for MELSM is the primary task for promoting its
application in psychological research.

2.1. Origin and Application of Mixed-Effects Location-
Scale Models
To address the problem of residual variance heterogeneity in traditional linear
mixed-effects models, researchers proposed the more generalized MELSM. This
model consists of two components: the Location Model (describing the mean,
referred to as the mean model based on its meaning) and the Scale Model
(describing the scale, referred to as the variance model based on its meaning).

The location model corresponds to the mean component of linear mixed-effects
models. Using the example of measurements (Level 1) nested within individuals
(Level 2), its general form can be expressed as (Williams et al., 2021):

𝑌 𝑖 = 𝑋𝑖𝛽 + 𝑍𝑖𝑏𝑖 + 𝑒𝑖

where 𝑌 𝑖 is an 𝑛𝑖 × 1 column vector representing the outcome variable for indi-
vidual 𝑖 at Level 2, with 𝑛𝑖 denoting the number of Level 1 measurements for
individual 𝑖; 𝑋𝑖 is an 𝑛𝑖 × 𝑝 matrix whose first column is 1 (representing the
intercept for individual 𝑖) and columns 2 through 𝑝 contain 𝑝 − 1 predictor vari-
ables; 𝛽 is a 𝑝 × 1 column vector representing the fixed effects of the intercept
and 𝑝−1 predictors; 𝑍𝑖 is an 𝑛𝑖 ×𝑞 matrix whose first column is 1 (representing
the intercept for individual 𝑖) and columns 2 through 𝑞 contain 𝑞 − 1 Level 1
predictors with random effects; 𝑏𝑖 is a 𝑞 × 1 column vector representing the
random effects of the intercept and 𝑞 − 1 predictors; and 𝑒𝑖 is an 𝑛𝑖 × 1 column
vector of residuals, 𝑒𝑖 ∼ 𝑁𝑛𝑖

(0, 𝑅𝑖), where 𝑅𝑖 is an 𝑛𝑖 × 𝑛𝑖 covariance matrix.
𝑅𝑖 = 𝜎2

𝑒𝐼𝑛𝑖
, where 𝐼𝑛𝑖

is an 𝑛𝑖 ×𝑛𝑖 identity matrix. Linear mixed-effects models
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typically assume that 𝑅𝑖 satisfies the homogeneity assumption, meaning residu-
als are conditionally independent given the random effects. However, numerous
studies have found this assumption is often violated in practice (Hedeker et
al., 2008). Therefore, MELSM relaxes the residual homogeneity constraint by
allowing heterogeneity of Level 1 residual variance in the scale model.

The scale model is defined as follows:

𝜎2
𝑒𝑖 = exp(𝑊 𝑖𝜏 + 𝐴𝑖𝑡𝑖)

where 𝜎2
𝑒𝑖 is an 𝑛𝑖 × 1 column vector representing the residual variance for in-

dividual 𝑖; 𝑊 𝑖 is an 𝑛𝑖 × 𝑠 matrix whose first column is 1 (representing the
intercept for individual 𝑖) and columns 2 through 𝑠 contain 𝑠 − 1 predictor vari-
ables; 𝜏 is an 𝑠 × 1 column vector representing the fixed effects of the intercept
and 𝑠−1 predictors; 𝐴𝑖 is an 𝑛𝑖 ×𝑎 matrix whose first column is 1 (representing
the intercept for individual 𝑖) and columns 2 through 𝑎 contain 𝑎 − 1 Level 1
predictors with random effects; and 𝑡𝑖 is an 𝑎 × 1 column vector representing
the random effects of the intercept and 𝑎 − 1 predictors. The scale model ef-
fectively avoids bias in parameter estimation caused by residual heterogeneity
and explains the sources of heterogeneity. For example, when applied to exper-
imental research with trials nested within subjects, this model can explore why
some individuals exhibit greater (or lesser) within-person response variability.
Furthermore, one can add predictors to the variance of Level 2 random effects in
the location model to explore factors influencing between-individual differences
(Blozis et al., 2020). When applied to developmental and educational research
with students nested within schools, this model can simultaneously explore fac-
tors affecting achievement variability both within and between schools, helping
to improve instruction and promote educational equity (Williams et al., 2022).

Within the overall MELSM framework, researchers can also compute correla-
tions between random effects in the location and scale models to further enrich
research findings. For instance, in experimental studies with trials nested within
subjects, the correlation between the random slope in the location model and the
random intercept in the scale model describes whether subjects with stronger
experimental effects tend to have more consistent (or inconsistent) responses.
Additionally, one can include predictors to explain the covariances among ran-
dom effects.

MELSM exhibits strong extensibility. Many researchers have developed rich
extensions of MELSM tailored to different research questions. For example,
nonlinear components can be added to both the location and scale models to re-
flect individual differences in learning trajectories and explore their influencing
factors (Williams et al., 2019). Moreover, extensions have been developed for
ordinal outcome variables (Hedeker et al., 2016), time-to-event censored data
(Courvoisier et al., 2019), semi-continuous variables (e.g., data with many zeros,
Blozis et al., 2020), as well as for dynamic data (Rast & Ferrer, 2018), cross-
classified data (Brunton-Smith et al., 2017), and three-level nested designs (Lin
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et al., 2018). Overall, the advantage of MELSM lies in its ability to simultane-
ously examine factors influencing both the development of dependent variables
and the consistency of their variability, making it increasingly popular in psy-
chological experimental research, longitudinal studies, and other fields.

2.2. Current Status of Mixed-Effects Location-Scale Model
Construction
Both the location and scale models in MELSM may contain random effects,
and selecting appropriate random effects for model construction represents the
primary challenge in applying these models.

Misspecifying the model can lead to erroneous conclusions. On one hand, omit-
ting necessary random effects produces biased results. Barr et al. (2013) rec-
ommended using models with as many random effects as possible when no the-
oretical hypotheses exist. González et al. (2014) supported this view, finding
that omitting necessary random effects violates assumptions of residual inde-
pendence, normality, and homogeneity, ultimately leading to incorrect standard
error estimates. On the other hand, incorrectly specifying random effects also
has serious consequences. Lee (2018) argued that the random structure of linear
mixed-effects models should be correctly specified. Treating fixed effects as ran-
dom effects increases parameter estimation error, can produce negative variance
estimates (Baird & Maxwell, 2016), and reduces model power (Matuschek et
al., 2017). Including too many random effects can cause model non-convergence
(Judd et al., 2012). Therefore, both omitting existing random effects and includ-
ing unnecessary ones can adversely affect parameter estimation, and appropriate
random effects should be determined through model selection to construct the
correct model (Brauer & Curtin, 2018; Martínez-Huertas et al., 2021).

Model construction should first consider theoretical hypotheses about random
effects based on research design. When sufficient theoretical justification is lack-
ing, data-driven approaches should be considered for model selection. Currently,
nearly all existing MELSM studies directly specify models, and even when model
selection is performed, they only examine whether heteroscedasticity exists in
the scale model (Williams et al., 2021) or whether nonlinear components and
their corresponding random effects are warranted (Williams et al., 2019). No
studies have investigated model selection methods within a typical, complete
MELSM framework.

Furthermore, exploring model selection and construction methods requires ap-
propriate parameter estimation methods for MELSM. Within the maximum
likelihood estimation framework, likelihood ratio tests (LRT) and information
criteria (e.g., AIC, BIC) can be used for model comparison and selection in linear
mixed-effects models (Lee, 2018). However, the high complexity of MELSM of-
ten leads to convergence difficulties with maximum likelihood estimation. Most
existing MELSM studies have employed Bayesian methods for parameter esti-
mation (e.g., Rast & Ferrer, 2018; Williams et al., 2020). Bayesian estimation
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can flexibly handle complex models, but many conventional model selection
methods are no longer applicable in this framework and require extension of
traditional fit indices.

Bayesian fit indices can be divided into two categories. The first includes in-
dices defined directly within the Bayesian framework. For example, the DIC
(Deviance Information Criterion, Spiegelhalter et al., 2002) utilizes posterior
distribution information to calculate model-data fit while including a penalty
for model complexity. The Bayes factor improves upon p-value limitations in
frequentist approaches by reflecting changes in updating prior probabilities to
posterior probabilities given current data (Hoijtink et al., 2019). The Posterior
Predictive p-value (PPP, Gelman et al., 1996) reflects the proportion of MCMC
iterations where the posterior predictive discrepancy statistic exceeds the ob-
served data discrepancy statistic. The second category extends approximate fit
indices from structural equation modeling to the Bayesian framework. These
approximate fit indices avoid strict testing deficiencies by tolerating small errors.
Asparouhov and Muthén (2021) proposed methods for extending CFI, TLI, and
RMSEA to the Bayesian framework, with the advantage of obtaining credible
intervals for indices and using these intervals rather than point estimates for
model comparison. Currently, no research has examined the performance of
different Bayesian fit indices for MELSM model selection. This study aims to
compare model selection results for MELSM using DIC, PPP, Bayes factors,
CFI, TLI, and RMSEA.

2.3. Current Status of Sample Size Planning
The problem of insufficient statistical power due to small sample sizes is
widespread across experimental research in various disciplines (Brysbaert &
Stevens, 2018). Low power leads to poor replicability of p-value-based results
(Hu et al., 2016). Most existing research has conducted power analysis for linear
mixed-effects models to plan sample sizes. Only Walters et al. (2018) have
addressed power for MELSM, but they focused solely on the power to detect
residual heterogeneity or predictors in the scale model without predictors in the
location model, and without random slopes for predictors in the scale model.
They did not examine the power for fixed effects in the complete MELSM
framework to achieve sample size planning.

Meanwhile, the American Statistical Association emphasizes avoiding sole re-
liance on significance reporting and incorporating examination of parameter
estimation accuracy (Accuracy in Parameter Estimation, AIPE, primarily refer-
ring to effect size parameters, hereinafter referred to as “effect size accuracy”)
(Wen et al., 2016; Wasserstein & Lazar, 2016). In summary, sample size plan-
ning should satisfy not only power requirements but also be based on effect size
accuracy analysis. The core of effect size accuracy analysis is controlling the
width of effect size confidence intervals, with narrower intervals indicating more
precise estimation. However, no research has yet integrated power analysis and
effect size accuracy analysis for sample size planning in MELSM.
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Traditional sample size planning research often faces three sources of uncertainty
(Pek & Park, 2019, 2022). (1) Uncertainty in population effect sizes. For ex-
ample, to achieve sample size planning based on regression models, researchers
often use point estimates of regression coefficients from pilot or previous studies
as substitutes for the true regression coefficients (population effect sizes). How-
ever, different samples (studies) yield different regression coefficients, creating
uncertainty about the population effect size. (2) Uncertainty due to sample
variation. That is, the specific samples used in different studies vary, yet sam-
ple size planning does not consider sample characteristics and can only provide
general recommendations. (3) Uncertainty due to model selection. When mul-
tiple candidate models exist (as in MELSM construction), researchers typically
presuppose the selected model is correct for sample size planning. However, the
model chosen during data analysis may not correctly represent the actual data
structure, introducing uncertainty from model selection.

Common Monte Carlo simulation-based power analysis paradigms can only ad-
dress uncertainty from sample variation through repeated sampling, while ig-
noring uncertainty from population effect sizes and model selection, leading
to inaccurate results. For example, Liu and Wang (2019) demonstrated that
studies conducting sample size planning without considering uncertainty face
underpowered consequences. Therefore, incorporating uncertainty issues into
power and effect size accuracy analyses can better represent the practical dilem-
mas faced in research design and ensure more accurate and reliable sample size
planning results, leading increasing methodological researchers to focus on sam-
ple size planning under uncertainty (e.g., Anderson et al., 2017; Liu & Wang,
2019). Pek and Park (2019, 2022) proposed a Bayesian-classical hybrid approach
and developed corresponding software packages, providing a feasible path for
addressing uncertainty issues. However, their research did not target MELSM,
only considered power analysis without examining effect size accuracy, and used
model averaging to address model selection uncertainty, which is less widely ap-
plied in practice than model selection (e.g., Barr et al., 2013; Lee, 2018).

3. Research Questions
Based on the theoretical and empirical status of MELSM, current issues re-
garding model construction and sample size planning for MELSM remain inad-
equately resolved. Specifically, these issues manifest in the following aspects:

First, most existing studies directly specify models without discussing model
construction methods within a complete MELSM framework. Compared to lin-
ear mixed-effects models, MELSM can include random effects in the scale model,
and the increase in candidate models creates greater difficulties for model selec-
tion (Williams et al., 2019). In practice, researchers often need to determine the
inclusion of random effects through model selection. So, for complete MELSM,
what sequence should researchers follow for model construction? Additionally,
previous researchers have mostly discussed linear mixed-effects model construc-
tion using fit indices from the maximum likelihood estimation framework. How-
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ever, convergence issues caused by complex random effect models have prompted
consideration of more appropriate parameter estimation methods. Under the
Bayesian estimation framework that is more suitable for MELSM, how do var-
ious fit indices perform? Research on these questions will effectively resolve
model construction issues in MELSM applications.

Second, existing research has many shortcomings in sample size planning. First,
power analysis for MELSM has only examined the power to detect residual het-
erogeneity or predictors in the scale model based on simple models, making it
difficult to generalize findings to the complete MELSM framework, and unable
to simultaneously examine the power for fixed effects in both location and scale
models. Second, previous sample size planning has primarily relied on power
analysis, with few studies proposing paradigms that integrate both power and
effect size accuracy analysis for sample size planning, and no research exploring
scientific sample size planning paradigms that combine both under uncertain
conditions. This leads to low replicability in practice, with power and effect
size accuracy failing to meet expected levels. Moreover, the Bayesian-classical
hybrid method proposed by Pek and Park (2019, 2022) uses model averaging,
which is less practically applicable than model selection (e.g., Barr et al., 2013;
Lee, 2018), making resulting sample size recommendations less useful. There-
fore, how can sample size planning for MELSM be conducted based on effect
size accuracy analysis in addition to power analysis? Further, how can sample
size planning for MELSM be conducted under uncertainty? How can the more
commonly used model selection approach help resolve uncertainty from model
selection? Research on these questions will help improve sample size planning
theory and assist researchers in obtaining more reliable sample size recommen-
dations.

Finally, previously developed software packages for mixed-effects models have
limited functionality, capable of only one function among parameter estimation
and construction, power analysis, or effect size accuracy analysis. No software
package can flexibly implement MELSM parameter estimation and model se-
lection, conduct both power and effect size accuracy analyses for sample size
planning with and without consideration of uncertainty, and perform other re-
lated functions. To promote the widespread application of MELSM, researchers
need a fully functional, user-friendly application for sample size planning, model
construction, and other functions.

4. Research Design
Based on the application needs of MELSM, this study systematically inves-
tigates model selection/construction and sample size planning methods for
MELSM. The overall approach combines theoretical and applied research,
with the specific research flowchart shown in Figure 1 [Figure 1: see original
paper]. Studies 1, 2, and 3 primarily employ theoretical derivation and
simulation methods. Following Williams et al. (2021), the simulation studies
examine scenarios where both location and scale models contain at most one
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predictor, and the predictors are identical (the developed software package
will accommodate more commonly used models). Considering model complex-
ity, six nested models are primarily examined. Table 1 presents the main
characteristics of each model and their nested relationships. To simplify the
research, correlations between random effects in location and scale models are
temporarily not considered (Arend & Schäfer, 2019). Model 1 contains no
random effects; Model 2 adds a random intercept for the location model to
Model 1; Model 3 adds a random slope for the location model predictor to
Model 2; Model 4 adds a random intercept for the scale model to Model 3;
Model 5 adds fixed slopes for scale model predictors to Model 4; and Model
6 adds a random slope for the scale model predictor to Model 5. Therefore,
Models 1–3 assume residual homogeneity, while Models 4–6 assume residual
homogeneity is violated to varying degrees.

Study 4 explores the application of sample size planning and model construc-
tion methods based on psychological experimental research and survey research.
This study conducts a psychological experimental study based on the Stroop
paradigm and an educational psychology survey investigating how mathemat-
ics learning self-efficacy and teachers’use of cognitive activation instructional
strategies affect mathematics achievement.

The statistical software used in this study primarily includes the R package brms
for Bayesian estimation (Bürkner, 2017) and a self-developed software package.
Specific plans for each study are as follows.

4.1. Study 1: Model Selection and Construction for Mixed-Effects
Location-Scale Models

Study 1 explores fundamental approaches to MELSM model construction based
on Bayesian methods and corresponding fit indices suitable for complex model
parameter estimation. The main idea is to generate data from true models con-
taining different random effects (Models 1–6), then use Bayesian fit indices to
compare candidate models and identify the data-supported model. Finally, by
evaluating the consistency between selected models and true models across all
simulation replications, we will summarize the advantages, disadvantages, and
applicable ranges of each fit index to select robust indices for Study 3. Since
simultaneously considering location and scale models involves many candidate
models, this study adopts a simplified approach of first selecting the most ap-
propriate location model, then selecting the most appropriate scale model, and
examines the feasibility of this strategy. Study 1 consists of two sub-studies.

Study 1-1 includes two scenarios examining location model comparison and selec-
tion results when data do and do not satisfy residual homogeneity. Simulation
conditions include Level 1 sample size (10, 30, 70, 100, 300), Level 2 sample
size (20, 50, 300, 800), effect size of location model predictors (0.2—small, 0.5—
medium, 0.8—large), and variance of location model random slopes (0.01, 0.09,
0.25), creating 5$×4×3×$3 = 180 combinations of simulation conditions (i.e.,
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cells). For Level 1 sample size, n=10 represents conditions where Lee (2018)
found no convergence issues using Laplace approximation, while n=300 repre-
sents the maximum number of time points tested in Schultzberg and Muthén’s
(2018) sample size planning study for dynamic structural equation models. For
Level 2 sample size, N=20 approximates the minimum number of subjects (16)
used in similar experimental designs summarized by Lee (2018), while N=800
approximates the 1,000-subject condition in Lee’s (2018) simulation study, aim-
ing to explore the effect of large sample conditions on effect size estimation
accuracy and power improvement. Variation between minimum and maximum
sample sizes references similar sample size planning studies (e.g., Schultzberg
& Muthén, 2018). Effect sizes for location model predictors reference Cohen’s
d small, medium, and large levels (Barr et al., 2013; Lee, 2018). Variance of
location model random slopes references levels set in Arend and Schäfer (2019).
For each combination, following most power analysis studies, 1,000 datasets are
generated based on each data-generating model (e.g., Thoemmes et al., 2010;
Zhang, 2014). Scenario 1 generates data from Models 1–3, while Scenario 2
generates data from three models with the scale model of Model 4 and location
models of Models 1–3. Candidate models fitted in both scenarios are Models 1–
3.

Bayesian estimation is applied for parameter estimation. Appropriate prior dis-
tributions are determined based on sensitivity analysis results. Following pre-
vious similar studies (Depaoli & Clifton, 2015; van Erp & Browne, 2021), two
prior distributions for variance are compared: non-informative priors (inverse
Gamma distribution) and robust priors (mixture inverse Gamma distribution).
For regression coefficients, standard normal distributions are used following sim-
ilar studies (Depaoli & Clifton, 2015; van Erp & Browne, 2021). After model
fitting, the best model is selected based on fit indices, and the proportion of
correct model selections by each index is calculated under each data-generating
model to identify robust fit indices. The compared fit indices include DIC, PPP,
Bayes factors, CFI, TLI, and RMSEA.

Study 1-2 examines scale model comparison and selection results when the lo-
cation model has been correctly specified and residual homogeneity is violated.
Simulation conditions are identical to Study 1-1, creating 180 combinations
of simulation conditions. For each combination, 1,000 datasets are generated
based on Models 4–6. Candidate fitted models are Models 3–6, with the same
fit indices and analysis procedures as Study 1-1.

4.2. Study 2: Statistical Power and Effect Size Accuracy for Mixed-
Effects Location-Scale Models

Study 2 achieves sample size planning based on both power analysis and effect
size accuracy analysis to ensure sample sizes satisfy both requirements. The
main approach uses the same model for data generation and fitting, calculates
power across different sample size conditions using Monte Carlo simulation,
and computes 95% credible intervals for effect sizes using posterior distribution-
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based methods. Study 2 consists of two sub-studies using Model 3 (MELSM
with residual homogeneity, i.e., linear mixed-effects model) and Model 6 (full
MELSM) as data-generating and fitting models. Power and effect size accuracy
analyses target fixed effects of predictors in the location model for Study 2-1
and fixed effects of predictors in both location and scale models for Study 2-2.

Study 2-1 examines power and effect size accuracy for MELSM with residual
homogeneity. Simulation conditions include Level 1 sample size (10, 25, 50,
75, 100, 150, 200, 300), Level 2 sample size (20, 30, 50, 75, 100, 150, 200, 300,
800), and effect size of location model predictors (0.2—small, 0.5—medium, 0.8—
large), creating 8$×9×$3 = 216 combinations of simulation conditions. For each
combination, 10,000 datasets are generated based on Model 3. The number of
replications follows sensitivity analysis results from power analysis studies (Pek
& Park, 2019, 2022). Model 3 is fitted, and power, 95% credible interval width
of effect size estimates, and coverage rates of 95% credible intervals for the true
value are calculated for fixed effects of location model predictors. Finally, rec-
ommended sample sizes are identified that simultaneously achieve power above
0.8, narrow 95% credible interval width, and coverage rates between 92.5% and
97.5%.

Study 2-2 examines power and effect size accuracy for full MELSM. Simulation
conditions add effect size of scale model predictors (0.2—small, 0.5—medium,
0.8—large) to those in Study 2-1, creating 8$×9×3×$3 = 648 combinations of
simulation conditions. For each combination, 10,000 datasets are generated
based on Model 6. Model 6 is fitted, and analyses of fixed effects for predictors
in both location and scale models follow the same procedures and evaluation
criteria as Study 2-1.

4.3. Study 3: Sample Size Planning for Mixed-Effects Location-Scale
Models Under Uncertainty

Study 3 primarily explores sample size planning under uncertain conditions,
providing references for accurately solving research design problems in more
practical and widespread scientific practice. The main idea extends the sample
size planning method to uncertain situations based on robust fit indices selected
in Study 1 and the paradigm integrating power and effect size accuracy analysis
from Study 2. This method is then used to explore recommended sample sizes
for MELSM with residual homogeneity and full MELSM under conditions with
different degrees of effect size uncertainty.

The extended method proceeds as follows: (1) Define prior distributions for
effect size parameters. Based on existing research, determine the possible range
of effect sizes, then estimate the standard deviation of effect sizes assuming
the range is approximately 6 standard deviations under normality. This yields
normal distribution parameters for effect size prior distributions (other prior
distributions can also be explored). (2) Draw possible effect sizes. Extract S
effect size values from the prior distribution defined in (1). (3) Generate samples.

chinarxiv.org/items/chinaxiv-202301.00220 Machine Translation

https://chinarxiv.org/items/chinaxiv-202301.00220


Use the most complex candidate model as the data-generating model (Pek &
Park, 2019), generate R samples of size N using each drawn effect size as the
generating value, with other parameter settings referencing Study 2, yielding
R×S samples. (4) Construct models. Fit the R×S datasets with candidate
models of varying complexity, apply robust fit indices selected in Study 1 to
choose appropriate models, and calculate average power, 95% credible interval
width, and coverage rate across datasets generated from each effect size (R
datasets). (5) Integrate results. Integrate power and effect size accuracy results
across S effect sizes to obtain distributions of these indices for sample size N.

Following sensitivity analysis results from Pek and Park (2019), set S=1,000 and
R=10,000. This process will be programmed in R and included in the software
package developed for this project.

The simulation study follows the sub-study classification of Study 2, divided
into two sub-studies. Study 3-1 investigates sample size planning for MELSM
with residual homogeneity under uncertainty. Simulation conditions include
effect size of location model predictors (0.2—small, 0.5—medium, 0.8—large),
degree of uncertainty in population effect size for the location model (range
of effect size distribution = 0.15, 1.50, 3.00), Level 1 sample size (10, 25, 50,
75, 100, 150, 200, 300), and Level 2 sample size (20, 30, 50, 75, 100, 150, 200,
300, 800), creating 3$×3×8×$9 = 648 combinations of simulation conditions.
The range of effect size distribution references settings from Pek and Park’s
(2019) simulation study. Following the basic method for power and effect size
accuracy analysis under uncertainty, for each combination, data are generated
from Model 3, and models are constructed by comparing candidate Models 1–3.
Finally, distributions of power and effect size accuracy indices for sample size N
are obtained. Researchers can determine recommended sample sizes based on
different criteria, such as the 20th percentile of the power distribution exceeding
0.8, or the mean power exceeding 0.8. The corresponding sample size that meets
the requirements is the recommended value.

Study 3-2 investigates sample size planning for full MELSM under uncertainty.
To simplify the study, the effect size for location model predictors is fixed at
medium, and overall effect size uncertainty is fixed at medium level. Simula-
tion conditions include effect size of scale model predictors (i.e., 𝜂1, 0.2—small,
0.5—medium, 0.8—large), degree of uncertainty in population effect size for the
scale model (range of effect size distribution = 0.15, 1.50, 3.00), Level 1 sample
size (10, 25, 50, 75, 100, 150, 200, 300), and Level 2 sample size (20, 30, 50, 75,
100, 150, 200, 300, 800), creating 3$×3×8×$9 = 648 combinations of simulation
conditions. Following the basic method for power and effect size accuracy anal-
ysis under uncertainty, for each combination, data are generated from Model
6. Consistent with the strategy for constructing full MELSM in Study 1, the
location model is first determined by comparing candidate Models 1–3, then the
scale model is determined by comparing candidate Models 3–6. Recommended
sample size determination follows Study 3-1.

Finally, this study will integrate results from the first three studies to develop
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a user-friendly software package that enables applied researchers to implement
MELSM sample size planning, model construction, and data analysis, promoting
the application of new methods and techniques in psychological research.

4.4. Study 4: Applied Research on Mixed-Effects Location-Scale
Models

Study 4 demonstrates the standard workflow for MELSM sample size planning,
model construction, and result interpretation through two practical psycholog-
ical research questions, validating the operability of conclusions from the first
three studies in real applications. The research process for both cases is as fol-
lows: (1) Before data collection, following the sample size planning paradigm
under uncertainty from Study 3, use the software package developed in this
project to input multiple candidate models, prior distributions of effect sizes,
and combinations of Level 1 and Level 2 sample sizes based on previous rele-
vant research results. Then determine appropriate Level 1 and Level 2 sample
sizes according to the software output of effect size accuracy and power indices
under each condition. (2) Refine the research design and implement the study
according to the determined sample sizes to collect data. (3) Construct an ap-
propriate MELSM based on the data, estimate parameters, interpret results,
and draw conclusions.

Case 1 is a psychological experimental study based on the Stroop paradigm, aim-
ing to examine the effects of congruent and incongruent conditions on correct
response times and on the stability of correct response times. Research design:
The experimental task is a numerical Stroop task with one within-subject in-
dependent variable having two levels: congruent and incongruent conditions.
In congruent conditions, the number of characters matches the displayed digit
(e.g., 333). In incongruent conditions, the number of characters does not match
the displayed digit (e.g., 44). The task requires subjects to count the number
of characters, with the dependent variable being response time for correct trials.
The collected data have a nested structure with trials nested within subjects.
The candidate models considered in this study are similar to Models 1–6 in
the simulation study, with the independent variable in both location and scale
models being experimental condition (congruent/incongruent).

Case 2 is an educational psychology survey exploring how mathematics learn-
ing self-efficacy and teachers’use of cognitive activation instructional strategies
affect mathematics achievement, aiming to examine the effects of student math-
ematics learning self-efficacy and teachers’use of cognitive activation strategies
on mathematics achievement and on within-class achievement consistency. Re-
search design: First, questionnaires on student mathematics self-efficacy and
teachers’use of cognitive activation instructional strategies will be developed
and validated through pilot testing. Second, using stratified sampling in a dis-
trict in Sichuan Province, primary schools will be selected first, then one fourth-
grade class from each sampled school will be randomly selected. Students in
these classes will complete the mathematics learning self-efficacy questionnaire,
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their mathematics teachers will complete the cognitive activation instructional
strategies questionnaire, and students’mathematics achievement scores from
the district-wide unified examination will be obtained. The collected data have
a nested structure with students nested within classes. Student mathematics
learning self-efficacy is a Level 1 predictor, and teachers’use of cognitive ac-
tivation instructional strategies is a Level 2 predictor. The candidate models
considered in this study include (to simplify, interaction between self-efficacy
and cognitive activation is not considered): Model 1—location model predictors
are self-efficacy and cognitive activation, no random effects, assuming variance
homogeneity; Model 2—adds random intercept for location model to Model 1;
Model 3—adds random slope for self-efficacy in location model to Model 2; Model
4—adds random intercept for scale model to Model 3; Model 5—adds fixed slopes
for self-efficacy and cognitive activation in scale model to Model 4; Model 6—
adds random slope for self-efficacy in scale model to Model 5. Since only self-
efficacy is a Level 1 predictor, only this variable may have random slopes.

5. Theoretical Contributions and Innovations
MELSM, which is suitable for situations with residual heterogeneity and can
reasonably and deeply extract information from nested data, has received con-
siderable attention from foreign researchers in recent years. Some studies have
conducted theoretical research such as power analysis based on MELSM (Wal-
ters et al., 2018; Williams et al., 2021; Williams et al., 2019), while others
have applied MELSM in empirical research to obtain rich findings (Rast & Fer-
rer, 2018; Williams et al., 2020). However, theoretical research and practical
application of MELSM are still in their infancy both domestically and interna-
tionally. Issues such as sample size planning and model construction in practical
applications remain inadequately resolved, leaving researchers uncertain when
applying MELSM. To promote the widespread application of MELSM in psy-
chological research, this study will first explore Bayesian fit indices suitable
for complete MELSM model selection and propose MELSM model construction
methods (Study 1). Then it will investigate sample size planning methods for
MELSM based on both power analysis and effect size accuracy analysis under
certain conditions (Study 2), and further apply the robust Bayesian fit indices
obtained in Study 1 to sample size planning under uncertain conditions (Study
3), ultimately forming a paradigm for MELSM sample size planning and model
construction and developing an integrated, user-friendly software package. Fi-
nally, this study will verify simulation results through empirical research and
demonstrate the application workflow for MELSM (Study 4).

The theoretical paradigm for MELSM sample size planning and model construc-
tion proposed in this study is shown in Table 2 . After determining the research
topic and completing the experimental design, a standard experimental study
typically includes processes such as sample size planning, data collection, data
analysis, and result interpretation. On one hand, researchers should conduct
sample size planning before data collection to ensure the sample size meets power
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and effect size accuracy requirements. Sample size planning faces three sources
of uncertainty (Pek & Park, 2019). Monte Carlo-based analysis paradigms can
handle uncertainty from sample variation through repeated sampling. When
researchers can obtain reliable effect size estimates from pilot studies, previous
research, or meta-analysis, uncertainty in population effect sizes may be dis-
regarded. When researchers can determine the fitted model based on theory,
uncertainty from model selection may be disregarded. Therefore, depending on
whether these two sources of uncertainty exist, researchers can adopt different
paradigms for sample size planning to determine the required sample size for
subsequent data collection.

On the other hand, after data collection, researchers should construct appro-
priate models. If a specific model can be determined based on theory, model
selection is unnecessary and the model can be fitted directly for result analy-
sis. If model selection uncertainty exists, data-driven methods should be used
for model selection. Specifically, researchers should first determine the optimal
location model, then determine the optimal scale model based on the Bayesian
fit indices recommended in this study, thereby obtaining the optimal MELSM
for data analysis.

The innovations of this study are mainly reflected in two aspects. First, method-
ological paradigm innovation. This study fully considers parameter estimation
methods suitable for MELSM, 首次探讨贝叶斯估计框架下的拟合指标在 MELSM 模
型选择中的表现及其影响因素, and innovatively proposes a model construction ap-
proach that sequentially selects location and scale models within the complete
MELSM framework. This will provide more reliable fit indices for MELSM
model construction and meet the application needs of MELSM. Additionally,
this study incorporates both power analysis and effect size accuracy analysis
into sample size planning, and improves the sample size planning paradigm un-
der uncertain conditions based on Pek and Park (2019, 2022). It summarizes
sample size planning paradigms for four scenarios (effect size certain/uncertain
× model certain/uncertain), further improving MELSM sample size planning
methods, enriching sample size planning theory, and providing more scientific
and reliable methodological recommendations for practical sample size planning,
thereby enhancing the replicability of experimental research.

Second, practical application innovation. This study develops a convenient soft-
ware package tailored to the characteristics of psychological research to meet
the application needs of MELSM sample size planning and model construction
under the Bayesian framework, providing a software foundation for the popu-
larization of MELSM. This has guiding significance and innovative value for
scientifically conducting research design and data analysis, representing an in-
novative exploration in the practice of psychology.

In summary, this study deeply explores MELSM model construction and sam-
ple size planning methods, providing methodological support for scientifically
conducting psychological research. The findings will further promote the appli-
cation of MELSM in psychological research, offering new perspectives for deeply
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extracting information from nested data and revealing the nature of complex
psychological phenomena.
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