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Abstract

Linear mixed-effects models exhibit distinct advantages in analyzing psycholog-
ical experimental data with nested structures. This article proposes the use of
confidence interval width contour plots for sample size planning in such mod-
els. Through these contour plots, one can determine the numbers of subjects
and trials that simultaneously meet the requirements for statistical power, effect
size accuracy, and confidence interval width. By examining two representative
models that focus on within-subject experimental effects and the moderating
effects of subject variables, two simulation studies were conducted employing
a Monte Carlo simulation methodology to investigate the influences of effect
size, magnitude of random effects, and type of subject variables on confidence
interval width contour plots and sample size planning results.
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Abstract

Linear mixed-effects models (LMEMSs) offer distinct advantages for analyzing
nested data structures common in psychological experiments. This paper pro-
poses the use of confidence interval (CI) width contour plots for sample size
planning in LMEMSs. These contour plots enable researchers to determine the
optimal combination of number of participants and number of trials that simul-
taneously satisfy criteria for statistical power, effect size accuracy, and CI width.
Focusing on two typical model formulations—one examining within-subject ex-
perimental effects and the other examining between-subject moderator effects—
we conducted two simulation studies using Monte Carlo methods to explore how
effect size, magnitude of random effects, and type of subject variable influence
CI width contour plots and sample size planning outcomes.

Keywords: linear mixed-effects models, multilevel models, power analysis, ef-
fect size, confidence interval width

Introduction

In recent years, psychological researchers have increasingly discussed research
misconduct and reproducibility issues. More academic journals, both domes-
tically and internationally, have adopted pre-registration systems, which ef-
fectively prevent problematic practices such as p-hacking and promote trans-
parency in research processes and results, thereby enhancing reproducibility
(Nosek et al., 2022). Pre-registration requires explicit planning and justification
for design elements such as sample size and number of trials. Consequently,
determining how to conduct sample size planning for specific statistical models
has become a key concern for psychological researchers. This study addresses
sample size planning for LMEMs by exploring a paradigm that combines power
analysis and effect size accuracy using simulation methods, and by developing
intuitive CI width contour plots to help applied researchers identify appropriate
numbers of participants and trials, thereby providing methodological support
for research design and quality assurance.

1.1 The Sample Size Planning Problem for Linear Mixed-Effects Mod-
els

As research questions deepen and data collection methods advance, designs in-
volving random effects for stimuli and nested structures have become increas-
ingly common. For example, psycholinguistic experiments typically use words
as stimuli, but different words elicit different reaction times, meaning that ob-
served experimental effects may be partially attributable to stimulus differences
(Barr et al., 2013). Traditional methods such as ANOVA confound experimen-
tal effects with random effects, leading to biased estimates of Type I error rates
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and statistical power (Barr et al., 2013; Judd et al., 2017). Linear mixed-effects
models (LMEMSs) avoid information loss caused by averaging across stimuli
within conditions (as in repeated-measures ANOVA) and can flexibly account
for random effects arising from various sources (e.g., random sampling of stim-
uli, nested structures of participants). Consequently, LMEMs have become
increasingly widespread in psychological experiments (Barr et al., 2013; Brauer
& Curtin, 2018; Judd et al., 2017; Lee, 2018). A search of Web of Science
for experimental psychology papers published in the last five years reveals that
LMEMs are used approximately 1.5 times more frequently than ANOVA.

However, the application of LMEMs remains limited in China. For instance,
among 181 experimental articles published in Acta Psychologica Sinica—China’
s top psychology journal—between 2020 and 2022, only nine used LMEMs. Of
these, five provided no justification for sample size determination, three used
GPower to approzimate required sample size, and only one used the simr pack-
age with simulation-based power analysis to determine sample size. A major
barrier to broader adoption is that the inclusion of random effects increases
model complexity, rendering conventional sample size planning software (e.g.,
GPower) inadequate. Researchers often feel uncertain about how to scientif-
ically plan experimental designs and set appropriate numbers of participants
and trials for LMEMs, creating a need for accessible programs or visualizations
to guide sample size planning.

1.2 Sample Size Planning Based on Power Analysis

Traditional sample size planning primarily relies on power analysis for null
hypothesis significance testing (NHST), requiring that sample size achieves a
predetermined power level. Power analysis can be conducted through formula
derivation or Monte Carlo simulation methods (e.g., Arend & Schéfer, 2019).
Formula-based methods involve strong distributional assumptions and may yield
biased results when data violate these assumptions (Judd et al., 2017). Monte
Carlo simulation methods generate data repeatedly under specified parameters
for a given model, fit the model to each simulated dataset, and calculate the pro-
portion of replications yielding significant results. These methods do not require
deriving parameter distributions, can handle non-normal data, and allow flex-
ible model specification. Researchers have developed mature R packages (e.g.,
simr) that use Monte Carlo simulation to calculate power for LMEMs (Green
& MacLeod, 2016).

To facilitate power-based sample size determination for nested data, researchers
have developed intuitive visualizations and accompanying programs that display
power across different sample sizes. The most widely used approach employs
line graphs with sample size on the x-axis and power on the y-axis (e.g., Kumle
et al., 2021). Researchers draw a horizontal line at the target power level, and
the intersection with the power curve indicates the minimum required sample
size. Murayama et al. (2022) developed an online program for generating such
power curves. However, nested data requires determining sample sizes at two
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levels, and the cost of increasing sample size differs across levels. Line graphs
can only fix sample size at one level while varying the other, failing to simul-
taneously display the relationship between both level sample sizes and power.
Schultzberg and Muthén (2018) used level-1 and level-2 sample sizes as x- and y-
axes, respectively, with shaded regions indicating combinations meeting power
criteria. Baker et al. (2021) proposed power contour plots that connect points
with equal power across combinations of level-1 and level-2 sample sizes, using
multiple contours to represent different power levels. In summary, for nested
data, researchers need to observe the compensatory relationship between the
two level sample sizes in terms of power and make cost-conscious trade-offs to
determine appropriate sample sizes at each level.

1.3 Sample Size Planning Based on Effect Size Accuracy Analysis

The visualizations described above consider only statistical power. However,
as criticism of NHST has grown, the American Statistical Association issued a
statement on the cautious use of NHST, emphasizing that researchers should
avoid reporting only significance and should also report effect sizes (Wasserstein
& Lazar, 2016) and their interval estimates. Consequently, some scholars have
proposed sample size planning based on effect size accuracy analysis.

The core of effect size accuracy analysis is controlling the width of the confidence
interval (CI) for the effect size, with narrower intervals indicating more precise
estimation (Maxwell et al., 2008). Some studies derive acceptable maximum
CI width based on desired CI limits (Usami, 2020). For example, if a point
estimate of effect size is 0.5 and its 95% CI width is 0.6, the 95% CI would
be approximately [0.2, 0.8]. According to Cohen’ s (2013) benchmarks, this
interval covers small, medium, and large effect sizes (0.2, 0.5, 0.8), indicating
poor precision (Maxwell et al., 2008; Usami, 2020). Other studies calculate
minimum sample sizes directly from different CI widths (e.g., Kelley & Rausch,
2006). However, consensus has not yet been reached on how to determine an
acceptable maximum CI width (e.g., Kelley et al., 2018).

To facilitate effect size accuracy-based sample size planning for nested data,
Hecht and Zitzmann (2021) proposed overall performance plots using numbers
of participants and time points as x- and y-axes, respectively. They calculated
composite performance scores based on convergence rates, parameter estimation
bias, and other indicators, using color blocks to differentiate scores. Researchers
can weigh trade-offs based on these color blocks to determine appropriate sample
size combinations. However, these plots do not consider statistical power, and
the color blocks represent composite scores with some subjectivity, preventing
researchers from clearly understanding the accuracy of parameters of interest.

1.4 Research Questions

In summary, sample size planning for nested data must simultaneously ensure
adequate statistical power and effect size accuracy. However, existing methods,
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programs, and visualizations typically address only one of these objectives (e.g.,
Arend & Schifer, 2019; Kumle et al., 2021; Usami, 2020). No existing visual-
ization enables researchers to simultaneously consider both requirements when
planning sample size. Therefore, this study proposes CI width contour plots
that employ Monte Carlo simulation for power and effect size accuracy analysis,
simultaneously presenting both level sample size combinations with their corre-
sponding power and CI width information. Since no universal standard exists for
CI width, this study adopts two approaches from previous research, providing
sample sizes for different CI widths and recommending that researchers derive
acceptable maximum CI width from desired CI limits, then integrate power
analysis results to identify optimal combinations of participants and trials.

Furthermore, in sample size planning for psychological experiments, researchers
typically focus on fixed effects of experimental manipulations (Lee, 2018) while
neglecting sample size planning for moderator effects of subject variables.
However, as individual differences research has advanced, more studies explore
whether experimental effects differ across individuals. For example, Jiang et
al. (2022) found that participants’ intertemporal decision-making (experimental
effect) differed significantly between positive and negative emotional states
(subject moderator variable). Such research requires sample size planning that
ensures accurate estimation of subject variable moderation effects. Therefore,
this study uses typical within-subject repeated experimental designs as a con-
text to examine sample size planning based on LMEMSs for both within-subject
experimental effects and between-subject moderation effects.

This paper first reconstructs models within the multilevel modeling framework
to better accommodate the need to add independent variables (control variables)
at different levels. It then describes the procedure and functions for generat-
ing CI width contour plots. Finally, simulation studies based on within-subject
experimental effects and between-subject moderation effects examine how exper-
imental effects, random slopes, and subject variable types influence evaluation
metrics and CI width contour plots, and demonstrate how to recommend ap-
propriate sample sizes based on the results.

2 Linear Mixed-Effects Models in Psychological Experi-
mental Research

The general form of LMEMs can be found in Williams et al. (2021). Within
the multilevel modeling framework, they can be redefined. Consider a within-
subject experimental design where stimuli are nested within experimental con-
ditions and stimuli are not repeated (Barr et al., 2013; Lee, 2018). Level 1
represents the trial level, and level 2 represents the subject level, with trials
nested within subjects. A random slope model (Model 1) can be expressed as:

Yi; = B0+ B1Xi; + ug +uy X+ eoj + €
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where Y} is the continuous outcome variable (j = 1,...,J denotes trials, i =
1, ..., I denotes subjects), X;; is the effect-coded experimental manipulation, u,
and u,; represent subject random intercepts and random slopes (capturing indi-
vidual differences in baseline levels and experimental effects), and €g; represents
stimulus random intercepts (different stimuli have different effects). 8, and 5,
are the means of subject random intercepts and random slopes, respectively,
where (3, is the fixed component and the primary effect size of interest. wu,,
Uy, €g;, and €;; represent random components at level 2 (intercept and slope),
level 1 (stimulus), and residual errors. The model assumes wuy; ~ N(0,7y),
uy; ~ N(0,711), €g; ~ N(0,wpp), and €5 ~ N(0,0%).

A key advantage of multilevel models is the ability to conveniently add ex-
planatory variables at different levels. For example, a subject variable Z; can
be added at level 2 to explain individual differences in random intercepts and
random slopes (Model 2):

Yij = Bo+ B1Xij + BorZi + BuZix,, + voi +uriXi; +egj + €5

where Z; is a subject variable, 8,; represents the effect of the subject variable
on the random intercept, and f;; represents the effect of the subject variable
on the random slope (also viewed as a cross-level interaction between level-1
and level-2 variables), which is the primary effect of interest. 3;; represents the
moderation effect of the subject variable on the experimental effect.

3 Procedure for Generating Confidence Interval Width
Contour Plots

Sample size planning using simulation-based CI width contour plots involves
the following steps:

First, set parameters. In an experimental research context, select a specific
LMEM and specify level-1 sample size, level-2 sample size, fixed effect values,
and random effect distributions.

Second, generate data. Based on the model defined in step one, repeatedly
generate data N times (e.g., N = 1000).

Third, estimate parameters. For each replication, fit the model to the generated
data. Use the R package lme4 (Bates et al., 2011) to estimate parameters via
restricted maximum likelihood (REML). Calculate Cls for effect size parameters
using the default Wald method.

Fourth, vary level-1 and level-2 sample sizes and repeat steps one through
three.

Fifth, calculate evaluation metrics (see Section 4.2).

Sixth, evaluate metrics against criteria, draw CI width contour plots, and rec-
ommend appropriate sample sizes. This study suggests using the difference
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between the highest and lowest effect size benchmarks as the acceptable maxi-
mum CI width.

This study developed an R function, samplesize_{LMEM}.R, for sample size
planning in LMEMs (see online supplementary material 2). By calling this
function with appropriate parameters, researchers can obtain evaluation metric
results and CI width contour plots. The application workflow is shown in Figure
1 [Figure 1: see original paper]. Function call statements and explanations are
provided in online supplementary material 3. The function offers flexibility:
when wy, = 0, the data-generating model simplifies to one without stimulus
random effects; when 7y; = 0, it simplifies to a random intercept model; when
all random effects are 0, it simplifies to a general linear model.

The following two simulation studies examine how different factors affect power
and effect size estimation accuracy, illustrating the application of 95% CI width
contour plots (this study uses 95% ClIs) in sample size planning.

4 Simulation Study 1: Sample Size Planning for Within-
Subject Experimental Effects

Study 1 uses Model 1 to examine the experimental effect §;—the fixed effect
of the level-1 independent variable—and investigates how effect size and ran-
dom slope magnitude influence model estimation results, providing sample size
recommendations through CI width contour plots.

4.1.1 Fixed Parameter Settings

Data were simulated based on Model 1. Following Arend and Schéfer (2019
the fixed effect of the random intercept was set to 0, and residual variance o
was fixed at 1. Pilot studies found that intraclass correlation coefficient (ICC
magnitude had no significant impact on power or parameter estimation bias,
so ICC was fixed at a moderate level of 0.3 (Arend & Schéfer, 2019). Given
residual variance 02 = 1, the standardized random slope variance 7}, was fixed
at a moderate level (17; = 0.09) using the formula 77; = 7y;/0? (Arend &
Schéfer, 2019). For simplicity, the covariance between random intercept and
random slope was fixed at 0 (15; = 0). Stimulus random effects were fixed at
a small level of 0.2 (Cho et al., 2017). Finally, based on residual variance, the
random slope variance for the data-generating model was determined.

~

)

[ V)

~~—

The level-1 independent variable X;; was set as a binary variable (e.g., control
vs. experimental group) using deviation coding (-0.5 and 0.5) (Barr et al., 2013;
Lee, 2018). Each condition was simulated 1000 times (e.g., Zhang, 2014).

4.1.2 Manipulated Parameter Settings

Following Arend and Schéfer (2019), experimental effect size (8;) was set at
three levels: 0.2 (small), 0.5 (medium), and 0.8 (large). Sample size planning
was conducted for each condition.
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Level-1 sample size (J, number of trials) included 10 levels: 10, 20, 30, 50, 70,
100, 150, 200, 250, 300. Level-2 sample size (I, number of subjects) included 9
levels: 10, 30, 50, 70, 100, 200, 400, 600, 800. This created 10 x 9 = 90 sample

size combinations.

Additionally, research shows that unequal trial numbers across conditions (un-
balanced designs) yield lower power at equivalent total sample sizes (Kumle et
al., 2021). Therefore, to examine the impact of unbalanced designs on sample
size planning, we added conditions with unequal sample sizes across the two
categories of the independent variable at the medium effect size level, using a
1:4 ratio following Kumle et al. (2021).

After completing parameter settings, the samplesize_{LMEM}.R function was
called to obtain results.

4.2 Evaluation Metrics

Evaluation metrics included five aspects: (1) Convergence rate: the propor-
tion of replications where parameter estimation converged, assessed using lme4’s
default Hessian test (Bates et al., 2011). All subsequent metrics were calculated
based on converged replications only. (2) Statistical power: the proportion
of converged replications where the 95% CI for §; excluded 0, with a criterion
of > 0.8. (3) Effect size (fixed effect) estimation accuracy: including bias,
relative parameter estimation bias (rbias), root mean squared error (RMSE), CI
width, and CI coverage probability (CP). For the nth replication, let Bln be the
estimate and ¢,, the convergence indicator (c,, = 0 for non-convergence, ¢, =1
for convergence). Bias, rbias, RMSE, width, and CP were calculated as:

27]:]:1 Cn(Bln - ﬁl)
et Cn

. bias
rbias = —

e

RMSE = J EnNzl CTL(Bln —B1)?

bias =

N

Zn:l Cn

N
Zn:l Cp X Wy
N
n=1 Cn

width =

where w,, is the CI width for the nth replication.

N
Zn:l Cp X In
N
2 Cn

CP =
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where I, indicates whether the CI covers the true value (I,, = 0 for no coverage,
I, =1 for coverage). If effect size estimation is accurate, bias should be near
0, rbias should be below the critical value of 0.1 (Koch et al., 2014), RMSE
should be small, width should be narrow, and CP should be between 0.925 and
0.975 (Bradley, 1978). (4) Standard error estimation accuracy: calculated
as the bias of the estimated standard error relative to the standard deviation
of estimates (SE-SD bias). If the estimated standard error is accurate, SE-SD
bias should be close to 0 (Schultzberg & Muthén, 2018). (5) Random effect
estimation accuracy: rbias for variance estimates of random effects (744, 741,
wyg), calculated similarly to formula (10).

4.3.1 Convergence

Supplementary Tables 1 and 2 (online supplementary material 1) present con-
vergence rates for the random slope model (Model 1) under balanced and un-
balanced designs. Convergence was generally not problematic, with rates above
0.7 in all conditions and above 0.9 when both level sample sizes were below
200. Effect size and balanced vs. unbalanced design had minimal impact on
convergence rates.

4.3.2 Power Results

Power results for balanced designs are shown in Table 1. Larger effect sizes
yielded greater power, requiring smaller sample sizes to meet the 0.8 criterion.
For example, with a moderate number of subjects (200), an effect size of 0.2
required 200 trials to achieve power > 0.8, whereas an effect size of 0.8 required
only 20 trials. Unbalanced design results are in Supplementary Table 3 (online
supplementary material 1). Unbalanced designs showed consistently lower power
than balanced designs. For instance, with 10 subjects and target power of 0.8,
balanced designs required 50 trials while unbalanced designs required 100 trials.

Table 1 Power for level-1 independent variable effect in linear mixed-effects
model under balanced design conditions in Study 1

Note: J = level-1 sample size, I = level-2 sample size, ES = effect size of level-1
independent variable. Bolded values indicate power > 0.8.

4.3.3 Effect Size and Standard Error Estimation Accuracy

Effect size magnitude did not significantly affect estimation accuracy. Table
2 presents effect size and standard error estimation accuracy results for the
balanced design with medium effect size (0.5), showing only rbias, width, and
SE-SD bias (other metrics in Supplementary Table 4 ; results for effect sizes
0.2 and 0.8 in Supplementary Tables 5 and 6, online supplementary material 1).
All conditions showed rbias < 0.1. Supplementary Table 4 shows bias near 0,
RMSE small (mostly < 0.3) and decreasing with larger level-1 and especially
level-2 sample sizes, and coverage > 0.925 except when level-1 sample size was 10.
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These results indicate accurate estimation of the level-1 independent variable’ s
fixed effect.

Using Cohen’ s benchmarks of 0.2 and 0.8 for small and large effects, we defined
acceptable maximum 95% CI width as 0.8 - 0.2 = 0.6. Table 3 shows that when
level-1 sample size was 30 or below, 95% CI width exceeded 0.6, indicating large
standard errors and wide Cls.

SE-SD bias fluctuated near 0 across conditions, indicating accurate standard er-
ror estimation. Supplementary Table 7 (online supplementary material 1) shows
that unbalanced designs had larger RMSE and wider 95% Cls than balanced
designs.

Table 2 Accuracy of fixed effect and standard error estimation for level-1 inde-
pendent variable under balanced design with effect size = 0.5 in Study 1

Note: J = level-1 sample size, I = level-2 sample size. Bolded rbias values
indicate < 0.1.

4.3.4 Random Effect Estimation Accuracy

Effect size magnitude minimally affected random effect estimation accuracy
(Supplementary Tables 8 -11, online supplementary material 1). For balanced
design with medium effect size (0.5), rbias for 7, and 7, estimates was < 0.1,
though w, estimation was relatively less accurate. Supplementary Table 11
shows that unbalanced designs had larger estimation biases for 7, and 7;; than
balanced designs.

4.3.5 Sample Size Planning Recommendations

This study proposes using CI width contour plots for sample size recommenda-
tions. Effect size accuracy is primarily reflected through CI width. Since random
effect variances can also serve as effect size indicators (Hox et al., 2017), sample
size planning can combine power, random effect estimation accuracy, and CI

width.

For medium level-1 independent variable effect size (0.5), Figure 2 Figure 2: see
original paper shows a power 4+ CI width contour plot, where shaded regions
indicate conditions meeting the power > 0.8 criterion. Figure 2(b) shows a
power + random effect accuracy + CI width contour plot, where shaded regions
indicate conditions meeting both power > 0.8 and rbias < 0.1 for all random
effect estimates. Different colors correspond to different CI widths.

Figure 2 reveals three key patterns. First, for power alone or power + random
effect accuracy, the two level sample sizes show compensatory effects. How-
ever, when level-1 (trials) sample size is too small (e.g., < 30), increasing level-2
(subjects) sample size cannot achieve adequate power or power + random effect
accuracy. Second, 95% CI width is more strongly influenced by level-1 sample
size; when level-1 sample size is small (e.g., 10), increasing level-2 sample size
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does little to reduce 95% CI width. Third, compared to panel (a), panel (b)’
s shaded region shifts upward and rightward, indicating that adding random
effect accuracy requirements makes criteria more stringent. Contour plots for
small, medium, and large effect sizes are in Supplementary Figures 1-3 (on-
line supplementary material 1). As effect size increases, shaded regions shift
downward, reducing the required level-1 sample size.

To apply CI width contour plots, first identify the range meeting criteria (power
> 0.8, or power > 0.8 + rbias < 0.1 for random effects) using shaded regions.
Then, within shaded regions, compare CI widths to the acceptable maximum to
determine appropriate sample size combinations. For example, based on Figure
2, to meet power > 0.8 with 95% CI width < 0.6, we recommend level-1 sample
size = 50 and level-2 sample size = 30. To meet both power > 0.8 and rbias
< 0.1 for all random effects with 95% CI width < 0.6, we recommend level-1
sample size = 50 and level-2 sample size = 400.

Supplementary Figure 3 [Figure 3: see original paper| shows that unbalanced
designs shift shaded regions upward, requiring larger level-1 sample sizes (at
least 50) to meet power criteria.

(a) Power + CI width contour plot
(b) Power + random effect accuracy 4+ CI width contour plot

Figure 2 CI width contour plots for medium level-1 independent variable effect
size under balanced design in Study 1

Note: In panel (a), shaded regions indicate conditions meeting power > 0.8. In
panel (b), shaded regions indicate conditions meeting both power > 0.8 and rbias
< 0.1 for all random effect estimates. Different 95% CI widths are represented by
different colored contours. As shown in the legend, eight contours are arranged
sequentially from 0.3 to 1.0 in increments of 0.1. For example, the contour for
0.3 indicates that the region above the line has 95% CI width < 0.3.

5 Simulation Study 2: Sample Size Planning for Subject
Variable Moderation Effects

Study 2 uses Model 2 to examine the moderation effect of subject variables (3,
cross-level interaction), investigating how random slope variance magnitude and
subject variable type influence model estimation results and providing sample
size recommendations through CI width contour plots.

5.1.1 Fixed Parameter Settings

Given that subject variables Z, may be categorical (e.g., gender) or continuous
(e.g., emotional arousal) in practice, Study 2 includes two scenarios: Scenario
1 with binary Z, using deviation coding (-0.5 and 0.5), and Scenario 2 with
continuous Z, following a standard normal distribution.
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Similar to Study 1, the fixed effect of the random intercept 5, was set to 0. Study
2 focuses on the main effect of Z,, fixed at a medium level: 5y, = 0.5 (Scenario 1)
and f,; = 0.3 (Scenario 2). For simplicity, following common practice in power
analysis studies (e.g., Arend & Schéfer, 2019), 5, was also fixed at a medium
level: 5; = 0.5 (Scenario 1) and 8, = 0.3 (Scenario 2) (Cohen, 2013).

As in Study 1, residual variance was set to 02 = 1. In Scenario 1, with 7,
at three levels—0.01 (small), 0.09 (medium), and 0.25 (large) (Arend & Schéfer,
2019)—the standardized cross-level interaction effect was adjusted using formula
(14) to obtain fixed effect parameters for the data-generating model (Arend &
Schafer, 2019).

In multilevel models, 87, = 5;; X \/ﬁ /o is a partially standardized regression
coefficient (standardizing only the dependent variable). When Z, is categorical,
Bi; represents a fully standardized coefficient. When Z; is continuous and al-
ready standardized, 87, is partially standardized. Therefore, in Scenario 1, 5},
took values of 0.05, 0.15, and 0.25 under the three random slope variance levels.
In Scenario 2, with 77, fixed at medium level (0.09), 5;; = 0.09.

B, represents the moderation effect of the subject variable on the experimen-
tal effect. In Scenario 1, ;; represents the difference in experimental effects
between the two Z; categories. In Scenario 2, £;; indicates that subjects with
higher/lower Z; values show larger/smaller differences between experimental
conditions. ICC was fixed at a moderate level, and stimulus random effects
were fixed at 0.2. Each condition was simulated N = 1000 times.

5.2.2 Manipulated Parameter Settings

In Scenario 1, sample size planning was conducted with 77, at 0.01, 0.09, and
0.25. To examine the impact of unbalanced designs, we added conditions with
unequal sample sizes across Z; categories (1:4 ratio). Sample size settings
matched Study 1. The samplesize_{LMEM}.R function was called to obtain
results.

5.2 Evaluation Metrics

Same as Study 1.

5.3.1 Convergence

Convergence rates for Study 2 are in Supplementary Tables 12 and 13 (online
supplementary material 1). When Z, was categorical, convergence rates fell
below 0.7 in some conditions, and with I = 800 and J = 250 or 300, fewer than
half of replications converged. This suggests that using random slope models
when 77, is small may cause convergence problems. Other conditions showed
no major convergence issues, with rates generally above 0.7. Whether Z, was
categorical or continuous and whether the design was balanced had minimal
impact on convergence rates.
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5.3.2 Power Results

Power results across conditions are in Supplementary Tables 14 and 15 (on-
line supplementary material 1). Larger 77, yielded greater power. Power was
generally higher for continuous than categorical Z;, likely because continuous
variables provide more information. Power increased with larger sample sizes
at both levels, especially level-2. Unlike Study 1, power in Study 2 was more
strongly influenced by level-2 sample size because power was calculated for the
level-2 independent variable, which depends more on subject number. Unbal-
anced designs showed lower power than balanced designs.

5.3.3 Effect Size and Standard Error Estimation Accuracy

Results for moderation effect size and standard error accuracy are in Supplemen-
tary Tables 16 -20 (online supplementary material 1). Across conditions, bias,
rbias, 95% CP, and SE-SD bias were consistent and small. RMSE increased
and 95% CI widened with larger 77;.

Unlike Study 1, where level-1 independent variable estimation accuracy was
more affected by level-1 sample size, cross-level interaction estimation accuracy
in Study 2 was more affected by level-2 sample size. For categorical Z; with
711 = 0.09, effect size benchmarks for small and large effects were 0.06 (0.2 x0.3)
and 0.24 (0.8 x 0.3) using formula (15). Acceptable maximum 95% CI width
was defined as 0.24 - 0.06 = 0.18. Supplementary Table 17 shows that 95%
CI width exceeded this threshold in many conditions, meeting the requirement
only when level-2 sample size was 400 with level-1 sample size > 50, or level-2
sample size was > 600 with level-1 sample size > 20.

For 7, = 0.01, small and large effect benchmarks were 0.02 (0.2 x 0.1) and
0.08 (0.8 x 0.1), yielding acceptable maximum widths of 0.06. For 7§; = 0.25,
benchmarks were 0.1 (0.2x0.5) and 0.4 (0.8 x0.5), yielding acceptable maximum
width of 0.3. More conditions met CI width requirements when 77, was large
than when it was small.

For continuous Z;, bias, rbias, 95% CP, and SE-SD bias were consistent and
small. RMSE was smaller (see Supplementary Table 18 ) and 95% CI narrower.
Using formula (15), effect sizes for small and large effects were 0.03 (0.1x0.3) and
0.15 (0.5 x 0.3), with acceptable maximum 95% CI width of 0.12. Unbalanced
designs showed larger RMSE and wider 95% CIs than balanced designs.

5.3.4 Random Effect Estimation Accuracy

Supplementary Tables 21 -25 (online supplementary material 1) present rbias
results for random effect estimates. First, similar to Study 1, 7§, magnitude,
variable type, and balanced vs. unbalanced design minimally affected residual
variance estimation accuracy, with rbias < 0.1 across conditions. Second, for
categorical Z;, estimation accuracy for 7y, and 7;; improved with larger sample
sizes. When 7{; was small, rbias for 7;; estimates exceeded 0.1 in nearly all
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conditions, with bias calculations showing overestimation of ;. When 73; was
large, rbias for 7, estimates exceeded 0.1 in all conditions, with bias calculations
showing overestimation of 7y,. Third, for continuous Z;, estimation accuracy
for 7y, and 7;; was slightly better than for categorical Z;.

5.3.5 Sample Size Planning Recommendations

Using balanced design with medium 7j; as an example, Figures 3 and 4 show
CI width contour plots for categorical and continuous Z;, respectively. Unlike
Study 1, 95% CI width was more strongly influenced by level-2 sample size;
when level-2 sample size was small, increasing level-1 sample size did little to
reduce 95% CI width, likely because the effect of interest was a level-2 variable.
Additionally, compared to Study 1, the shaded region meeting both power and
random effect accuracy criteria (panel b) shifted only slightly upward relative to
the region meeting only power criteria (panel a), suggesting these criteria were
similarly stringent. However, shaded regions in Study 2 shifted further upward
and rightward than in Study 1, indicating that larger sample size combinations
were needed to meet requirements.

For both categorical and continuous Z;, regions meeting power and power +
random effect accuracy criteria were similar, though the region meeting power
criteria shifted slightly downward for continuous Z,, indicating slightly smaller
required level-1 sample sizes. Continuous Z; also produced narrower 95% Cls,
shifting contours leftward.

Based on Figure 3, for categorical Z;, to meet power > 0.8 with 95% CI width
< 0.18, we recommend level-1 sample size = 50 and level-2 sample size = 400.
To meet both power > 0.8 and rbias < 0.1 for all random effects with 95% CI
width < 0.18, we recommend level-1 sample size = 50 and level-2 sample size =
400.

Based on Figure 4 [Figure 4: see original paper|, for continuous Z;, to meet
power > 0.8 with 95% CI width < 0.12, we recommend level-1 sample size = 50
and level-2 sample size = 200. To meet both power > 0.8 and rbias < 0.1 for all
random effects with 95% CI width < 0.12, we recommend either level-1 sample
size = 100 and level-2 sample size = 200, or level-1 sample size = 50 and level-2
sample size = 400.

CI width contour plots for categorical Z; with small and large 7{, are in Sup-
plementary Figures 4 and 5 (online supplementary material 1). When 7}, was
small, shaded regions shifted upward and rightward, requiring larger sample
sizes. When 7j; was large, the region meeting power criteria shifted slightly
downward, reducing required level-1 sample size, but no conditions simultane-
ously met both power > 0.8 and rbias < 0.1 for all random effects.

Supplementary Figure 6 [Figure 6: see original paper| (online supplementary
material 1) shows that unbalanced designs shift shaded regions rightward, re-
quiring larger level-2 sample sizes (at least 400) to meet power criteria.
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(a) Power + CI width contour plot
(b) Power + random effect accuracy 4+ CI width contour plot

Figure 3 CI width contour plots for categorical Z; under balanced design in
Study 2

(a) Power + CI width contour plot
(b) Power + random effect accuracy + CI width contour plot

Figure 4 CI width contour plots for continuous Z; under balanced design in
Study 2

6 Example Demonstration

This section demonstrates how to use the developed function to generate CI
width contour plots for sample size planning in practice.

Suppose a researcher wants to examine whether certain personality traits (e.g.,
honesty, morality, humor) influence attractiveness to opposite-sex individuals,
referencing a similar study on loyalty and attractiveness (Xu et al., 2020). That
study used a single-factor within-subject design with non-repeated stimuli, pre-
senting participants with opposite-sex faces paired with sentences describing
relationship loyalty, and asked them to rate attractiveness. Loyalty (loyal vs. dis-
loyal) was a within-subject factor with 20 non-repeated stimuli per condition.
Results showed significantly higher attractiveness ratings for loyal potential part-
ners. Researchers can use our proposed method for sample size planning.

First, select parameters for data generation by drawing from similar published
research. For Xu et al.’ s (2020) original data, we fitted Model 1 with loy-
alty as the independent variable and standardized face attractiveness ratings as
the dependent variable. Detailed code and results are in online supplementary
material 4. Based on results, we obtained: 8, = 0.578, 8, = 0, 1759 = 0.223,
711 = 0.249, wyo = 0.779, 0 = 0.017.

Second, set parameters and call the function to generate evaluation results and
CI contour plots. Set replications to N = 1000, level-1 sample size to six levels:
40, 80, 120, 200, 300, 400, and level-2 sample size to six levels: 10, 30, 50, 70,
100, 200, with equal trial numbers across conditions. Acceptable maximum 95%
CI width was 0.8 - 0.2 = 0.6. Preset contour levels for 95% CI width were kd <-
c(0.3,0.4,0.5,0.6,0.7,0.8). The function call is shown in Figure 5 [Figure
5: see original paper].

source("samplesize_ {LMEM}.R")
N <- 1000

I <- ¢(10,30,50,70,100,200)
J <- ¢(40,80,120,200,300,400)
P1 <- 0.5

P2 <- 0.5

#input 95J,CI breaks
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kd <- ¢(0.3,0.4,0.5,0.6,0.7,0.8)

#Model1

getModelOne (I, J,P1,P2,N,0.5775,0,0.223098,0.24948,0.779,0.01706)
generatePicData("modelOne_{{{evaluation}}_ {{accuracy}}}",kd,c(0, max(I)),c(0, max(J)),I,J,I

Figure 5 Function call statements for sample size planning in example demon-
stration

Third, run the program to obtain the evaluation file “modelOne__ {{{evaluation}}_{{accuracy}}}.csv”
and the power + CI width contour plot (Figure 6). Based on the plot, to meet

power > 0.8 with 95% CI width < 0.6, the minimum recommended sample

sizes are: 80 trials with 20 subjects, 60 trials with 30 subjects, or 40 trials with

70 subjects.

Figure 6 Power + CI width contour plot for example demonstration

Note: Since no conditions simultaneously met both power > 0.8 and rbias < 0.1
for all random effects, a power + random effect accuracy + CI width contour
plot could not be generated.

7 Discussion

This study addressed sample size planning for LMEMs using simulation meth-
ods, examining within-subject experimental effects and between-subject mod-
eration effects through two simulation studies. We investigated how experi-
mental effect size, random slope variance, subject variable type, and balanced
vs. unbalanced designs influence sample size recommendations, demonstrating
the application of CI width contour plots. The goal was to provide methodolog-
ical guidance and practical tools for researchers. Key findings are summarized
below.

First, regarding convergence, Model 1 showed virtually no convergence prob-
lems. For Model 2, some convergence issues occurred when random slope vari-
ance was small and a maximal model was fitted.

Second, regarding power, larger effect sizes yielded greater power. Power was
lower for categorical than continuous subject variables. Balanced designs showed
higher power than unbalanced designs. The relationship between power and
sample size depended on the level of the examined effect: power for level-1
independent variables was primarily affected by level-1 sample size, while power
for level-2 independent variables was more affected by level-2 sample size. The
two level sample sizes showed compensatory effects, but increasing sample size
at the level of the effect of interest better compensated for small sample sizes
at the other level.

Third, regarding effect size and standard error estimation accuracy, fixed ef-
fects were accurately estimated across all conditions when the fitted model was
correctly specified. However, CI width was affected by balanced vs. unbalanced
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designs and random effects. Unbalanced designs produced wider Cls. For level-
2 variable moderation effects, larger random slope variance produced wider Cls
and larger standard errors. Standard error estimation accuracy was high across
conditions.

Fourth, regarding random effect estimation accuracy, residual variance was ac-
curately estimated. Random intercept and random slope variance estimation
accuracy was affected by balanced vs. unbalanced designs and random slope
variance magnitude. For models with only within-subject independent variables,
unbalanced designs reduced estimation accuracy for random intercept and ran-
dom slope variances. Larger random slope variance decreased random intercept
variance estimation accuracy but increased random slope variance estimation
accuracy. Small random slope variance led to overestimation of random slope
variance, while large random slope variance led to overestimation of random
intercept variance.

7.2 Practical Recommendations

This study aims to illustrate sample size planning methods using two typical
LMEMs. Based on the research process and results, we offer the following
recommendations.

First, sample size planning should integrate both power analysis and effect
size accuracy analysis. Traditional sample size planning based solely on power
analysis (e.g., Schultzberg & Muthén, 2018) ensures adequate power (> 0.8).
However, as more journals and institutions call for reporting effect sizes and Cls
alongside significance, effect size estimation accuracy has become increasingly
important (Maxwell et al., 2008). Power analysis and CI width-based planning
are related yet distinct. Both relate to standard error: in fixed-effects models, CI
is defined as 4+ 1.96 x SE. In random-effects models, random effect variances
contribute to standard error calculations, yielding larger standard errors and
wider CIs. Smaller standard errors produce narrower Cls and more accurate
effect size estimates. Assuming a non-zero true effect, narrower Cls are less
likely to include 0, yielding higher power (Cohn & Becker, 2003). However,
while larger true effect sizes increase power (as Cls are less likely to include
0), they do not affect CI width. Thus, larger effect sizes reduce sample sizes
needed for adequate power but do not change sample size requirements based
on CI width, consistent with our findings. This study found that sample size
recommendations based on power analysis and effect size accuracy do not always
coincide. For example, Figure 2(b) shows that for medium level-1 effect size,
with level-2 sample size = 50, only 30 trials were needed for power > 0.8, but
the 95% CI width was approximately 0.7, exceeding the acceptable maximum.
Therefore, both criteria should be integrated when determining final sample size
recommendations.

Second, when using simulation-based sample size planning, carefully determine
parameters for the data-generating model. Power and effect size accuracy anal-
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ysis require prespecifying model parameters (e.g., expected effect size, ICC) to
generate data under a specific model. We emphasize that this study’ s primary
purpose is to illustrate methods and CI contour plot usage; our parameter set-
tings may not represent most real-world situations. In practice, researchers can
obtain these values from previously published similar studies, pilot data, meta-
analyses, or expert opinions about minimally important effects (Pek & Park,
2019). However, some researchers note that using point estimates of effect size
as true values ignores uncertainty regarding the unknown population effect size
(Pek & Park, 2019), potentially yielding biased results. Therefore, some advo-
cate methods that account for uncertainty, such as Bayesian hybrid approaches
(Pek & Park, 2019).

Third, applied researchers can determine recommended sample sizes using our
two types of CI width contour plots based on specific research needs. Building on
Baker et al.” s (2021) power contour plots, we propose CI width contour plots
that enable researchers to simultaneously consider multiple requirements and
identify optimal sample sizes. Researchers can choose which plot to use based
on their needs. If only power and effect size estimation accuracy are of interest,
use power + CI width contour plots. If random effect estimation accuracy
is also important—for example, to further analyze individual differences (e.g.,
using mixed-effects location-scale models, Williams et al., 2021) or to accurately
calculate R? measures that incorporate random effects (e.g., Rights & Sterba,
2019)—use power + random effect accuracy + CI width contour plots. For CI
width criteria, researchers can follow our approach, reference CI widths from
previous studies, or determine critical values based on their study’ s precision
needs.

Finally, in practice, sample size planning involves comprehensive consideration
of power, effect size accuracy, and research costs. Considering only power and ef-
fect size accuracy often leads to large recommended sample sizes, substantially
increasing costs. This is especially impractical for resource-intensive studies
(e.g., IMRI research). Therefore, some researchers have proposed methods that
incorporate cost functions to identify sample sizes that meet power requirements
while minimizing cost (e.g., Baker et al., 2021). For example, Baker et al.” s
(2021) web application incorporates per-subject costs to calculate recommended
sample sizes that achieve 80% power at minimum cost. Beyond cost, real-world
sample size determination involves various constraints and prioritized require-
ments. Applied researchers can adapt our methods to their specific needs.

7.3 Future Directions

This study has limitations that future research could address. First, our simu-
lation studies examined only experimental effect size, random slope magnitude,
subject variable type, and balanced vs. unbalanced designs, fixing many other
factors. Future research could investigate effects of covariance between ran-
dom intercepts and slopes, stimulus random effect variance, and other factors
to enrich findings. Second, this study focused on within-subject designs where
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stimuli are nested within experimental conditions without stimulus-by-condition
interactions, assuming binary experimental conditions and continuous outcomes.
Future research could extend to other designs, continuous independent variables,
categorical outcomes, and other scenarios to expand function capabilities. Fi-
nally, this study did not address uncertainty in expected effect sizes, failing to
reflect real-world design challenges. Future research could adopt Pek and Park’
s (2019, 2023) approach of using power and effect size accuracy distributions for
sample size planning.
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