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Abstract: The growing availability of open-access analysis scripts has facilitated the use of advanced statistical methods such as response
surface analysis (RSA). However, accessibility alone does not ensure appropriate application. In this commentary, we consider a
published study as one illustrative case study, showing how the use of shared scripts—even from expert sources—may lead to fragile
conclusions if methodological assumptions are overlooked. Through a detailed reconstruction of the modeling process, we identify
mismatches between analytic choices and theoretical aims, including issues in model specification, data treatment, and interpretation.
A small simulation further illustrates how routine preprocessing decisions, such as handling missing data or centering predictors, can
meaningfully alter the fitted surface, underscoring the practical consequences of these choices. We offer practical suggestions to help
researchers identify common pitfalls in the use of RSA. We also place these observations in the broader context of open science,
highlighting how transparency in analysis must be accompanied by careful scrutiny of modeling assumptions. This reflection aims to
support more enlightened analytic practices and encourage cautious engagement with complex statistical techniques. In doing so, we
argue that the benefits of open-access tools can be fully realized if paired with clear methodological awareness and sound theoretical
reasoning.
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1. Introduction and interpretation still require a solid understanding of the sta-
tistical concepts involved. Indeed, with great power of statistical

“With great power there must analysis comes great responsibility of statistical knowledge.
also come—great responsibility!” A recent study by Leroy et al. [4] on stereotype effects at
Lee, S., & Ditko, S. (1962)!. school offers a useful case for illustrating challenges that can arise
Amazing Fantasy (#15). when complex methods are applied without sufficient attention
Marvel Comics. to underlying statistical assumptions. The study used response

surface analysis (RSA), a technique combining polynomial regres-
sion and graphical interpretation to examine how outcomes vary
across combinations of two predictors. While RSA has gained
increasing attention in recent years [5-7], it also demands care-
ful attention to modeling assumptions and interpretation. In this
case, the analysis relied on R scripts provided by RSA developers
[5], yet several methodological challenges remained—suggesting
that open scripts alone may not be sufficient in the absence
of deeper statistical understanding. The study’s publication in a
high-impact journal Learning and Instruction further underscores
how such issues may persist even through peer review. Impor-
tantly, the challenges discussed here are not isolated but can
be found—albeit more scattered—in other recent studies using
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The development of open-access data and scripts has con-
tributed to major advances in the dissemination of advanced
modeling techniques in the social sciences, including education.
This progress reflects growing calls for data and code sharing
to improve reproducibility, particularly in disciplines facing con-
cerns about replicability (e.g., psychology) [1, 2]. It is further
supported by platforms for open dissemination (e.g., Open Sci-
ence Framework) and statistical software environments such as R
[3]. However, while advanced techniques can now be implemented
more easily using openly shared scripts, their correct application

The purpose of this article is to examine these challenges
through a detailed reconstruction of one published RSA. This
case was selected because the availability of open materials and
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an analytic pipeline made it possible to trace each modeling step
with precision. Our aim is not to reassess the study’s substantive
conclusions but to clarify how specific analytic choices influence
the fitted surface and how guidance from the methodological lit-
erature can help researchers navigate these decisions. In doing so,
we hope to contribute to broader conversations about method-
ological transparency and to support more robust practices in
the applied use of complex analytical techniques in educational
research.

2. Case Study Context: A Response Surface Analysis
of Stereotype Threat Effects in Education

Leroy et al. [4] set out to examine the extent to which a com-
monly held gender stereotype in the school context—specifically,
the belief that boys are better at math than girls—affects students’
academic self-perceptions and outcomes. Drawing on prior work,
they distinguished between “stereotype knowledge” (being aware
of the stereotype) and “stereotype belief” (endorsing its validity)
[11]. Earlier studies had shown that both forms of endorsement
could negatively impact students, especially girls, and that their
combination might further intensify these effects [12, 13].

While the theoretical basis of the study was built on well-
established ideas, its methodological novelty lay in the use of RSA
to explore how stereotype knowledge and belief might interact.
RSA enables researchers to examine how an outcome varies across
combinations of two predictor variables, focusing in particular on
the line of congruence (LOC), where predictors are equal, and the
line of incongruence (LOIC), where they differ most. In this case,
RSA was used to model how math self-efficacy and achievement
varied depending on students’ levels of stereotype knowledge and
belief.

The technique relies on polynomial regression to allow both
linear and nonlinear patterns in this joint influence. The quadratic
polynomial model z = by + b; X+ b, Y + b;X° + b XY + b5 Y?
is commonly used for this purpose because its coefficients can
be rearranged to describe the outcome’s behavior along the LOC
and the LOIC, notably with the function z(LOC) = by + a1 X +
a,X? and the function z (LOIC) = by + a3 X + a,X°, where
ay=b;+by,ap=b3+bys+bs,a3=b,—b,,a, =b3—by+b;s
[5]- These composite parameters, rather than the individual poly-
nomial terms, summarize the slope and curvature of the surface
in the regions that correspond to the researcher’s hypotheses
and therefore provide the main basis for interpretation. RSA

also involves projecting the fitted surface to examine its geom-
etry in relation to the expected pattern, for example, whether
the outcome increases when the predictors align or whether
curvature suggests diminishing or amplifying effects at extreme
combinations.

The dissemination work by Humberg et al. [5] has made
RSA more accessible to applied researchers by providing detailed
introductions, ready-to-use scripts, and a dedicated R pack-
age with graphical capabilities. These resources have encouraged
broader use of RSA and made its application more intuitive. For
example, in their description of the analytic procedures, Leroy
et al. [4] noted that their RSA was based on scripts developed
by Humberg et al. [5], which offer detailed guidance and visual-
ization tools that have greatly enhanced the accessibility of RSA
in applied research. At the same time, the apparent simplicity
of these tools can obscure analytic decisions that are central to
the method. Choices concerning centering or standardization,
treatment of missing data, comparison of polynomial levels, and
interpretation of surface parameters are not technical details but
integral parts of the modeling framework. As the sections below
describe, several aspects of the implementation in the case study
illustrate how these steps influence the shape and interpretation
of the fitted surface and why they require careful consideration in
applied RSA.

3. Analytic Approach

To examine the methodological issues arising in the appli-
cation of RSA in the case study, we conducted a close review
of the research and of the publicly available analysis scripts
and data. We systematically reconstructed the modeling pipeline,
comparing stated analytic intentions with actual implementation
choices in the code and reported outputs. Our evaluation drew
on established RSA guidelines [5, 6, 14], with a focus on spec-
ification alignment, data handling, variable transformation, and
model interpretation. When discrepancies were detected between
reported procedures and the underlying statistical logic, we
cross-validated these against recommendations from the method-
ological literature. Where appropriate, we referenced alternative
modeling strategies that could have clarified or corrected the
analytic claims. This structured approach was intended not only
to identify common pitfalls in an illustrative study case but
also to distill broader lessons for applied research using RSA
(Table 1).

Table 1
Summary of methodological issues and possible corrections

Methodological issue ‘What the case study did

Why this is an issue

Correction

1. Mismatch between Hypotheses were framed as

research hypothe- linear, yet quadratic RSA
ses and RSA was applied (Table 2)
specification

2. Mismatch between
reported missing
data treatment and
actual specification
appearing in the
RSA scripts

Analyses were conducted with
listwise deletion, despite
the methods section stating
FIML was used

Quadratic RSA addresses
hypotheses about nonlinear
(quadratic) processes

Listwise deletion and FIML are
two incompatible and contra-
dictory ways of treating missing
data

Introduce hypotheses positing non-
linear effects of predictors on the
outcomes

Replace the statement “na.rm =
TRUE” by “na.rm = FALSE, miss-
ing = ‘fiml’ ” to account for missing
data using the FIML estimation
procedure
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Table 1
(Continued)

Methodological issue

What the case study did

Why this is an issue

Correction

3. Confusion of z-
standardization
and grand-mean
centering in RSA

4. Inappropriate
sensitivity analysis

5. Lack of testing for
differences between
boys and girls

6. Overreliance on
single RSA parame-
ters to interpret the
response surfaces

Predictors were described as
both z-standardized and
grand-mean centered

Sensitivity analysis was
reported for the full sample,
though RSA was conducted
separately for boys and girls

RSA differences between boys
and girls were interpreted as
reflecting gender variations
in the processes, without
tests

Interpretation relied on indi-
vidual regression terms
rather than composite sur-
face parameters, leading to

Standardization to z scores and
grand-mean centering are two
opposite ways of transforming
variables

The sensitivity analysis should be
conducted on the same sample
as the one used in the RSA

Group differences can only be
inferred using formal tests for
measurement and structural
differences

Response surfaces are a byprod-
uct of all polynomial effects,
isolated inferences may be
misleading

Choose and justify one and only
standardization procedure for the
analysis (e.g., z-standardization,
grand-mean centering, grand
standardization)

Conduct sensitivity analyses sep-
arately for all samples (or the
smallest sample) used in the final
RSA

Compeare single-group and multi-
group (boys vs. girls) solutions
using likelihood ratio test (LRT)
and fit indices

Characterize the response surface
accurately by identifying meaning-
ful curvatures in the surface (e.g.,
extrema)

interpretive error (Figure 1)

Final models for RSA were
based only on the fact
that they significantly dif-
fered from an empty model
(omnibus F test)

7. Lack of assessment
of model fit required
for RSA

Nonlinear effects should be tested
before concluding the existence
of nonlinear processes

Test the relevance nonlinear effects
by comparing nested or non-nested
models using comparative fit
indices

Note: Explanations and corrections are based on applied statistics and RSA methodology.

4. Dissecting the Knowledge Gap: Methodological
Issues in RSA and Ways to Rectify Them

We now examine a series of methodological issues—
conceptual, operational, interpretive, and statistical—that
emerged in the application of RSA by Leroy et al. [4]. While
based on a single study, the issues reflect broader challenges that
may arise, particularly when advanced statistical techniques are
implemented using pre-written scripts and key analytical deci-
sions are guided more by technical convenience than by close
alignment with the underlying research questions.

Table 1 summarizes the main concerns identified, their
implications, and proposed corrections. These include model mis-
specification, unclear data handling procedures, and interpretive
inconsistencies. Each issue is discussed in the sections that fol-
low, with the aim of clarifying how similar difficulties might be
recognized and addressed in other contexts.

4.1. Mismatch between research hypotheses and RSA
specification (issue 1)

Although RSA can be used to examine both linear and
nonlinear relations, the interpretation of a quadratic model
depends on whether second-order patterns are anticipated the-
oretically. Linear expectations concern directional effects along
the line of congruence or incongruence, whereas quadratic mod-
els imply expectations about curvature in these regions [5, 6].
In the case study, however, all four hypotheses expressed lin-
ear expectations—such as higher self-efficacy when belief is lower
than knowledge or when both are low—without specifying any
nonlinear components. As shown in Table 2, these expectations

emphasize first-order relations and therefore do not align with the
quadratic model that was estimated.

The only partial exception is Hypothesis 3, which refers to
“the degree of discrepancy in favor of belief.” This could be taken
to suggest a curvilinear effect along the LOIC, yet the wording
remains ambiguous. As phrased, H3 appears to restate H2 in dif-
ferent terms rather than positing a distinct, second-order effect.
If the intention was to test whether outcomes become increas-
ingly negative at higher levels of discrepancy, this would require
a clearer, explicitly quadratic hypothesis.

This mismatch makes it difficult to align the estimated
surface with the stated hypotheses and introduces a risk of mis-
interpretation of the results. To avoid this, future studies should
ensure that the statistical model reflects the theoretical claims
being tested. When using quadratic RSA, this means formulating
hypotheses that include possible nonlinearities, such as threshold
effects at extreme values of congruence or discrepancy [6, 15].

4.2. Mismatch between reported missing data
treatment and actual specification appearing in the
analysis scripts (issue 2)

In the “Data preparation” section, the case study stated that
missing data were handled using full information maximum likeli-
hood (FIML), noting that this approach reduces bias, particularly
when missingness affects squared or interaction terms. This con-
cern is well established, as polynomial models depend on the
joint behavior of X, Y, X 2 XY, and Y2, which are sensitive to
distortions in the covariance structure. FIML operates by esti-
mating model parameters from all available data points under
the assumption that data are missing at random and does so
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Table 2
Mismatch between study hypotheses and use of quadratic RSA

Hypothesis

Model specification Response surface

H1: “We expected math self-efficacy and performance to be
higher for girls when knowledge and belief of the negative
stereotype aligned at a low level [...] rather than at a high
level.”

H2: “We expected math self-efficacy and performance to be
higher for girls when stereotype belief is lower than stereotype
knowledge [...] rather than when stereotype belief is higher
than stereotype knowledge.”

H3: “We expected girls’ math self-efficacy and performance to
decrease as the degree of the discrepancy in favor of belief
increased.”

H4: “We expected that when stereotype knowledge and stereo-
type belief were aligned at a high level, girls’ self-efficacy and
math performance would be lower than when stereotype belief
was lower than stereotype knowledge [...]. Additionally, we
expected math self-efficacy and performance to be higher
when stereotype belief is higher than stereotype knowledge [...]
compared to when stereotype knowledge and stereotype belief
are aligned at a high level.”

z=by+ b X+ b,Y+e Linear (not quadratic)
with:

a1=b1 + b2>0

Z:b0+b1X+b2Y+€
with:
a3=b1 —b2<0

Linear (not quadratic)

Same as H2 Linear (not quadratic)

z=by+ b X+ b,Y+e Linear (not quadratic)

with:
a,=b, + b,>0
a3=b;—by, <0
las] > lai|

Note: The general form of the equation to test for quadratic relationships in RSA using polynomial regression is Z = by + b1 X +
by Y + b3X? 4+ by XY + bsY? + e, where Z is a dependent variable, X is predictor 1 (stereotype knowledge), and Y is predictor 2
(stereotype belief). None of the hypotheses imply second-order effects (i.e., b3, by, or bs) that are characteristic of quadratic RSA.

without discarding cases [16, 17]. However, the R scripts asso-
ciated with the study specified na.rm = TRUE, which performs
listwise deletion. Because listwise deletion removes any case with
a missing value on any variable, it modifies the covariance matrix
on which polynomial models depend and can lead to parame-
ter estimates that differ systematically from those obtained with
FIML. These two approaches—listwise deletion and FIML—
rely on incompatible assumptions and therefore cannot be used
interchangeably.

This discrepancy affects both the reproducibility and inter-
pretability of the resulting response surface (see 4.8 for an
illustration). Unfortunately, it is not possible to assess how the
use of listwise deletion influenced the results of the case study,
because the data currently available on the study’s OSF repository
have already been reduced to complete cases—198 girls and 255
boys—whereas the reported sample consisted of 294 girls and 272
boys. In other words, the OSF data reflect the outcome of list-
wise deletion and cannot be used to re-estimate the models using
FIML.

This pitfall could have been avoided by adapting the R
scripts (retrieved from Humberg et al. [5]) and specifying na.rm
= FALSE to retain the missing data for analysis, in combination
with estimation procedures compatible with FIML?.

>The change to the OSF script—replacing na.rm = TRUE with na.rm =
FALSE—was introduced on March 16, 2025 (according to the blinded
OSF repository), shortly after the authors were granted access to an ear-
lier version of this manuscript during the peer-review process. However,
because the repository was shared via a view-only link (https://osf.io/
s57nb/?view_only=be45e71d9442410caf1e9bdd5b5d4170), no version his-
tory is preserved, and the original script containing na.rm = TRUE is
no longer publicly accessible. The dataset uploaded alongside this revi-
sion had already been listwise-deleted, rendering the script modification
inoperant and potentially misleading. To safeguard against further loss
of transparency, we provide the original script and data used by the
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4.3. Confusion of z-standardization and grand-mean
centering (issue 3)

In their description of data preparation, Leroy et al. [4] stated
that both predictors were “z-standardized based on the grand
mean” and subsequently noted that they centered the variables at
the grand mean. This phrasing conflates two distinct transforma-
tions. Z-standardization rescales each variable individually to have
a mean of zero and a standard deviation of one, whereas grand-
mean centering subtracts a single shared mean from both variables
without altering their variances. The former is a within-variable
transformation; the latter is a between-variable alignment proce-
dure intended to place predictors on a common reference point.
Treating these procedures as interchangeable makes it unclear how
the variables were prepared and complicates the interpretation of
the polynomial components.

These distinctions are not merely terminological. RSA relies
on squared and interaction terms whose magnitude depends
directly on the scaling of the predictors. As a result, different
transformations can produce surfaces that differ in shape, cur-
vature, and orientation. When it is unclear how the predictors
were transformed, the interpretive meaning of the resulting sur-
face parameters becomes uncertain, particularly for the curvature
components derived from the quadratic terms.

A brief numerical illustration may help clarify this point.
Suppose three hypothetical observations for stereotype knowledge
and stereotype belief are (4, 6), (5, 5), and (6, 4). Grand-
mean centering subtracts the same overall mean (M = 5) from
both variables, producing centered values of (-1, 1), (0, 0), and
(1, =1). Z-standardization, by contrast, rescales each variable
using its own mean and standard deviation, yielding values that

authors via the following archival OSF repository: [https://osf.io/fcqr2/
overview?view_only=82fe0a78a36e4993b03a676c5¢14638b].
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differ both in location and spread. The squared and interaction
terms derived from these two sets of transformed predictors are
therefore not equivalent. Because the curvature of the response
surface depends on these higher-order terms, different transfor-
mations can lead to different surface shapes (see 4.8 for an
illustration). Clear reporting of the chosen procedure is therefore
essential.

As the shared analysis script contained data that had already
been listwise-deleted and transformed, it is not possible to evalu-
ate whether the choice of standardization influenced the reported
findings. This pitfall could have been avoided by applying a clearly
defined transformation aligned with RSA recommendations (e.g.,
z-standardization or grand standardization) and preserving raw
input data to allow others to evaluate its impact on the analysis.

4.4. Inappropriate sensitivity analysis (issue 4)

In the “Participants” section, the case study reported
conducting a sensitivity analysis indicating that, with 566 par-
ticipants, their design could detect effects as small as d = 0.16.
However, the RSA models were fitted separately for girls and
boys, using subsamples of 294 and 272 participants, respectively.
This introduces a mismatch between the reported sensitivity and
the actual sample sizes used in the analyses. As a result, the anal-
yses had approximately half the statistical power reported by the
authors.

This issue is particularly relevant in RSA because polynomial
models consume more degrees of freedom than linear models and
therefore require larger samples to detect curvature or asymmetry
in the response surface. When the sample size is overestimated,
the risk increases that true nonlinearities remain undetected, pro-
ducing null findings that may reflect limited power rather than the
absence of nonlinear associations [5]. Indeed, several of the mod-
els reported by Leroy et al. [4] did not yield significant curvature
effects, especially for achievement outcomes, making it difficult
to determine whether these null results reflect genuine linearity or
insufficient power.

This pitfall could have been avoided by aligning the sensitiv-
ity analysis with the analytic subsamples or by reporting power
estimates separately for each group, which would have provided
a more accurate basis for interpreting the results.

4.5. Lack of testing for differences in RSA between
boys and girls (issue 5)

Leroy et al. [4] estimated separate RSA models for girls
and boys and interpreted apparent differences in the shape and
strength of the surfaces. However, no formal test was reported
to evaluate whether the model parameters differed significantly
across groups. This is concerning because apparent differences
between groups, be it in terms of direction or significance of
effects, may simply reflect non-informative, random sampling
variance or measurement error [18]. Without explicit tests, it is
not possible to determine whether the observed differences reflect
true group-level variation or are simply due to random variation
in parameter estimates.

In the context of RSA, assessing group differences requires
evaluating whether the polynomial coefficients—and therefore the
surface parameters—differ across groups in a statistically mean-
ingful way. This typically involves estimating multigroup models
(boys vs girls) with and without invariant path coefficient con-
straints and comparing their relative fit, as illustrated in previous
applications [19]. Formal tests of this kind would clarify whether

the reported differences in responses to stereotype knowledge and
belief reflect genuine gender-related variation or fall within the
range of sampling variability.

4.6. Overreliance on single parameters to interpret
response surfaces (issue 6)

In reporting their results, the case study emphasized the sig-
nificance or direction of individual regression coefficients when
interpreting the response surfaces. For instance, they highlighted
the presence or absence of isolated polynomial terms (e.g., b3,
b,) to describe whether the surface exhibited curvature or con-
gruence effects. However, interpretations based on isolated terms
can misrepresent the surface as a whole.

RSA methodology has consistently emphasized the impor-
tance of considering all parameters in a polynomial regression
model before interpreting the response surface, notably by iden-
tifying extrema that reflect the joint behavior of the predictors
[5, 15]. This is because the surface arises from the combined
influence of all coefficients shaping its curvature (e.g., b3, by, or
bs) and location (i.e., b;, by). Only when certain parameters are
small can they be disregarded—and even then, this requires formal
testing [20].

By contrast, the study by Leroy et al. [4] interpreted response
surfaces based on isolated polynomial terms. For example, in the
model predicting girls’ self-efficacy, the authors noted that the cur-
vature along the LOC was negative (¢, = —0.06) and concluded
that alignment between belief and knowledge had a detrimental
nonlinear effect on self-efficacy. This interpretation was mislead-
ing because the quadratic effect of the LOC a, = b3 + by +
bs actually reduced to the quadratic effect of stereotype belief
b3 = —0.07, which was the only significant and nontrivial effect
(i.e, by and bs were close to null). In other words, the appar-
ent nonlinear effect of alignment was illusory, as it only reflected
variations in stereotype belief (not in alignment).

A similar issue arises in the model for boys’ self-efficacy (see
Figure 1). There, the study interpreted the negative interaction
term (by = —0.05) as indicating that high knowledge dampens
the positive effect of belief. This led them to infer that the highest
self-efficacy levels would be found when belief is high but knowl-
edge is low or, stated otherwise, with predictor values situated
near 1 SD above the mean for belief and 1 SD below the mean
for knowledge. However, when using all parameters to locate the
extremum of the surface, the vertex is found at approximately
(X, Y) = (1.3,0.1)—that is, above-average levels of both belief
and knowledge. Likewise, the negative quadratic effect on the
LOC (i.e, a, = —0.085) was used to suggest that alignment at
high levels leads to lower self-efficacy. However, this interpretation
overlooks that the positive slope along the LOC (i.e., a;=0.19)

predicts an increasing trend, shifting the extremum to X,,, =
aj 0.19

= ——— = 1.12 [15]. The surface predicts maximum
—2a; —2%—0.085

self-efficacy not at low levels of belief and knowledge—as the
authors implied—but at high, aligned values on both predictors,
contradicting their interpretation (Figure 1).

These misinterpretations resulted from considering parame-
ters in isolation. They could have been avoided by examining the
response surface as a whole, using composite surface parameters
(a; to ay) that summarize slopes and curvatures along the lines of
congruence and incongruence. These parameters, together with
visual inspection of the surface and calculation of extrema, offer
a more reliable basis for interpretation in RSA.
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Figure 1
Misinterpretations due to overreliance on single parameters

Response Surface (3D plot)

Response Surface (Contour Plot)
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Note: Figure reproduced from the case study data. Peaks in red indicate the highest levels of self-
efficacy misinterpreted due to overreliance on single polynomial parameters, while peaks in green show
the true highest levels computed by incorporating all parameters, as provided by the R package RSA.

4.7. Lack of assessment of model fit required for
RSA (issue 7)

Final models for RSA in the case study were validated only
based on the observation that they significantly differed from an
empty model (omnibus F test). However, RSA relies on polyno-
mial components whose contribution must be evaluated relative
to simpler specifications. In this context, omnibus tests do not
indicate whether the inclusion of quadratic terms improves the
representation of the data or whether the observed surface fea-
tures reflect meaningful structure rather than sampling variation.
Nonlinear effects should be tested before concluding the existence
of nonlinear processes, especially because curvature along the
LOC and LOIC depends directly on the second-order parameters.

In the present case, several of the reported polynomial effects
were nonsignificant [4], which raises questions about whether
the estimated nonlinearities were necessary or whether a simpler
linear model would have sufficed. Best practices in RSA recom-
mend assessing whether a more complex polynomial model (e.g.,
including quadratic or cubic terms) provides a significantly bet-
ter fit than a simpler model (e.g., linear model), for example, by

06

examining AR? or chi-square difference tests for nested models,
and information criteria such as Akaike information criterion
(AIC) or Bayesian information criterion (BIC) for broader com-
parisons [5-7, 14, 15]. Without such comparisons, it is difficult
to judge whether the selected model is appropriately specified or
whether its curvature is an artifact of overfitting or noise.

4.8. Simulation example of how analytic decisions
can distort RSA results

To illustrate how analytic decisions can influence the behav-
ior of an RSA, we conducted a small simulation based on the
response surface for girls’ self-efficacy, which was the clearest pat-
tern reported in the case study>. Using the polynomial coefficients
reported in the work from Leroy et al. [4] as population-generating
values, we first simulated stereotype belief and stereotype
knowledge as correlated predictors (r = 0.43), matching the distri-
bution reported for girls. Self-efficacy scores were then generated

3The simulation results can be reproduced here: https://osf.io/feqr2/
overview?view_only=82fe0a78a36e4993b03a676¢c5¢14638b.
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from the quadratic model using these predictors, with random
error added to approximate the variability observed in the empir-
ical data. This dataset represents the “true” process, in which
all cases are complete, predictors retain their original scales, and
the RSA is estimated using all available information (Figure 2,
Panel A). From this baseline, we examined how the fitted surface
changes when applying three analytic modifications that mirror
issues discussed earlier.

First, to reflect the consequences of listwise deletion, we
imposed missing data using a simple missing-at-random mecha-
nism in which observations with values above approximately +1
SD on either predictor had a higher probability of being removed.
We then estimated the RSA using only the remaining complete
cases. As shown in Figure 2 (Panel B), the resulting surface devi-
ated substantially from the simulated process, with noticeable
shifts in curvature.

Second, to illustrate the effect of grand-mean centering,
we analyzed the complete simulated dataset after centering the
raw predictors on their pooled mean before constructing the
polynomial terms. This transformation altered the scale and align-
ment of the predictors, leading to changes in the curvature and

orientation of the response surface (Figure 2, Panel C). Because
squared and interaction terms in RSA are sensitive to the scale
of the underlying predictors, such changes directly affect the
behavior of the fitted surface.

Finally, we combined these two modifications by imposing
missingness as above and then applying grand-mean centering
(Figure 2, Panel D). This produced the largest deviations from
the “true” surface, with both curvature and the predicted maxi-
mum shifting markedly. In this scenario, the overall shape of the
original surface was no longer readily recognizable.

Taken together, this simulation shows that the handling of
missing data and the choice of standardization or centering pro-
cedures can meaningfully distort the geometry of an RSA surface.
These findings do not imply that the results of the original study
are necessarily affected in the same way. Because the publicly
available dataset in the work of Leroy et al. [4] has already under-
gone listwise deletion and transformation, it is not possible to
assess how these analytic choices influenced their reported sur-
faces. The simulation serves only to illustrate how such decisions
can shape RSA results and why transparent reporting of each step
is important in applied research.

Figure 2
Response surfaces obtained under different analytic conditions in the simulation study

A. Simulated Process (True)

self-efficacy

z:=

B. Listwise deletion

o

>
3 4 g
« o
8 o
& =
> [
o 3 o
° 3
"
n
N 2 )
1
r e S
&/e’ 3
D 4 2 -1 o be\'\e‘
o, 3 -2 2oWyP
y, 3 2 e
0, %%
)

D. Listwise deletion
+Grand-mean centering

self-efficacy

z=
[N)

S 3
%’@o 0 1 2

? =

Jb& 2 E be\‘\e‘

’F/,O 2 o“pe
Yy 3 - 9e®
G% *Z
©

Note: Panels illustrate the response surface implied by the simulated “true” process (A), together with surfaces estimated
after listwise deletion (B), grand-mean centering (C), and the combination of both procedures (D). The simulation uses
the polynomial coefficients for girls’ self-efficacy reported in the case study [4] as the population-generating model. The
comparison shows how missing data handling and centering decisions can alter the shape, curvature, and extremum of
the fitted surface. Because the publicly available data from the original study had already undergone listwise deletion
and transformation, it is not possible to determine whether similar distortions occurred in their analyses; the figure is
intended only to illustrate how such analytic choices may have influenced RSA results.
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5. Discussion

The present case reflection has examined a series of method-
ological issues that arose in the application of RSA in a recent
educational study. These included inconsistencies between ana-
Iytic goals and implementation, unclear or incorrect treatment
of missing data and variable transformations, and interpreta-
tions that relied too narrowly on individual model terms. While
each point may seem modest on its own, their combined effect
raises concerns about how reliably the results can be interpreted—
especially in methods like RSA, where different parameters
interact in complex ways [5, 6, 15]. For instance, our simula-
tion example based on the case study (Figure 2) illustrated that
routine analytic decisions such as listwise deletion or certain cen-
tering transformations can meaningfully alter the geometry of
a fitted surface, suggesting that even modest deviations from
recommended procedures may have practical consequences for
interpretation.

These concerns do not mean that the study’s conclusions are
necessarily wrong, but that the evidence is itself inconclusive. They
also reflect broader challenges faced by educational researchers
when using advanced statistical techniques—especially when those
techniques are applied through open-access scripts. Even when
such scripts are well-documented, they may be used in ways that
diverge from their intended purpose if the underlying assump-
tions or decision points are not fully understood. This can result
in analyses that appear technically correct but rest on unclear or
inconsistent modeling choices [5].

While the present reflection centers on a single case, sim-
ilar methodological limitations can be observed in other recent
educational studies applying RSA. Other studies by Leroy et al.
[4, 21, 22] illustrate similar modeling and interpreting challenges.
Some of these challenges can also be observed in independent
studies unrelated to these authors. For example, Bai et al. [8], Lan
et al. [9], and Lee et al. [10] each report RSA findings in which
the response surface is interpreted without fully characterizing its
curvature (issue 6) or without reporting model comparisons or
tests of whether nonlinear terms significantly improve model fit
(issue 7). These examples suggest that the challenges illustrated
here are not isolated, but part of a broader pattern in the
applied use of RSA—especially when implementation relies on
shared scripts rather than a full understanding of the modeling
framework.

In this respect, the issues discussed here speak to a broader,
and still emerging, conversation about open science practices
in education [23, 24]. As researchers increasingly adopt open
tools and share analysis scripts, there is growing recognition that
transparency alone is not enough. In the case examined here,
scripts and materials were indeed made available—but the way
they were applied left key analytic decisions—such as how data
were prepared, models specified, or results interpreted—unclear
or inconsistent. As open science gains traction across fields [1, 2],
the ability to share code and data is a valuable step forward. Yet it
must be matched by careful modeling choices and clear alignment
between theory, method, and interpretation.

We hope this reflection contributes to that shift by illustrating
how openness can be strengthened through methodological clar-
ity and thoughtful implementation. In particular, the structured
summary provided in Table 1 may serve as a practical refer-
ence point for researchers and reviewers seeking to avoid similar
pitfalls. In this perspective, we see this reflection as contribut-
ing to a critical examination of how analytic choices shape, and
sometimes obscure, the knowledge claims made in educational

08

research. By drawing attention to these often-implicit modeling
assumptions and by demonstrating their potential consequences
in a simple simulated setting, we hope to support a more reflective
use of quantitative methods—one that remains mindful of their
technical demands.

6. Conclusion

Application of RSA, even when supported by open-access
scripts, can present challenges when analytic decisions are not
closely aligned with the underlying modeling assumptions. We
have sought to clarify how issues of model specification, data
treatment, and interpretation may interact in ways that merit
closer scrutiny. While the discussion is grounded in a single
case, the analytic patterns it highlights are not unique, and they
point to broader questions about the implementation of complex
statistical tools in educational research [25, 26]. We hope this con-
tribution supports ongoing conversations about methodological
transparency and helps foster greater attentiveness to the interpre-
tive demands of advanced modeling techniques as they become
more widely used in applied settings.
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