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Abstract Peugh, Litson, and Feldon (2023) subjected equivalence testing (EQT) toMonte Carlo sim-
ulation accuracy and reliability scrutiny with disappointing results. Marcoulides and Yuan (2025)
subsequently questioned several aspects of Peugh and colleagues’ publication. We engage these
claims and establish three conclusions, among others, related to the applied function of EQT. First,
missing from Marcoulides and Yuan (2025) is consideration of McNeish’s (2023) EQT Monte Carlo
study, which reached similar conclusions to Peugh and colleagues. Second, Marcoulides and Yuan
(2025) claimed to replicate one of Peugh and colleagues’ (2023) simulation conditions, but a closer
examination showed the omission of several key details needed to validate their conclusion. Finally,
published research cited by Marcoulides and Yuan in support of EQT lacked rigorous Monte Carlo
research verifying its accuracy or reliability. Based on results from Peugh and colleagues (2023) and
McNeish (2023), and absent additional definitive Monte Carlo evidence establishing the accuracy
and reliability of EQT, we assert that the encouragement of EQTs continued use is currently without
empirical evidence.
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Introduction

When researchers draw inferences from structural equa-
tion models (SEMs), they also assess how well a statistical
model (ideally derived from theory) fits their sample data
(see Kenny, 2024; Lee &MacCallum, 2015). Accordingly, the
tools used to evaluate model fit must be both reliable and
valid to ensure that inferences based on model interpre-
tation are reasonably appropriate. Although notoriously
widespread, Hu and Bentler (1998, 1999) fit indices (e.g.,
comparative fit index [CFI], root mean square error of ap-
proximation [RMSEA]) have long been known to not meet
these criteria (e.g., Davey, 2005; Fan & Sivo, 2005, 2007;
Hancock & Mueller, 2011; Heene et al., 2011; Marsh et al.,
2004; Millsap, 2007, 2013b, 2013a; Niemand & Mai, 2018).

Marcoulides and Yuan (2017; MY2017 from this point
forward) introduced an intriguing alternative to assess
model fit: equivalence testing (EQT).While recognizing this
proposed EQT as arguably the most significant advance in
model fit assessment since 1999, we also noticed that the
accuracy and reliability of EQT as a model fit assessment
tool had not been established via Monte Carlo simulation
testing (Peugh & Feldon, 2020). Peugh, Litson, and Fel-
don (2023; PLF2023 from this point forward) did subject
EQT to Monte Carlo simulation testing under common ap-
plied research conditions (both skewed and missing data)
with disappointing results (see also Peugh & Feldon, 2024).
In short, under conditions common to real world applied
research (e.g., modest sample size, nonnormality, missing
data), the accuracy and reliability of EQT estimates were
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notably poor.
Marcoulides and Yuan (2025; MY2025 from this point

forward) subsequently called into question several Monte
Carlo simulation design decisions and outcome interpreta-
tions from PLF2023. We respond to these comments and
specifically focus on four in detail to address what we see
as those of consequence. Overall, we focus on EQT’s per-
formance as a fit index in its current form, not its theo-
retical underpinnings or its potential to become a better-
informed fit index in future methodological work, as we
did in the PLF2023 simulation study. Prior to PLF2023, EQT
fit indices had not been subjected to Monte Carlo simula-
tion method scrutiny to ensure that they worked as well as
(or better than) standard traditional cut-point fit statistics
(Hu & Bentler, 1998, 1999), despite the originators’ recom-
mendations for adoption into practice (e.g., see also Mar-
coulides & Yuan, 2024).

Before proceeding, wemake an important point of clar-
ification regarding the findings of PLF2023. Possibly lost in
the mass of Monte Carlo simulation results were the condi-
tions under which EQT did perform adequately. Generally,
both the CFIt and RMSEAt EQT fit indices performed ac-
ceptably (defined as a correct model fit decision “hit rate”
of 80% or greater) across all CFA, path analysis, and SEM
models, under limited conditions: when the population
and data analytic modelsmatched, data were normally dis-
tributed, contained no missing values, and if sample sizes
were N ≥ 300. However, these circumstances rarely, if
ever, occur in applied research, as we discuss further be-
low. Thus, despite its mathematically elegant form, the cur-
rent practical utility of the EQTfit indices as a fit assessment
function is limited.

MY2025’s commentary on the approach and findings
stated in PLF2023 can be distilled into a set of interrelated
critiques concerning how EQT should be evaluated as a
model fit assessment tool. In particular, MY2025 raised spe-
cific concerns about 1) the criteria used to judge EQT per-
formance, 2) the role of misspecification size and tolerable
error, 3) the use of dichotomized fit classifications, and 4)
the interpretation of simulation results relative to conven-
tional fit indices. In the sections that follow, we address
these issues by clarifying the inferential standards histori-
cally required of any model fit assessment method, exam-
ining the accuracy of EQT across applied research condi-
tions, evaluating the logical consistency of MY2025’s com-
ments, and situating EQT’s performancewithin the broader
empirical model fit evidence base. Throughout, our focus
remains on the applied use of EQT alongside its empirical
performance and function in simulation research, rather
than on its current theoretical and mathematical form or
future potential.

What Constitutes a Valid Inferential Test of Model Fit?

To properly assess equivalence testing (EQT) as a means to
evaluatemodel fit, target outcomesmust be quantified for a
Monte Carlo simulation study (Morris et al., 2019). Sensitiv-
ity is defined here as the consistent ability to identify prop-
erly and improperly specified models as having acceptable
and unacceptable fit, respectively. Inferential accuracy is
defined here as the consistent ability to avoid both Type-I
errors (judging a properly specified model as having un-
acceptable fit) and Type-II errors (judging an improperly
specifiedmodel as having acceptable fit). The key point, we
assert, is this: Rather than continuing to place model fit de-
cisions on a continuumof subjectivity, an accurate, reliable,
and valid mechanism to adjudicate model fit must consis-
tently identify and dichotomize properly specified models
as acceptable and misspecified models as unacceptable to
a known, useful, and meaningful degree of precision.

In PLF2023, we used confirmatory factor analysis (CFA;
Hu & Bentler, 1998, 1999; Marsh et al., 2004), path analysis
(Bollen, 1989; McDonald & Clelland, 1984), and structural
equation modeling (SEM; Fan & Sivo, 2005, 2007) data gen-
erating models that were either consistent with previously
publishedmodel fit research in the case of the CFI and SEM,
or based on path analysis models that have long been used
as pedagogical exemplars. More importantly, our determi-
nation of “acceptable” or “unacceptable” was also based
on previous fit index research: models matching the data
generating model were labeled “properly specified,” and
models missing one or two parameters from the data gen-
erating model were labeled “misspecified.” Further, mis-
specification magnitude was controlled quantitatively fol-
lowing the recommendations of Fan and Sivo (2005, 2007).
Accordingly, the target outcome in PLF2023 was the fre-
quency with which properly specified models produced
“close or better” EQT results and misspecified models pro-
duced “fair or worse” results across 5,000 replications per
condition. More importantly, as we show below, this di-
chotomous judgment approachwas also utilized by, among
others, Marcoulides and Yuan (2017). The point of empha-
sis here is that these PLF2023 simulation design choices
were based on previously published Monte Carlo defini-
tions and operationalizations, not on our own satisfaction
criteria as MY2025 (p. 2) assert.

Generalizability and Nonnormality in EQT Model Fit
Assessment

By drawing attention to the size of model misspecifica-
tion provided by equivalence testing (εt), MY2025 implic-
itly make two presumptions that are not clearly supported
by published evidence or logical arguments: (1) what con-
stitutes an acceptable versus unacceptable amount of mis-
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specification is definitively and empirically established and
is completely free of researcher subjectivity; and (2) εt
generalizes across SEM types regardless of analysis model
complexity, sample size, or data characteristics (i.e., non-
normal or missing data). EQT Monte Carlo simulation re-
sults fromboth PLF2023 andMcNeish (2023) do not support
either presumption.

Equivalence testing requires researchers to declare a
non-zero tolerable model misspecification value that is as-
sumed to be free of subjectivity and have inherent substan-
tive meaning. If a tolerable amount of misspecification is
not clearly meaningful, universally accepted, and agreed
upon, then any non-zero value—such as εt—lacks such in-
herent meaning or practical informative utility, even when
accompanied by a confidence interval that quantifies sam-
pling uncertainty. Under such conditions, εt has been
shown to be unable to meaningfully or accurately adapt
to differences in model complexity or sample data charac-
teristics (i.e., skewed or missing data; see McNeish, 2023;
Millsap, 2007, 2013b, 2013a; Peugh et al., 2023). Further,
placing a 95% CI around a point estimate of questionable
value may provide only illusory utility in assessing model
fit accurately, because the anchor of the confidence interval
is itself selected independently of an objective empirical or
consensus basis. This admittedly somewhat skeptical view
is consistent with the published evidence thus far, as we
also elaborate upon below.

Logical (In)Consistency in Evaluating EQT Model Fit
Performance

MY2025 critique PLF2023 by appealing to conventional
CFI and RMSEA values and their implied cutpoints. This
was done despite repeatedly acknowledging—in their
own prior work (e.g., Marcoulides & Yuan, 2017) and in
MY2025—the well-documented shortcomings of conven-
tional fit indices. Equivalence testing has been explicitly
promoted as an alternative to these indices, with the im-
plication that researchers can avoid both the theoretical
subjectivity and empirical shortcomings of traditional fit
statistics while still accurately, reliably and validly answer-
ing model fit questions.

However, the question of whether EQT was intended
to replace conventional Hu and Bentler (1998, 1999) fit in-
dices and their associated cutpoints is, we argue, ultimately
inconsequential. If EQT were able to meaningfully and ac-
curately incorporate sampling variation, adjust for analy-
sis model complexity, compensate for less than ideal real-
world sample data characteristics (e.g., skewed and miss-
ing data), and offer interpretational “bins” capable of cor-
rectly assessing model fit without an increase in Type-1
errors (see McNeish, 2023, p. 200), then comparisons of
EQT against conventional fit index cutpoints would be ir-

relevant. Conversely, invoking those same cutpoints to call
PLF23 into question and evaluate EQT performance repre-
sents an “apples-to-oranges” comparison that is inconsis-
tentwith the theoretical logic behind and statedmotivation
of EQT.

MY2025 further object to the dichotomization proce-
dure for EQT results interpretation used in PLF2023. To this
we respond in three ways. First, the identical dichotomiza-
tion classification strategy used by PLF2023 was also used
in an additional EQT Monte Carlo simulation research de-
sign: McNeish (2023). Specifically, we quote directly from
McNeish (2023, p. 205):

“To make EQT and DFI more comparable, the
Excellent and Close bins in EQTwere collapsed
because the substantive conclusion is similar
for either bin. In Table 4, replications classi-
fied as having “Good” or “Close” fit are consid-
ered accurate classifications whereas replica-
tions classified as “Fair”, “Mediocre”, or “Poor”
are considered inaccurate classifications.”

Further, it is worth noting that, where the independent
variable simulation condition was similar, PLF2023 and
McNeish (2023) reached similar EQT conclusions (for exam-
ple, compare McNeish, 2023, p. 204-206; with Peugh et al.,
2023, p. 8-11 & Figure 1). However, a quick check of Mar-
coulides and Yuan (2025) shows that McNeish (2023) was
neither mentioned nor cited. Second, applied researchers
would likely agree that the ubiquitous question, “Does your
analysis model fit your sample data?” has long implied a
requisite binary response. As such, the use of dichotomiza-
tion strategies has been a standard approach in Monte
Carlo simulation evaluation of model fit procedures for
decades (e.g., see Beauducel & Wittmann, 2005; Chen et al.,
2008; Curran et al., 1996; Davey, 2005; Ding et al., 1995; Fan
&Sivo, 2005, 2007; Gerbing&Anderson, 1993; Hu&Bentler,
1995, 1998, 1999; La Du & Tanaka, 1989; Marsh et al., 2004;
Sugawara & MacCallum, 1993). Finally, Marcoulides and
Yuan (2017, p. 151 & 152): (italics added) explicitly invoked
dichotomous decision languagewhere adjacent fit labels of
“fair” and “close” were used as a boundary condition to as-
sess the “tenability” of models and their fit:

“The results provided by equivalence testing
now clearly indicate that themodel is in fact not
tenable, but one that only achieves fair fit.” (p.
151); “The results providedby equivalence test-
ing also indicate that the model is tenable and
that it achieves close fit.” (p. 152).

Further, additional statements dichotomizing model fit
conclusions based on the implicit EQT boundary condition
described above can be found elsewhere (see Jiang et al.,
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2017, p. 4; Marcoulides & Yuan, 2020, p.07; Marcoulides &
Yuan, 2024, p.3426).

Finally, in support of their assertions, MY2025 offered a
partial replication of a single PLF2023 Monte Carlo simula-
tion condition (under normally distributed and no missing
data conditions, more on the importance of this issue be-
low). However, in addition to again invoking traditional fit
indices as a comparison, their procedural description omit-
ted several critical methodological details. Specifically, and
in contrast to PLF2023 (see p. 5-6), MY2025 do not provide:
1) documentation of the software used for data generation,
2) 2) a clear rationale for why non-normal and missing
data, ubiquitous in applied research, was not considered,
3) Monte Carlo simulation generated data accuracy veri-
fication via triangulation (data generation accuracy was
confirmed in PLF2023 via three separate published meth-
ods; see Collins et al., 2001; Moshagen & Auerswald, 2018,
p. 322; Muthén & Muthén, 2002; Paxton et al., 2001), or
4) reported quantitative evidence of simulation accuracy.
Further, by not specifying the statistical software package
used, MY2025 created uncertainty around their results be-
cause different software packages define and specify “base-
line” models differently. To illustrate this point, Peugh and
Feldon (2020, see p. 6 & footnote 6) demonstrated that the
EQT CFIt statistic showed diametrically opposite model fit
assessment statistics and conclusions for the same sample
data and analysis model depending on whether EQT was
used with AMOS or Mplus results, respectively (see also
Sobel & Bohrnstedt, 1985; Widaman & Thompson, 2003).
MY2025 shows no mention of the statistical software pack-
age used to generate their data, no quantitative evidence
offered in support of the accuracy of their generated data,
and nomention of how their statistical software package of
choice defined and specified a “baseline” model. As such,
MY2025’s claims that their simulation replication results,
“do not completely resemble” those of PLF2023 are difficult
to validate or replicate.

What the Existing Evidence Does and Does Not Support
Regarding EQT as a Fit Index

MY2025 state (p. 1-2): “Numerous empirical studies (e.g.,
Counsell et al., 2020; Finch & French, 2018; Marcoulides &
Yuan, 2024; Peugh & Feldon, 2020; West et al., 2023; Yuan
& Chan, 2016) have also confirmed the practical benefits of
using the equivalence testing approach for the assessment
of model fit in structural equation applications.” However,
a closer examination of the studies Marcoulides and Yuan
cited in support of the continued use of EQT reveals a com-
mon denominator: When studies that generated normally
distributed data without any missing values (i.e., Counsell
et al., 2020; Finch & French, 2018; Montoya & Edwards,
2021; Yuan & Chan, 2016) were removed from consider-

ation, the two remaining studies rely on the use of EQT
for model fit judgments with input data based either on
a model-reproduced covariance matrix (“The covariance
matrices for the synthetic data set . . . were generated in
Mplus”; Marcoulides & Yuan, 2020, p. 8) or data analytic
model summary statistics (“For all models examined, the
likelihood ratio χ2 test statistic and its degrees of freedom
(df ), the CFI, the RMSEA, the sample size (n), the number of
observed variables (p), and resulting statistical significance
level were provided in the published articles”; Marcoulides
& Yuan (2024, p. 3427)). Decades of methodological work
have demonstrated that non-normality (e.g., Micceri, 1989
and subsequent publications) andmissing data (e.g., Rubin,
1976; Peugh & Enders, 2004) are realities to be expected in
empirical sample datasets, and the detrimental effects of
both on model fit assessments have been well-established
(e.g., Finch&French, 2018;Marcoulides&Yuan, 2020, 2024;
Montoya & Edwards, 2021; Yuan & Chan, 2016). As shown
in PLF2023, when non-normality, missing data, and uncer-
tainty in model specification (i.e., correct vs. misspecified)
are introduced—conditions that are well documented in
applied structural equation modeling literature—EQT per-
formance becomes both inaccurate and unreliable.

MY2025 do state that PLF2023’s findings are consis-
tent with prior work demonstrating that likelihood-based
test statistics (e.g., χ2) and their associated fit indices are
sensitive to violations of distributional assumptions (Yuan
& Bentler, 1999; Millsap, 2007, 2013b, 2013a). To be
fair, MY2025 could hypothetically further assert that re-
sults from PLF2023 merely confirm limitations that have
been acknowledged in earlier EQT publications (e.g., Mar-
coulides & Yuan, 2017; Yuan & Chan, 2016), and that EQT
could possibly perform as intended if missing and non-
normal data are essentially side-stepped by using model-
reproduced covariance matrices (Marcoulides & Yuan,
2020) or data analysis model summary statistics (Mar-
coulides & Yuan, 2024) as EQT input data. However, as
of this writing, thorough searches of Google Scholar and
PubMed databases yielded no published Monte Carlo sim-
ulation studies that: 1) generated non-normal and miss-
ing data from known population structural equation mod-
els, 2) analyzed the generated data assuming either prop-
erly specified or misspecified models, 3) used the result-
ingmodel-reproduced covariancematrices or data analysis
summary statistics as EQT input data for model fit assess-
ment, or 4) showed EQT could accurately and reliably dis-
tinguish between properly specified or misspecified mod-
els based on the fit assessment results (but see Beribisky &
Cribbie, 2025, Whittaker et al., 2026).

The Quantitative Methods for Psychology 742

https://www.tqmp.org
https://crossmark.crossref.org/dialog/?doi=10.20982/tqmp.22.2.p071


¦ 2026 Vol. 22 no. 2

Conclusion

We assert that the point of inferential statistics in gen-
eral—andmodel fit determinations in particular—is to per-
mit unbiased inferences to be drawn from real-world sam-
ple data. Such data can be expected to be non-normally
distributed, have missing values, and analyzed using a the-
oretical model which may be misspecified (despite a re-
searcher’s best efforts to perfectly model phenomena that
are not yet fully known and understood). We do not ar-
gue with the mathematically sophisticated form of EQT in
general or the εt statistic in particular. However, we do
argue that existing evidence fails to support the assertion
that EQT will provide valid and reliable fit assessments un-
der common real-world research conditions. Because the
fundamental goal of empirical research is to either sup-
port or reject hypothesized models of real-world phenom-
ena (with the inherent uncertainties and inconveniences
of real-world data), tools to support such goals should only
be relied upon when their robustness to such conditions is
rigorously empirically established. Based on results from
both PLF2023 and McNeish (2023), and absent any pub-
lished Monte Carlo simulation evidence of the accuracy
and reliability of EQT when summary statistics or model-
reproduced covariance matrices from real-world sample
data are used as input, we find thatMY2025’s continued en-
couragement of EQT’s routine use as a fit assessment func-
tion in applied research is currently lacking a rigorous em-
pirical justification.
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