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published articles, such that researchers can make rela-
tive and continuous assessments of model fit. We
(2) emphasize the importance of assessing multiple rec-
ommended fit indices together to provide complete
depictions of model soundness. Lastly, we (3) demon-
strate the necessity to perform appropriate model com-
parisons, including the assessment of more complex

models.
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INTRODUCTION

When conducting a study, researchers test their developed hypotheses by assessing the relations
of observed indicators intended to represent unobserved latent constructs; however, researchers
can produce misleading results and inferences if indicators do not represent common latent
constructs with properties that reflect their operational definitions and shared meanings
(Brown, 2015; Brown & Moore, 2012; Harrington, 2009; Jackson et al., 2009). For this reason,
an array of statistical techniques has been developed to assess whether indicators meaningfully
relate to latent constructs. Of these, confirmatory factor analysis (CFA) provides particularly
powerful evidence, causing it to be among the most frequently used techniques in organiza-
tional science (Credé & Harms, 2015; Hurley et al., 1997; Nye, 2022; Williams et al., 2004).

To perform a CFA, researchers must first develop an a priori model, which includes predic-
tions about the number of latent factors represented by a set of indicators and the relations of
these latent factors to each indicator (Brown, 2015; Lance & Vandenberg, 2002; Nye, 2022).
CFA is then used to determine whether the resultant model estimates adequately reproduce the
indicators’ covariance, and while all slightly differ in their calculations, model fit indices are
used to ascertain whether this goal was achieved (Credé & Harms, 2019; Kenny, 2023; Marsh
et al., 2004; Schermelleh-Engel et al., 2003). Researchers also typically identify a set of alterna-
tive models with a varying number of specified factors to serve as reasonable relative compari-
sons for their hypothesized model. If the hypothesized model produces fit indices that meet or
exceed suggested guidelines and generally perform better than the alternative models
(e.g., based on model fit, factor loadings, and theoretical rationale), then the CFA supports that
the indicators sufficiently relate to the latent factor(s) as proposed by the model. When under-
going this process, researchers can falsely claim support for their model if they incorrectly per-
form their CFA. Such a mistake would potentially result in incorrect tests of hypotheses that
typically follow CFAs, as the researcher would draw inferences from indicators that may not
accurately represent their underlying constructs of interest. Even if statistically significant
results were obtained from these hypothesis tests, the meaning of the observed effects would be
unclear.

Due to the importance of CFA, many authors have conducted simulation studies to offer
guidance on the analysis (Curran et al., 1996; Heene et al., 2011; Hu & Bentler, 1999;
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Koran, 2020; Marsh et al., 1988, 1998; McNeish & Wolf, 2021). Despite direct recommendations,
researchers regularly stray from guidelines provided in these articles, which may be driven by
skepticism that simulation studies producing widespread CFA guidelines did not include realis-
tic conditions encountered in empirical research (McNeish & Wolf, 2021; Wolf &
McNeish, 2023; Yuan et al., 2016). For instance, Nye (2022) in discussing model fit stated,

“The most stringent guidelines have suggested that an RMSEA <.06, CFI > .95,
TLI > .95, and SRMR <.06 generally indicate good approximate fit. However, in
practice, these guidelines are often relaxed such that an RMSEA <.08,
CFI > .90, TLI > .90, and SRMR <.08 indicate moderate fit. Although the guide-
lines used to evaluate these fit indices have been based on empirical simulations
(Hu & Bentler, 1999), it is important to remember that their effectiveness is
limited to the conditions that were simulated.”

(p. 11., bold added for emphasis).

As exemplified by this quote, researchers appear to apply informal practices regarding model fit
and potential model comparisons when conducting CFA, which poses two primary concerns.
First, present norms for CFA may partly differ from article-to-article based on authors),
reviewers', and editors’ interpretations of best practices, resulting in unwieldy applications and
diminished confidence in results. Second and perhaps more concerning, it is unclear whether
and when these informal practices result in incorrect analyses and misleading interpretations.
Our field may be partially built on improper measurement supported by inappropriate CFA
practices, and researchers may be testing - and claiming support for - hypotheses based on
results produced by indicators that do not represent their underlying latent constructs of
interest.

To investigate the frequency with which such instances are occurring, we introduce and dis-
cuss three particularly important and potentially widespread informal practices associated with
(1) alternative interpretations of model fit, (2) the use of inadvisable combinations of fit indices,
and (3) the failure to conduct effective model comparisons. To guide our investigation, we
develop research questions to better understand the prevalence and impact of these informal
practices, and we perform a literature review of over 1000 articles that report over 2000 CFAs in
premier organizational science journals since 2000. We use our results to offer evidence-based
recommendations. Notably, we (1) formalize modern interpretations of model fit by providing
percentile ranges of indices in published articles, such that researchers can make relative and
continuous assessments of model fit; (2) emphasize the importance of assessing recommended
fit indices together that provide complete depictions of model soundness; and (3) demonstrate
the necessity to perform appropriate model comparisons, including the assessment of more
complex alternative models, rather than nominal assessments that are currently pervasive in
the literature.

The current article produces several implications, and we presently highlight three. First,
formalizing informal practices can result in more consistent and accurate analyses with clearer
interpretations, and curbing inappropriate informal practices altogether can result in more
accurate analyses moving forward. As such, our efforts may prompt the reinvestigation of prior
CFA findings. Previously supported models may be questioned when interpreted via the lens
provided by the current article, as these prior studies may have produced particularly subpar fit
indices and/or failed to consider plausible alternative models. These reinvestigations may lead
to reinterpretations of established constructs and the development of new theories.
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Second, methodologists have continuously called for researchers to move beyond dichoto-
mous assessments of model fit, instead recommending continuous interpretations
(Barrett, 2007; Jackson et al., 2009; Kline, 2023; Marsh et al., 2004; McNeish & Wolf, 2023).
Even in creating their cutoffs, Hu and Bentler (1999) suggested that their guidelines could dis-
tinguish models with and without misspecifications, but researchers should also discuss the
strength of their results; however, researchers of organizational science most often focus on
whether their model fit met prespecified cutoffs rather than the magnitude of their fit indices.
A potential cause of this failure to adopt continuous interpretations may be the lack of specified
ranges to consider fit as weak, moderate, and strong. The current article resolves this tension by
creating these specified ranges via estimating percentiles of fit indices, such that future
researchers can make relative and continuous comparisons of model fit to empirically
established guidelines. Therefore, the current article enables future researchers to move beyond
dichotomous assessments of fit and adopt the widely suggested recommendation of continuous
interpretations.

Third, among the largest developments in the interpretation of model fit in recent decades
is the creation of dynamic fit index cutoffs (McNeish & Wolf, 2021; Wolf & McNeish, 2023).
This approach uses Monte Carlo simulations to determine cutoffs that are specific to the model
being tested. In developing this approach, McNeish and Wolf (2021) chose cutoffs that generally
correspond to specifications of misfit considered in extant universal guidelines (e.g., Hu &
Bentler, 1999; MacCallum et al., 1996). If organizational science researchers approve of larger
misspecifications than recommended in simulation studies (as suggested by the quote above),
then these researchers are at a crossroads. These researchers would need to determine whether
standards in the organizational sciences need to be elevated to meet other fields, or
whether these recent developments need to be modified to meet the standards of organizational
science. That is, dynamic fit index cutoffs may need to be relative to the field being investigated,
and new simulations may be required to develop field-specific dynamic fit index cutoffs. This
consideration may be especially necessary, given that dynamic fit index cutoffs are often stricter
than extant universal guidelines that organizational science researchers may already stray from,
suggesting that these researchers may be particularly resistant to applying these new cutoffs.

BACKGROUND
Introduction to CFA

Researchers typically craft hypotheses regarding the relations of constructs, such as proposing
that job satisfaction relates to job performance (Calder et al., 2021; Stamenkov, 2023). Due to
this focus on constructs, analyses that can provide assurances that applied measures appropri-
ately represent constructs of interest are particularly important, which has caused CFA to be an
essential analysis in organizational science (and beyond) for several decades (Credé &
Harms, 2015; Hurley et al., 1997; Nye, 2022; Williams et al., 2004).

CFA is a model-driven analysis (Brown, 2015; Harrington, 2009; Jackson et al., 2009). The
researcher first designs a model of assumed latent factors (i.e., unobserved variables) that corre-
spond to their intended constructs, and they also designate the relation of these latent variables
to their studied indicators (i.e., observed measures) and each other latent variable. For instance,
a researcher may intend to measure job satisfaction and job performance with a set of four indi-
cators each. They would likely design a model of two latent factors that independently relate to
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the two sets of four indicators, and they would correlate these two latent factors. CFA would
then be used to statistically test whether this model specified by the researcher adequately rep-
resents the shared variance between the indicators within their collected dataset, which would
provide support for whether these indicators appropriately relate to the researcher's intended
constructs. This model-driven approach of CFA distinguishes it from its closely corresponding
analysis, exploratory factor analysis (EFA), which similarly identifies latent factors representing
the covariance underlying a set of indicators; however, EFA identifies latent factors and their
relations without an a priori model, and it instead identifies the underlying latent factors that
best fit the data in an exploratory manner (Howard, 2023; Howard & Henderson, 2023). Thus,
CFA is valued because it provides a confirmatory test of the researcher’s theoretical proposals.

Several pieces of information are used to infer whether the tested CFA model adequately
represents the covariance in the collected data. CFA produces factor loadings, which indicate
the relation of latent factors to their representative indicators (Brown, 2015). The stronger the
factor loading, the more that the latent factor is believed to represent the indicator. A wide
range of cutoffs have been proposed to determine whether a latent factor relates to an indicator
strongly enough to be considered representative, but common recommendations are .40 and .50
(Brown, 2015; Brown & Moore, 2012). The model also indicates how much variance in each
indicator is explained by its corresponding latent factor(s) and how much is not explained
(i.e., unique or error variance). If modeled, CFA also estimates the relations between latent
factors.

CFA also provides assessments of localized strain, such as residual covariance matrices and
modification indices (Perry et al., 2015; Whittaker, 2012). These statistics indicate unmodeled
aspects that benefit the model from their inclusion. For instance, a modification index may sug-
gest that two indicators share additional variance not explained by their common latent factor,
and therefore they should be covaried. Assessments of localized strain are essential to ensure
that the tested model adequately represents each studied indicator, as relying on the other infor-
mation provided by CFA may not detect these issues (Heene et al., 2011; Whittaker, 2012). We
do not discuss localized strain due to the focus of our research questions, but those applying
CFA should inspect these statistics to ensure the suitability of their models.

With particular relevance to the current article, CFA also provides assessments of global
model fit, which is among the most discussed aspects of CFA (Heene et al., 2011; Koran, 2020;
Marsh et al., 1988, 1998). Assessments of global fit, called fit indices, indicate the extent to
which the tested model represents the underlying common variance of the indicators and a
multitude of fit indices have been developed to make these assessments (Brown, 2015; Brown &
Moore, 2012; Nye, 2022). Similarly, authors have proposed a number of cutoffs for each fit index
to determine whether the model sufficiently represents the indicators’ covariance, and
researchers have identified which fit indices must be assessed in tandem to properly assess
whether a model sufficiently represents the covariance within the collected dataset. The most
popular of these suggestions likely remains those of Hu and Bentler (1999), who suggested that
adequate model fit should be determined with the cutoffs of SRMR < .08, RMSEA < .06, NNFI/
TLI > .95, CFI > .95, and IFI > .95. These guidelines also recommend that researchers should
interpret SRMR along with RMSEA, NNFI/TLI, IFI, RNI, CFI, and/or CL

Researchers are recommended to interpret combinations of fit indices because each has
their own strengths and weaknesses, which arise due to the manner that they are calculated
(Hair et al., 2019; Hu & Bentler, 1999; Kenny, 2023; Kline, 2023). Tables 1 and 2 provide sum-
maries of commonly used fit indices and their calculations. Fit indices fall into various families
based on their calculation, and fit indices of a common family are estimated more similarly
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TABLE 2 Description of common incremental (or relative) fit indices.

Fit Simplified description

index of formula Known notable strengths Known notable weaknesses
NFI Compares chi-square of + Less influenced by non- « Influenced by sample
hypothesized model and normal variable size.1234>67
chi-square of null model. distributions. « Favors models with fewer

indicators.!
« Varied relation with common
variance in indicators.>®

« Favors complex models."**
IFI Compares chi-square of + Less influenced by small » Somewhat favors smaller sample
hypothesized model and sample sizes." sizes.’
chi-square of null model « Less influenced by non- « Favors models with fewer
while adjusting for normal variable indicators.
degrees of freedom. distributions." » Varied relation with common
« Penalizes nonparsimonious variance in indicators.®
models.>**
NNFI/ Compares chi-square + Less influenced by sample « Somewhat favors larger sample
TLI divided by degrees of size.1>*>¢7 sizes.?
freedom of hypothesized + Less influenced by non- » Somewhat favors models with
model and chi-square normal variable fewer indicators."'?
divided by degrees of distributions. » Varied relation with common
freedom of the null model. .« Penalizes nonparsimonious variance in indicators.>®
models."*>*!!
CFI Compares chi-square + Less influenced by sample » Somewhat favors models with
subtracted by degrees of size.23>713 fewer indicators."'?
freedom of hypothesized » Less influenced by non- » Varied relation with common
model and chi-square normal variable variance in indicators,>%16:17:18
subtracted by degrees of distributions.
freedom of the null model. « Penalizes nonparsimonious
mOdelS.l’2’9'13'14’15

Note: Superscripts represent the following citations that are included within our references section:

'Kenny (2020), “West et al. (2012), *Hooper et al. (2008), *Schermelleh-Engel et al. (2003), °Ding et al. (1995), “Marsh et al.
(1988), "Ainur et al. (2017), *Miles and Shevlin (2007), *Hair et al. (2019), *°Bollen (1990), 'Hu and Bentler (1998), **Kenny
and McCoach (2003), **Peugh and Feldon (2020), **Iacobucci (2010), **Shi et al. (2022), "*Heene et al. (2011), ’McNeish et al.
(2018), and "®*Hancock and Mueller (2011). It should not be inferred that the omission of any strength or weakness necessarily
suggests that it does not apply to that fit index. It should also be recognized that each fit index is also more or less likely to
detect certain types of model misspecifications, causing the interpretation of multiple model fit indices to be necessary
regardless of strengths and weaknesses.

than those of differing families. Two primary families are absolute fit indices (e.g., GFI, AGFI,
SRMR, and RMSEA) and incremental (or relative) fit indices (e.g., IFI, NFI, NNFI/TLI, and
CFI). Absolute fit indices compare the expected covariance matrix generated from the
researcher's model to the observed covariance matrix, and a better fit is obtained when
the expected matrix more closely matches the observed matrix (Kenny, 2023; Kline, 2023).
Incremental fit indices compare the performance of the researcher’'s model to the performance
of a null model wherein all indicators are uncorrelated, and the better fit is obtained when the
researcher's model is a greater relative improvement to the null model (see Widaman and
Thompson (2003) for a thorough description). This estimation approach is similar to the R? sta-
tistic in regression (Brown, 2015).
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These differing approaches cause absolute and incremental fit indices to pose differing con-
siderations when interpreting model fit. For instance, Kenny (2023) suggests that violations of
normality particularly influence absolute measures of fit, but they have a smaller effect on
incremental fit indices. However, the nuances of each fit index cause them to have specific
strengths and weaknesses beyond their family, of which several are listed in Tables 1 and 2.
Namely, fit indices differ on whether they are particularly influenced by sample size, model
size, model complexity, factor reliability, and many other attributes of both the studied data
and tested models (Tacobucci, 2010; Peugh & Feldon, 2020; Shi et al., 2022; West et al., 2012).
Each fit index is also sensitive to certain model characteristics and/or types of misfit (Fan &
Sivo, 2007; Heene et al., 2012; Saris et al., 2009). For example, while some are particularly apt at
identifying misfit due to omitting necessary paths, others are particularly apt at identifying mis-
fit due to including unnecessary paths. Therefore, modern recommendations not only suggest
that multiple fit indices are interpreted but guidelines derived from simulation studies should
be followed that specifically recommend combinations of fit indices that explicitly counteract
the weaknesses of each other (Hair et al., 2019; Hu & Bentler, 1999; Kenny, 2023; Kline, 2023).

Further, the negative consequences of proceeding with analyses despite evidence of con-
cerning fit should be highlighted. Fit that falls well short of cutoffs could arise when major mis-
specifications are modeled, such as estimating an incorrect number of latent factors. If ignored,
subsequent theorizing would be severely misguided because assumptions would be based on an
incorrect interpretation of the construct (Credé & Harms, 2015; Hurley et al., 1997; Nye, 2022;
Williams et al., 2004). However, simulation studies have also shown that model misspecification
with sizable impacts can have relatively minor effects on model fit (Savalei, 2012; Shi et al., 2018).
For instance, Ximénez et al. (2022) showed that omitting a cross-loading of .40 in a model typical
of the organizational sciences (primary A = .50 & n = 500) could alter RMSEA, SRMR, CFI, and
GFI by only .01 or .02. In these instances, subsequent analyses could be notably biased by over-
looking this cross-loading. The shared variance between the indicator and alternative latent factor
could be attributed to the two latent factors if the cross-loading is not modeled, which would
cause the two latent factors to appear more strongly related. In turn, this could cause researchers
to interpret the two latent factors as meaningfully related, when their association may have
instead arisen from the unmodeled measurement error (i.e., cross-loading). Therefore, this case
could also produce inappropriate inferences regarding the tested theory.

The detrimental impact of overlooking model fit was the impetus of developing model fit
cutoffs (e.g., Hu & Bentler, 1999; MacCallum et al., 1996; McNeish & Wolf, 2021), as prior
authors identified points of fit that effectively differentiate models that do and do not include
notable misspecifications. This detrimental impact also spurred researchers to call for continu-
ous interpretations of model fit. As stated by McNeish and Wolf (2023),

“Treating fit indices more like the effect sizes they were intended to be protects the
sanctity of exact fit tests while allowing researchers who are willing to accept some
degree of misspecification in their models a way to quantify misfit more accurately.
Separating these approaches to model evaluation by giving fit indices the vocabu-
lary and framework it needs to operate as intended gives each perspective space to
operate without encroaching on the mechanisms of the other perspective”

(p. 75).

As evidenced in this quote, researchers can still compare their fit to specified cutoffs, but utiliz-
ing continuous interpretations can also enable researchers to use the appropriate language to
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stipulate the possibility that their model contains these types of misspecifications. Because
impactful misspecifications may only produce relatively minor deviations on model fit, it is nec-
essary for researchers to recognize and specify that gradients of model fit suggest whether a
model is more or less likely to contain misspecifications - even beyond whether the model
(failed to) met cutoffs. By doing so, more accurate understandings of CFA can be obtained.

Additionally, global model fit enables model comparisons. When conducting a CFA, the
researcher should test their hypothesized model, but they should also test reasonable alterna-
tives (Harrington, 2009; Jackson et al., 2009; Nye, 2022; Williams et al., 2004). In the example
above, the researcher may also test a model that models three latent factors: one for job satisfac-
tion, one for job performance, and one for organizational commitment. In this case, the
researcher may believe it is plausible that some of the items for job satisfaction and/or job per-
formance inadvertently measure organizational commitment, and they could test this alterna-
tive model to rule out this concern. In doing so, the researcher intends to demonstrate that
their hypothesized model produces a better global fit than the tested alternatives, which could
provide significant support that their hypothesized model is a better representation of their indi-
cators than these possible alternative explanations (Brown, 2015; Brown & Moore, 2012). There-
fore, the test of alternative models is an essential step to ensure satisfactory CFA results.

Although CFA may seem to be a straightforward process, we contend that researchers regu-
larly engage in problematic practices regarding their interpretation of global fit and model com-
parisons. We detail our arguments below, which include the provision of specified research
questions and hypotheses that are tested via our systematic literature review.

Before continuing, three considerations should be made. First, CFA cannot guarantee that
constructs are adequately measured. CFA can indicate that a set of indicators represents a com-
mon latent variable, but it cannot identify the construct represented by that latent variable.
These inferences must be made by conducting a host of assessments, including whether the
latent factor relates as expected to related constructs (concurrent validity) and appears distinct
from other constructs (discriminant validity) (Hinkin, 1995, 1998). CFA can perform these
assessments, but CFA within itself cannot identify the meaning of a latent variable.

Second, CFA can be generalized to a host of other analyses. CFA is used for tests of mea-
surement invariance, which assesses whether a model performs similarly across multiple
groups, such as participants from different cultures (Somaraju et al., 2022). Likewise, CFA is
used to assess method effects, such as the method factor technique (Podsakoff et al., 2024). In
the current article, we do not discuss these alternative applications of CFA, as our scope is
firmly on the use of CFA to assess the psychometric properties of measures. Researchers should
be aware of these other uses, as they are invaluable for testing associated research questions.

Third, dynamic model fit is a recent and important development for CFA. Model fit is
influenced by more than misspecification alone, and aspects such as model size and complexity
systematically strengthen or weaken fit (Iacobucci, 2010; Shi et al., 2022; West et al., 2012).
Dynamic model fit utilizes an algorithmic approach to estimate cutoffs for widely recommended
fit indices (e.g., SRMR, RMSEA, and CFI) that are specific to the parameters of the model being
tested (e.g., model size and complexity), thereby accounting for alternative aspects that may
influence model fit. In doing so, this analytical approach aligns with the perspective that uni-
versal guidelines should not apply to all applications of CFA, and instead, guidelines catered to
the application at hand are preferred. Further, dynamic model fit was created based on the mis-
specification modeled in earlier simulation studies, such as Hu and Bentler (1999) and
MacCallum et al. (1996), and it often recommends cutoffs that are stricter than these universal
guidelines. By providing inferences that relate to universal guidelines, our systematic literature
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review can also provide considerations for dynamic model fit due to its analytical foundation.
Thus, our results can broadly speak to all current approaches for interpreting model fit.

RESEARCH QUESTION AND HYPOTHESIS DEVELOPMENT

A multitude of simulation studies have provided recommendations for interpreting global
model fit (Curran et al., 1996; Marsh et al., 1988, 1998), and Hu and Bentler's (1999) recommen-
dations likely remain among the most widespread (Brown, 2015; Brown & Moore, 2012; Heene
et al., 2011; Koran, 2020). As evidenced in the quote within our introduction, researchers
appear to distrust simulation studies despite their insights into appropriate interpretations of
CFA results, and it is possible - if not likely — that researchers are regularly straying from the
recommendations produced by these simulation studies when interpreting their model fit.
Therefore, we first investigate the frequency which researchers apply alternative interpretations
of model fit than recommended in simulation studies for CFA, as it is possible that researchers
are not applying the cutoffs derived from the simulations in these articles (e.g., SRMR < .08,
RMSEA < .06, NNFI/TLI > .95, CFI > .95, and IFI > .95).

Applying alternative interpretations of model fit is not an inherently problematic practice.
Alternative interpretations would suggest that researchers may have already moved beyond
interpreting model fit in a dichotomous manner, but they are unable to explicitly state the
strength of their model fit (e.g., weak, moderate, strong) due to the lack of accepted guidelines.
For instance, authors often describe indices as approaching cutoffs, indicating that they con-
sider their fit to be acceptable despite not meeting recommended cutoffs. More fully embracing
continuous interpretations can enable nuanced readings of CFAs by potentially incorporating
attributes of the tested constructs and model(s) that may impact certain model fit indices and
these continuous interpretations of fit indices would be welcomed by methodologists
(Barrett, 2007; Jackson et al., 2009; Kline, 2023; McNeish & Wolf, 2023). Researchers can, how-
ever, misinterpret results by overestimating the extent that model misspecifications have
become accepted. For instance, a researcher may presently claim support for a model with inad-
equate fit by stating that it approached certain cutoffs, but this model may contain severe mis-
specifications and cause the researcher to misinterpret their construct(s) of interest. Thus, a
systematic review to provide empirically based guidelines is essential before these interpreta-
tions can be reliable.

Additionally, the acceptance of worse model fit indices would suggest that researchers per-
mit greater model misspecifications than those tested in simulation studies (Goretzko
et al., 2024; Hu & Bentler, 1999), and researchers may frequently reconsider whether such strict
requirements must be placed in the assessment of model validity. In other words, researchers
may have become more lenient with what they consider a good model. Discovering this possi-
bility would suggest that extant research may indeed differ from article-to-article based on
authors’, reviewers', and editors' interpretations of acceptable model fit, and more discrete
guidelines are needed to reduce these unnecessary variations in modern research.

We address these tensions by investigating the following research question and creating for-
malizing guidelines that are informed by practices in the current literature via our review, such
that accepted practices can be more uniformly and soundly applied. We calculate the percent-
age of published model fit indices that fall below cutoffs recommended by simulations to inves-
tigate whether researchers use informal guidelines. We then provide percentile ranges of
popular model fit indices, such that researchers can determine whether their fit indices are very
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weak (<10th percentile), weak (10th-33rd percentile), moderate (33rd-66th percentile), strong
(66th-90th percentile), and very strong (>90th percentile). These percentile ranges and their
labels were adopted from similar efforts in determining correlational (Bosco et al., 2015) and
exploratory factor analysis (Howard, 2023) benchmarks. By providing these percentiles, we
enable future researchers to provide general relative comparisons of their model to previously
tested models.

However, many characteristics of data and models influence the magnitude of model fit
indices independent of misspecifications, and researchers may prefer to compare their models
to similar models tested in the prior literature for this reason. Among the strongest influences
on the magnitudes of model fit indices is the degrees of freedom (df) (Iacobucci, 2010;
McNeish & Wolf, 2023; Shi et al., 2022; West et al., 2012; Yin et al., 2023).! As seen in Tables 1
and 2, many fit indices include df in their calculation to account for this feature, but many
authors have shown that fit indices — even those intended to account for df - are still sensitive
to df (Kenny et al., 2015; Shi et al., 2022; Yin et al., 2023). For this reason, we also provide per-
centile range cutoffs separated by df tertiles, which enables future researchers to compare their
fit to previously tested models with more similar characteristics by utilizing these percentiles.
By doing so, these percentiles provide more apples-to-apples comparisons that account for a
particularly important aspect of models that influences fit independent of misspecifications.

o Research Question 1: What are the magnitudes of published fit indices for CFA?

In addition to straying from recommended cutoffs, researchers may also interpret inadvis-
able combinations of model fit indices, as this is the other aspect of global model fit for which
guidance has been provided via simulation studies (Hu & Bentler, 1999; Koran, 2020; Marsh
et al., 1988, 1998). For this reason, we also investigate the frequency which researchers assess
recommended combinations of model fit indices.

The failure to interpret recommended combinations of model fit is a problematic informal
practice for CFA. Each fit index reflects different standards for interpreting model fit, and each
has strengths and weaknesses such as being relatively sensitive to model size or complexity
(Douma & Shipley, 2023; Jobst et al., 2022; Kline, 2023). Simulation studies have supported that
specific combinations of model fit indices broadly provide the most accurate results, as the
cumulative strengths of the fit indices reported in these combinations compensate for their
weaknesses (Beauducel & Wittmann, 2005; Fan & Sivo, 2007; Hu & Bentler, 1999). Researchers
risk misinterpreting results by selectively choosing which fit indices to interpret independent
from recommendations provided by these simulation studies.

We propose the following research questions to assess the frequency that model fit indices
are reported in published articles and determine whether researchers are using informal guide-
lines regarding which indices to interpret and report. If we discover that inadvisable combina-
tions are often interpreted, then the current article can provide direct and clear feedback on
avenues to improve present applications of CFA. We also provide a correlation matrix of
reported fit indices to show that some are partly repetitive when reported together, and we
report the correlations of these indices with sample size and df to illustrate that some are rela-
tively sensitive to these aspects of research and model design. Ultimately, the intent of this
effort is to reinforce suggestions of simulation studies regarding the interpretation of specific
model fit indices together, curbing this ongoing informal practice and promoting extant formal
guidelines.
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o Research Question 2: Which fit indices are reported for CFA in published studies?
o Research Question 3: What is the relation of popularly reported fit indices for CFA with each
other, sample size, and degrees of freedom?

Because researchers may be straying from recommended interpretations of model fit, we sug-
gest that they may fail to abide by a closely related and recommended practice in conducting
CFA - the assessment of reasonable alternative models. For this reason, we lastly assess the extent
that researchers perform model comparisons and, when model comparisons are made, whether
researchers compare their hypothesized model to more complex alternatives (i.e., fewer df).?
While researchers are interested in whether their hypothesized model produces adequate fit, mod-
ern guides recommend that plausible alternatives should be tested because multiple models may
produce adequate fit, and the model that best represents the data may be overlooked by only test-
ing an adequately fitting hypothesized model (Tomarken & Waller, 2003, 2005). Thus, it is essen-
tial to test alternative models, and it would be problematic to not engage in this practice.

Plausible alternative models should have some type of theoretical rationale to justify their
assessment (Tomarken & Waller, 2003, 2005). Unfortunately, it is common for researchers to
test alternative models with a number of factors in the hypothesized model collapsed together,
such as testing an alternative one-factor model to the hypothesized six-factor model. Alternative
models with collapsed factors are often a weak comparison with little expectation of producing
an improved fit, and it is problematic for researchers to rely on testing these relatively ineffi-
cient alternative models alone. The best-fitting model may again be overlooked by solely testing
weak alternative models, which would be a problematic informal practice.

Given these considerations, we propose the following research question to assess the fre-
quency of model comparisons and a number of tested alternative models (Jackson et al., 2009;
Nye, 2022; Williams et al., 2004). We also assess whether researchers test alternative models
with fewer df (i.e., more complex) than the hypothesized model and whether the best fitting
model was the tested model with the fewest df (i.e., most complex tested model). By identifying
the frequency that more complex models are tested, our results can speak to whether
researchers have developed an informal practice to only nominally test alternative models, such
that hypothesized models are tested against alternatives expected to produce a poorer fit. More-
over, if the model with the fewest df (i.e., most complex) is most often the best fitting, our
results may also suggest that many better-fitting models have been overlooked due to neglecting
more complex alternatives. Thus, we uncover the nature of this informal practice to encourage
researchers to make more robust comparisons and test more complex alternative models.

o Research Question 4: Are researchers testing plausible alternative models with CFA?

METHOD

Supplemental Material A includes our systematic literature review database.

Article retrieval and coding

We performed a literature review of articles within premier journals of organizational science,
which were determined by the TAMUGA journal list. This list is comprised of Academy of Man-
agement Journal, Academy of Management Review, Administrative Science Quarterly, Journal of



14 of 30 APPLIED HE!! HOWARD ET AL.

PSYCHOLOGY

Applied Psychology, Organizational Behavior and Human Decision Processes, Organization Sci-
ence, Personnel Psychology, and Strategic Management Journal. We performed Google Scholar
searches using Publish or Perish 8 for the term “Confirmatory Factor Analysis” within these
eight journals in March of 2024, with the results restricted from the year 2000 to the present.
These searches resulted in an initial list of 1679 articles.

We then coded these articles in two phases. For both phases, two coders coded sets of 20 arti-
cles until sufficient interrater agreement was met (Cohen's k or ICC > .80). Once an agreement
was met, the two coders coded sources independently, conferring on any unclear decisions. In
the first phase, the coders recorded how many CFAs were reported in each article. We did not
include multilevel CFAs, meta-analytic CFAs, or multi-group CFAs. Guidelines for these ana-
lyses differ from standard CFAs, and including these would produce misleading findings. We
also did not include CFAs that were solely used as a precursor to structural equation modeling
(SEM) (i.e., measurement model), which was considered a CFA on all the same constructs as
the subsequent SEM.> Lastly, we did not include example CFAs in methodology-focused arti-
cles, as authors often purposely report poor results in these articles.* From this first coding
phase, we discovered 2422 CFAs reported in 1105 articles.

The same coders then reviewed each CFA for the characteristics detailed below. The attri-
butes of the final selected model by the original authors were coded for the characteristics of
model fit, sample size, and df. This was almost always the best-fitting model, but it could also
be a more parsimonious model if multiple models produced a largely equivalent fit.

Model fit

We recorded all reported model fit indices, but we only discussed those reported for 80 or more
CFAs. These were: SRMR, RMSEA, NNFI/TLI, IFI, CFI, GFI, NFI, RMSR, and AGFIL. The
criteria of 80 CFAs represented a natural breaking point in the frequency of reporting. The least
frequently reported index that met this cutoff was reported 81 times (AGFI), whereas the most
frequent index that did not meet this cutoff was reported only 23 times (RFI). Because few
sources reported these indices, reviewing them would provide few benefits.

Sample size

We recorded the sample size for each CFA. To reduce the inflated impact of CFAs conducted
with especially large samples, we rescaled extreme sample sizes (Aguinis et al., 2013). One study
had a particularly extreme sample size (n = 754,856), which skewed the calculation of z-scores.
We rescaled this study to the next largest sample size (n = 60,602) and then calculated z-scores
for the sample size of each CFA. We then proceeded to rescale each sample size with a z-score
larger than 6.00 to the largest sample size with a z-score smaller than 6.00. This resulted in the
rescaling of 10 sample sizes to a value of 14,260.

Degrees of freedom

We recorded the df reported for each CFA. As detailed in our limitations section, other model
aspects produced concerns due to inconsistent reporting. For instance, it was often unclear
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whether reported fit indices reflected a model with all indicators and factors detailed in the
methods section or whether unreported alterations were conducted, such as parceling (see
Cortina et al., 2017); however, it could be more reliably assumed that the reported df reflected
the tested model, as df is often provided by software with fit indices. Thus, df did not produce
coding concerns as authors can be straightforward in their reporting.

Model comparisons

We recorded four model comparison aspects: whether alternative models were tested, the num-
ber of alternative models tested, whether an alternative model had fewer df than the hypothe-
sized model, and whether the best-fitting model had the fewest df.

RESULTS
Primary results

We first assessed outliers regarding the number of CFAs reported per article. The average
number of reported CFAs was 2.19, but the highest number of reported CFAs were 99 (z-scor-
e = 21.84), 81 (z-score = 17.78), 27 (z-score = 5.60), 25 (z-score = 5.14), and 24 (z-score = 4.92).
To prevent articles with unusually large numbers of reported CFAs from having a dispropor-
tionate influence, we removed two articles with z-scores greater than 6.00 regarding the number
of reported CFAs, resulting in a final sample of 1103 articles and 2242 CFAs used to calculate
our results. All inferences are consistent between alternative analyses including these articles
and our primary analyses reported below, supporting the robustness of our results.

To determine whether researchers adhere to the recommendations of simulation studies, we
utilized the guidelines of Hu and Bentler (1999), which are still among the most applied CFA
guidelines in organizational science (Nye, 2022). These guidelines were published before the
timeframe of our review, making it justifiable to apply these standards to all included articles.
Hu and Bentler recommend the following for cutoffs of adequate model fit: SRMR < .08,
RMSEA < .06, NNFI/TLI > .95, CFI > .95, and IFI > .95. These guidelines also recommend that
researchers should interpret SRMR along with RMSEA, NNFI/TLI, IFI, RNI, CFI, and/or CI.

We assessed the frequency that reported model fit indices fell short of cutoffs provided by
simulation studies (Research Question 1), and Table 3 provides percentiles of reported model fit
indices. Of studies that provided the fit index, we found that 95% of CFAs reported a SRMR of
.08 or below (k = 856), 49% reported a RMSEA of .06 or below (k = 698), 48% reported a NNFI/
TLI of .95 or above (k = 358), 59% reported a CFI of .95 or above (k = 1010), and 56% reported
a IFT of .95 or above (k = 137). As close to half of reported CFAs fell short of widely used cutoffs
for most indices, researchers are straying from provided recommendations. To formalize prac-
tices in the current literature, we provide percentiles of these fit indices for all models in
Table 3. We also provide percentiles of fit indices separated by df tertiles in Table 4. Our discus-
sion details recommended approaches to interpret model fit with these percentiles.

We next assessed the frequency that researchers are using certain model fit indices and com-
binations of indices (Research Question 2), which is reported in Table 5. SRMR was reported
for 40% (k = 902); RMSEA was reported for 64% (k = 1432); and NNFI/TLI, IFI, CFI, and/or
RNI was reported for 79% of CFAs (k = 1773). As recommended by Hu and Bentler (1999),
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TABLE 3 Percentiles of reported model fit indices.

SRMR RMSEA NNFI/TLI IFI CFI GFI NFI RMSR AGFI y*/df

n 902 1432 746 245 1707 310 185 96 81 1525
10th percentile .08 .09 .88 90 .90 .87 .88 .08 .80 5.61
20th percentile .07 .08 .90 92 .92 .89 90 .07 .82 3.95
25th percentile .06 .08 91 92 .93 .90 91 .06 .84 3.40
30th percentile .06 .08 .92 93 .93 91 .92 .06 .85 3.00
33rd percentile .06 .07 .92 93 94 91 .92 .05 .87 2.79
40th percentile .06 .07 .93 94 94 91 .93 .05 .88 2.55
50th percentile .05 .07 .94 95 .95 .92 .94 .05 .89 2.22
60th percentile .05 .06 95 96 96 .93 95 .04 .90 1.97
66th percentile .04 .06 .96 96 97 94 96 .03 91 1.81
70th percentile .04 .06 .96 97 97 95 96 .03 91 1.75
75th percentile .04 .05 .97 97 .98 .95 .96 .03 .92 1.65
80th percentile .04 .05 .97 97 .98 96 .97 .02 .93 1.57
90th percentile .03 .04 .98 99 .99 97 .98 .02 .94 1.35

Note: The top row indicates the number of CFAs included in the calculation of percentiles for the respective column. The
following rows indicate the percentile values indicated by the left label for the statistic indicated by the top label. Bolded and
underlined values indicate model fit indices that meet or exceed the cutoff recommendations of Hu and Bentler (1999).

TABLE 4 Percentiles of reported model fit indices.

SRMR RMSEA NNFI/TLI IFI CFI GFI NFI RMSR AGFI y%/df

n 795 1197 623 200 1410 231 140 71 62 1497
LowDF 10th .07 .11 91 92 93 90 91 .08 84 117
(<SS 33rd 05 08 94 95 96 93 94 .06 89 172
Median .04 .07 .96 97 97 95 95 05 90 227
66th .03 .06 98 98 .99 9 97 .03 92 301
9th .02 .03 99 100 100 98 98 .02 9 707
Med DF  10th .08 .10 89 9 90 85 .87 .06 81 143
(51-163) 3314 .06 08 93 94 94 9 91 .05 85 187
Median .05 .07 95 95 .95 91 93 .05 89 232
66th .05 .06 .96 96 .96 93 94 03 91 290
oth .03 .04 98 97 98 96 96 .00 94 529
High DF 10th .08 .08 83 88 89 71 .86 .07 63 144
(>163) 331 .06 07 90 91 92 87 91 .05 70 182
Median .06 .06 92 92 93 90 93 04 81 214
66th .05 .06 94 94 95 91 95 .03 82 262
9th .04 .04 97 97 98 94 97 .02 89 495

Note: The top row indicates the number of CFAs included in the calculation of percentiles for the respective column. The
following rows indicate the percentile values indicated by the left label for the statistic indicated by the top label. Bolded and
underlined values indicate model fit indices that meet or exceed the cutoff recommendations of Hu and Bentler (1999).
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TABLE 5 Number and percentage of CFAs that reported model fit indices and combinations.

k (%)
1.) SRMR 902 (40%)
2.) RMSEA 1432 (64%)
3.) NNFI/TLI, IFI, CFI, and/or RNI 1773 (79%)
4)1and 2 676 (30%)
5)1and3 885 (39%)
6.)2and 3 1400 (62%)
7.)1and 2 or3 895 (40%)
8.)1,2,and 3 666 (30%)
9.) None' 421 (19%)

Note: Hu and Bentler (1999) recommendation is represented in Row 7.
!These figures represent the number of CFAs that did not have any model fit indices reported whatsoever, including those
beyond the recommendations of Hu and Bentler (1999).

SRMR was reported with RMSEA, NNFI/TLI, IFI, CFI, or RNI in 39% of CFAs (k = 885). SRMR
and RMSEA with NNFI/TLI, IFI, CFI, and/or RNI were reported in 30% of CFAs (k = 666). No
fit indices were reported in 19% of CFAs (k = 421). Because only 39% of CFAs reported model
fit indices recommended by Hu and Bentler (1999), researchers appear to have developed infor-
mal guidelines for which indices to interpret.

To emphasize similarities and differences in model fit indices (Research Question 3),
Table 6 presents their correlations. SRMR produced an average absolute correlation with the
other fit indices of |.48|. RMSEA produced a smaller average absolute correlation, which was
|.25|. x*/df produced the smallest average absolute correlation with the other fit indices of |.07|.
NNFI/TLI, IFI, CFI, GFI, and NFI produced a very strong average absolute intercorrelation
with each other, which was |.73|; however, their average absolute correlation with SRMR,
RMSEA, and y*/df was |.32|. Of the two least commonly reported statistics, AGFI was extremely
strongly correlated with GFI (r=.97, p<.01), and RMSR produced a small average absolute
correlation with other fit indices (r = |.11|); however, not enough studies reported RMSR with
its most similar fit index, SRMR, to calculate a correlation, suggesting that both of these infre-
quently reported indices may be repetitive with more commonly reported indices.

To explore the association of sample size and df with the fit indices, we calculated their
intercorrelations (Table 6). Sample size produced larger than a small correlation only with
AGFI (r = .36, p < .01) and yx*/df (r = .33, p < .01), whereas df produced larger than a small
correlation with SRMR, NNFI/TLI, IFI, CFI, GFI, NFI, and AGFI (r = |.19] to |.57|). The largest
of these correlations was between df and AGFI (r=—.57, p <.01).

We assessed model comparison practices (Research Question 4). Sixty-three percent of CFAs
include model comparisons (n = 1420). Of CFAs that compared models, 50% compared two
models (n = 707), 16% compared three models (n = 233), 10% compared four models (n = 140),
8% compared five models (n = 107), 3% compared six models (n = 39), 3% compared seven
models (n = 38), and 5% compared eight or more models (n = 75). Six percent reported con-
ducting model comparisons but did not specify how many models were compared (n = 81). Of
CFAs that compared models, only 6% reported testing a model with fewer df, and the best
fitting model in 94% of cases was reported to be the tested model with the fewest df.
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Sensitivity analysis results

Our primary findings were estimated based on a review of premier organizational science
journals. These outlets were specifically targeted because articles within premier journals are
known to have a disproportionate influence on the field, and they are also typically believed to
uphold higher standards than alternative outlets. By performing a systematic review of these out-
lets, the present article could also potentially produce a disproportionate influence on the field,
and any concerning practices in these outlets would be likely to be present in alternative
outlets — if not even more severe. These factors together would also encourage subsequent authors
to adopt our recommendations. These assumptions cannot be guaranteed, however, and we,
therefore, perform a sensitivity analysis wherein we replicate our primary findings in two alterna-
tive high-quality outlets in the organizational sciences that are outside our initial scope.

We replicated all search, coding, and analytical procedures to investigate CFA practices in
the outlets, the Journal of Organizational Behavior and Journal of Business and Psychology. We
chose these two journals because they are respected within the organizational sciences, but they
are typically considered a different tier than the journals included in our primary analyses
(e.g., A* vs. A in ABDC list). If our results replicate in these two outlets, they can be more confi-
dently claimed to generalize to a broader range of research within organizational science.

The results of these sensitivity analyses are provided and fully discussed in Supplemental
Material B, and they were remarkably similar to our primary analyses. Researchers strayed from
model fit cutoffs to a similar extent, and the percentiles of model fit indices were similar to our
primary analyses. Researchers were also shown to interpret inadvisable combinations of model fit
indices, and they engaged in inappropriate model comparison practices. Therefore, the strong
similarity between our primary analyses and these sensitivity analyses supports that our findings
are robust and our recommendations can generalize across organizational science more broadly.

DISCUSSION

We proposed that researchers presently apply informal guidelines in organizational science to
perform and interpret CFAs, particularly regarding model fit and comparisons. This practice is
problematic, as the use of informal guidelines may cause standards for CFA to differ between
authors, reviewers, and editors, producing an unwieldy, confusing, and potentially inaccurate
field of research. To resolve this tension, we conducted a systematic literature review to deter-
mine the extent to which organizational science researchers use informal CFA practices. We
aimed to use our findings to provide new guidelines for interpretations of model fit and model
comparisons, which could formalize the informal practices that are potentially pervasive in the
present literature. Below, we detail how our systematic literature review produced many
insightful findings that lead to important recommendations to improve modern CFA practices
in organizational science, providing guidelines to formalize the informal. We also discuss sev-
eral directions for future empirical and methodological research in organizational science.

Model fit cutoffs and continuous interpretations

Perhaps most surprising, almost 20% of researchers did not report any model fit indices. This
finding is very unexpected, and it perhaps most visibly demonstrates the need for significant
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changes to modern reporting practices for CFA. In these cases, readers are entirely unable to
determine whether models are valid representations of studied indicators when model fit indi-
ces are not reported, and almost 20% of reported CFAs provide little - if any — assurances for
the psychometric properties of the applied measures. Future researchers should strongly con-
sider the reinvestigation of prior models without any reported model fit indices provided in our
Supplemental Material A. Results obtained in these studies may be particularly misleading, as
the measures may be inappropriate representations of the studied constructs.

Our results also showed that, when reported, approximately half of the published CFAs fall
short of the cutoffs provided by Hu and Bentler (1999) for most model-fit indices. This finding
suggests that researchers have developed informal guidelines for the interpretation of model fit
that do not directly correspond to prior simulation studies, and larger model misspecifications
are considered appropriate than those considered in these simulation studies. This finding may
also imply that researchers are not assessing fit on firm pass or fail criterion, as they are permit-
ting their published models to fall short of accepted cutoffs (Hu & Bentler, 1999; MacCallum
et al., 1996). Instead, they may partially interpret model fit in a continuous manner. While per-
mitting larger misspecifications and interpreting model fit continuously is not inherently prob-
lematic, it is concerning that established guidelines are missing from organizational science.

To address this issue, we provided percentiles of all model fit indices published in the cur-
rent literature (Table 3), and we also provided percentiles of model fit indices separated by df
tertiles (Table 4). Both can be used as formal guidelines to interpret model fit in a continuous
manner, such that researchers can use the former table for general interpretations and the latter
table for interpretations that are more specific to the model being tested. Further, we provide
percentile ranges and labels that correspond to similar efforts in determining correlational
(Bosco et al., 2015) and exploratory factor analysis (Howard, 2023) benchmarks. Researchers
can consider model fit indices below the 10th percentile to be very weak, between the 10th and
33rd percentiles to be weak, between the 33rd and 66th percentiles to be moderate, between the
66th and 90th percentiles to be strong and above the 90th percentile to be very strong. In inter-
preting these ranges, researchers do not need to make purely dichotomous assessments of meet-
ing or failing to meet certain standards. Instead, researchers can interpret their results on a
spectrum. Researchers can report their model fit indices as weak, moderate, or strong, providing
a more accurate assessment of the psychometric evidence produced by their CFAs. By doing so,
the current results provide a new approach to interpreting model fit and satisfies the calls of
prior methodologists, but our results can also develop two primary directions for future
research.

Researchers should consider reinvestigating prior applications of CFA, even beyond prior
investigations that did not report model fit altogether. It is common for studies to fall short of
cutoffs but use vague language to support their models, such as claiming that their models
approached cutoffs or compensated for falling short. Some models, however, fell excessively
short of cutoffs compared to other models in the current literature, such as the nearly 10% of
articles in our review that reported an RMSEA above .10. Future researchers can utilize our lit-
erature review database provided in Supplemental Material A to identify CFAs that produced
particularly problematic results, and they could reanalyze measures used in these articles. It is
possible - if not likely — that incorrect interpretations regarding the substantive nature of latent
constructs were made via these analyses, and widely studied constructs may have significantly
different properties than presently assumed, such as a differing number of dimensions. By con-
ducting these reinvestigations, organizational science can be based on more solid theoretical
and empirical foundations with more accurate conceptualizations and operationalizations.
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Future researchers of organizational science should also (re)consider the extent of model
misspecification that is permissible. With the development of dynamic model fit cutoffs, these
researchers appear to be at a crossroads. Dynamic model fit cutoffs were created based on the
misspecification modeled in earlier simulation studies, such as Hu and Bentler (1999) and
MacCallum et al. (1996). Because our results demonstrated that researchers often stray from
cutoffs provided by these earlier simulation studies, future researchers may be resistant to apply
dynamic model fit cutoffs, especially because these model-specific cutoffs are often stricter than
earlier recommendations for model fit. Researchers of organizational science need to determine
whether future studies must meet the standards of simulation studies and dynamic model fit
cutoffs, or they need to determine whether domain-specific cutoffs need to be developed for
dynamic model fit. That is, dynamic model fit identifies cutoffs that are specific to the model
being tested (McNeish & Wolf, 2021; Wolf & McNeish, 2023), but it could be modified further
to also consider the domain being studied. Future researchers could identify guidelines that
both produce more accurate insights into model fit and more closely adhere to the informal
(now formalized by our review) standards that are pervasive in organizational science. There-
fore, the percentiles provided in the current article can be presently used to interpret model fit,
but they may also be essential to future evolutions in creating new cutoffs for model fit indices.

Interpretation of model fit indices

We showed that researchers are not reporting widely recommended combinations of model fit
indices, as less than half of the authors followed the recommendations of Hu and Bentler
(1999) regarding which indices to interpret and report. These authors recommended reporting
SRMR with RMSEA, NNFI/TLI, IFI, CFI, and/or RNI, but it was much more common for
authors to report a combination of RMSEA, NNFI/TLI, IFI, CFI, and/or RNI without SRMR.
This practice is concerning. Each model fit index has its relative strengths and weaknesses. Our
results showed that NNFI/TLI, IFI, CFI, and RNI produce strong interrelations, indicating that
each produces few insights beyond the other. These fit indices are also particularly sensitive to
df, as evidenced in our correlation matrix and their notable percentile differences across df
tertiles. By only reporting fit indices from one family (e.g., NNFI/TLI, IFI, CFI, and RNI), any
supportive results may arise from biasing attributes rather than substantive relations of the indi-
cators. For this reason, researchers should pay close attention to their fit indices and report
those suggested by Hu and Bentler (1999), as these indices provide accurate assessments of
model soundness when interpreted together. Researchers should also monitor developments for
any new collection of indices that provides more complete and accurate information, as
researchers are continuously conducting simulations that investigate a wider range of
scenarios.

We also encourage reporting more model fit indices via the interpretation of indices in a
continuous manner using the guidelines above. It is possible - if not likely — that some authors
do not report suggested model fit indices because some fail to meet recommended cutoffs. By
interpreting model fit indices on a spectrum, researchers may not feel such a strong tension
when model fit indices fail to meet or approach cutoffs. Instead, researchers can signal which of
their fit indices fell within the ranges of small, moderate, and/or large. In doing so, these
researchers could (hopefully) specify that most of their model fit indices fell within the moder-
ate and/or large ranges, but they could also acknowledge when some may fall within the small
range. By doing so, these researchers could note that their model was largely supported by the
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fit indices, but they could also more fully recognize that not all fit indices may be entirely sup-
portive of their model — nor do they need to be based on the recommendations of prior authors
(Brown, 2015; Brown & Moore, 2012; Hu & Bentler, 1999; Nye, 2022). In other words, inter-
preting model fit indices in a continuous manner discourages the pass-or-fail thinking that is
persuasive with the dichotomous interpretation of model fit. Thus, the application of our rec-
ommendations can result in both more precise and more comprehensive reporting of CFA
results.

Model comparisons

Our results lastly showed that about two-thirds of CFAs included model comparisons. Of these,
CFAs were split between comparing two and more than two models. This result is not entirely
problematic within itself. It would be preferable for more researchers to include model compari-
sons and to test all possible plausible alternative models; however, most applications of CFA
may only involve one or two plausible alternative models, and researchers may have assessed
all plausible alternative models when comparisons were made.

It is more concerning, however, that the vast majority of CFAs did not test more complex
models than the hypothesized model, and the best-fitting model in the vast majority of CFAs
was also the most complex tested model. This suggests that researchers are not testing all plau-
sible alternative models, and model comparison practices may be largely nominal in current
research. For instance, it is common for researchers to compare their hypothesized model to an
alternative model with most - if not all - latent factors merged together, often providing little
justification as to why this alternative model is plausible or expected to potentially produce a
better fit than the hypothesized model. Then, the researcher claims support for their hypothe-
sized model because it produced the best model fit (or produced an equivalent fit but aligned
with the applied theoretical rationale), despite very little expectation for the alternative
model(s) to provide a better model fit. Researchers should cease this practice and instead test
alternative models including those that are more complex and less complex. Researchers should
also provide sound justifications as to why these alternative models may be reasonable explana-
tions for the covariance of their indicators, such that readers and reviewers can understand that
the alternative models are robust tests of theory. By doing so, researchers can have greater
assurances that their results represent their studied latent constructs, which cannot be provided
for the vast majority of published CFAs.

Future directions for interpreting model fit

Utilizing our provided percentiles to perform relative comparisons of model fit represents a sig-
nificant advancement in the current literature on CFA, but it should be recognized that this
approach may still pose certain concerns of its own. Perhaps most notably, performing relative
comparisons to the percentiles constructed from all CFAs enables authors to make general
interpretations of model fit, whereas performing relative comparisons to percentiles matched
for df enables interpretations of model fit that are more specific to the model being tested; how-
ever, some researchers may desire an approach that is even more catered to the data and model
being tested, such as model fit cutoffs that are specific to the exact sample size, df, and other rel-
evant characteristics of the model. Deriving such an approach is a separate endeavor from our
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intent, but it should be emphasized that the current article advances researchers toward this
endeavor.

Specifically, authors have developed regression-based approaches to identifying model fit
cutoffs specific to the data and model being tested, which are associated with various levels of
model misspecification. For instance, Yuan et al. (2016) developed adjusted fit index cutoffs for
equivalence testing specific to the sample size and df of the model at hand. Future researchers
could adapt these approaches to incorporate our systematic literature review database and
develop a procedure that provides specific cutoffs while accounting for misspecification permit-
ted in the current literature, which could provide cutoffs based on relative comparisons that are
specific to the data and model being tested. In doing so, our systematic literature review data-
base includes information on the reporting of 10 model fit indices, each of which could be
included in this novel approach. As recommended above, future researchers could similarly
incorporate our observations into the development of dynamic fit dynamic model fit cutoffs that
are specific to organizational science, which would also represent a more catered approach to
the model being tested. Therefore, while developing these alternative approaches are outside
the scope of the current article, our systematic literature review may be essential in developing
these novel methods for identifying model-specific cutoffs relative to the field being studied.

Limitations

We provided correlations to depict the relations of our studied fit indices, but this is a relatively
simplified approach to showing their similarities and differences. A more complete understand-
ing can be obtained by discussing the mathematical calculation of these fit indices and testing
their performance via simulation studies. Due to the apparent distrust of simulation studies
(Nye, 2022), we chose our approach to understanding the relations of fit indices via correlations,
but future researchers should consider more in-depth mathematical discussions and simulation
studies to provide a more complete depiction of their similarities and differences.

The present article focused on model fit and model comparisons due to their central impor-
tance, but several other aspects are involved in conducting CFAs. In general, we could not pro-
vide insights into these aspects because most authors do not report them, preventing their
inclusion in a literature review. For instance, most authors do not report assessments of local-
ized strain. Researchers should consider alternative investigations to draw attention to these
other aspects. While researchers appear hesitant to fully adhere to the results of simulation
studies, this approach may be the only viable option for investigating infrequently reported
aspects of CFA.

Further, Cortina et al. (2017) showed that many researchers do not accurately report their
model for CFA or SEM by comparing the expected df based on model descriptions
(e.g., indicators and latent factors) to the reported df. We initially attempted to assess the extent
that the presently reviewed articles incorrectly reported their model characteristics; however,
authors' descriptions of their CFA models were often vague, making it impossible to determine
whether the expected df matched the reported df. We similarly attempted to determine the extent
that researchers utilized error covariances and/or parceling, but our df comparisons made it
apparent that many researchers neglected to report these practices. As a result, it is difficult to
replicate many reported CFAs, leaving it unknown whether they were appropriately conducted.

It should also be noted that this discrepancy caused the present article to assess the relations
of model fit indices with df rather than the number of indicators or latent factors. It is believed
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that researchers report the correct df from their analyses, although they may not fully disclose
all model modifications that produced those df (Cortina et al., 2017). By analyzing the number
of reported indicators and latent factors, we would run the risk of assessing these aspects with
model fit indices produced from an entirely separate model; however, by analyzing df, we pro-
vide more assurances that we analyzed the correct figures associated with the tested model.

Taken together, many of these limitations speak to the importance of complete and consis-
tent reporting of results. Coupled with increased attention to open science practices (Banks
et al., 2019; Vicente-Saez & Martinez-Fuentes, 2018), it is critical to improve these practices.
This need is particularly evident as our investigation focused on premier outlets that would be
expected to have the highest standards for statistical analyses and reporting. Our supplemental
analyses supported that similar practices were seen across all the studied premier outlets
(Supplemental Material C), and our sensitivity analyses supported that similar practices were
seen in two high-quality outlets outside of our primary scope. By providing these additional
analyses, our results support that our findings are robust and able to broadly speak to the orga-
nizational sciences. We also found that the publication year explained only modest variance
(£12%) in the aspects of CFA studied in the current article (e.g., magnitude and reporting of fit
indices), indicating that researchers are improving in these manners but at a slow rate
(Supplemental Material D). It is hoped that the current article will hasten these trends.

Lastly, any review is limited to the extant literature. We were unable to review alternative
fit indices, such as AIC and BIC, because they were too rarely reported to meaningfully inter-
pret. We could not discuss novel CFA techniques, such as Bayesian CFA, because they are too
rarely conducted in our reviewed outlets. Researchers should monitor novel developments to
identify when atypical CFA approaches and techniques may be ideal for their research ques-
tions. It should be recognized, however, that our results were consistent between the sources
studied in the primary text and those studied in Supplemental Material B. This suggests that
our observations are not specific to any one category or tier of outlet, and it provides assurances
that our inferences may speak toward a wider range of researchers and research contexts. This
finding also corresponds to recent authors who have conducted similar analyses to show consis-
tency across studying tiers of outlets (e.g., Howard et al., 2024), which together suggests that the
analytical practices of broader outlets generally correspond to those of premier outlets. Thus,
inferences obtained from investigating these outlets may be more broadly generalizable.

CONCLUSION

The goal of our review was to create formal guidelines for ongoing informal practices regarding
model fit and model comparisons in modern organizational research by assessing current CFA
practices and considering their (mis)match with widespread recommendations. Our results
showed that certain current practices have little correspondence to the recommendations pro-
vided by simulation studies, indicating that researchers are indeed utilizing informal practices.
We produced formalizing guidelines for model fit and model comparisons from our results,
which include the following actionable recommendations for current research:

1. Interpret and report model fit indices recommended by Hu and Bentler (1999) and more
contemporary simulation studies. Hu and Bentler (1999) recommend reporting SRMR with
RMSEA, NNFI/TLI, IFI, CFI, and/or RNL
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2. In addition to considerations about meeting cutoffs of simulation studies, researchers should
use percentiles in Tables 3 and 4 to interpret model fit. Fit indices should be described as
either very weak (<10th percentile), weak (10th-33rd percentile), moderate (33rd-66th per-
centile), strong (66th-90th percentile), and very strong (>90th percentile).

3. Researchers should test alternative models that are reasonable relative comparisons, includ-
ing both less complex models and more complex models. Sound justification should be pro-
vided for the rationale of testing each alternative model.

By following these guidelines, researchers can move beyond dichotomous assessments of
meeting or missing cutoffs, reinvestigate prior results to ensure adequate psychometric evi-
dence, and consider future evolutions in domain-specific model fit assessments. Together, the
current article addresses many of the tensions surrounding modern uses of CFA, and it opens
many directions for future empirical and methodological research.
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ENDNOTES

! Readers should refer to prior sources on the statistical calculation of df with CFA (Cortina et al., 2017,
Rigdon, 1994), but the practical meaning of df should be presently considered. When comparing models with
the same number of indicators, such as nested models, df is often considered a proxy of model complexity
(Goretzko et al., 2024; Kenny, 2023; Preacher, 2003). This is because the inclusion of an estimated parameter
reduces df by one, such as including an additional cross-loading. When the number of indicators is the same,
models with fewer df include more estimated parameters, and models with fewer df are therefore typically con-
sidered more complex models. Alternatively, when comparing models with a differing number of indicators, df
is often considered a proxy of model size (Kenny et al., 2015; Shi et al., 2022; Yin et al., 2023). This is because
the inclusion of additional indicators has a greater effect than the inclusion of additional estimated parameters.
For instance, a CFA model including two latent factors with five items each has a df of 34. Adding an addi-
tional cross-loading would cause the df to become 33, but adding an additional indicator to one of the factors
would cause the df to become 43.

For these reasons, comparing df across different studies is typically more representative of model size
(as studies include differing indicators), and df has been used as a proxy for model size in research drawing
inferences across studies (Kenny et al., 2015; Shi et al., 2022; Yin et al., 2023). Because our percentiles draw
inferences across studies, df could be considered an indicator of model size in this application, as done in prior
research. On the other hand, we also use df in analyzing researchers' model comparison practices below. In this
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case, we are inspecting the models that researchers compare when analyzing their collected set of indicators
within a single study. In this case, the use of df does not compare across studies, and it instead only considers
the df of models tested on the same set of indicators within studies. Df has been used as a proxy for model com-
plexity in prior research drawing inferences within individual studies (Goretzko et al., 2024; Kenny, 2023;
Preacher, 2003). For this reason, df could be considered a proxy of model complexity in these analyses, as done
in prior research. Thus, although both sets of analyses utilize df to draw inferences, the practical meaning dif-
fers between the two uses.

N

See Footnote 1 for justification of df as a proxy for model complexity.

A CFA on all the same constructs as a subsequent SEM is typically called a measurement model, but some
authors refer to the assessment of the measurement portion of a SEM as a CFA. We did not include measure-
ment models for two primary reasons. First, measurement models provide support to analyze the relations of
latent constructs via a subsequent structural model. As measurement models are part of SEM, it would be inap-
propriate to include them in a focused review of CFA. Second, researchers are more likely to perform modifica-
tions to measurement models than they would for CFAs. Because measurement models are precursors to
structural models, researchers may be more likely to remove items and/or add error covariances to achieve
appropriate fit and move from the measurement model to the structural model. On the other hand, authors
may be less likely to perform such alterations with CFA, as the purpose of this analysis is to provide a close
investigation of the psychometric properties of measures independent of subsequent analyses. It cannot be
readily claimed that researchers treat measurement models and CFAs the same, which would support the
exclusion of measurement models in an investigation of CFAs.

IN

In these articles, authors often provide examples of poor results for illustrative purposes. In articles focused on
CFA, it is common for researchers to report models with poor fit to show the potential of misinterpretations by
ignoring fit. As these models are used as illustrations, they would be inappropriate to include in our review.
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