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Abstract Confirmatory factor analysis (CFA) is a statisticalmethod that allows researchers to quan-
tify howwell the hypothesized factorial structure of a psychologicalmeasure fits the associated data.
Fit indices are statistical measures that evaluate the factorial structure by quantifying the degree of
model/data fit or misspecification. Researchers generally use traditional or fixed cutoff values of fit
indices to judge the appropriateness of their CFA models. However, many authors have discussed
the limitations of using these cutoffs, given that they cannot be generalized to all models. Recently,
McNeish and Wolf (2023) developed the Dynamic Fit Index (DFI) approach, which generates cutoff
values of fit indices that are tailored to the characteristics of a specific model. In this tutorial, a
CFA of the Attainment of School Achievement Goal Scale (A-SAGS) was conducted using the lavaan
package in R. Next, cutoff values for the fit indices were generated using the dynamic package in R.
The model fit of the A-SAGS was mostly satisfactory when interpretations were based on fixed cut-
off values. However, the hypothesized model did not reach the dynamic cutoff values, prompting a
more thorough investigation into the possible sources of model misspecification. The DFI approach
is easily implemented, highly promising, and offers researchers valuable insights as they attempt to
improve the construct validity of a given psychological measure.
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annuelle de la Société
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Introduction

Confirmatory factor analysis (CFA) is a statistical method
used to evaluate whether the theoretically proposed struc-
ture of a measurement model fits the observed data
(Jöreskog, 2007). Given that latent variables represent con-
structs that are not directly observable, their manifest in-
dicators (Byrne, 2005) are expected to be an accurate rep-
resentation of the construct (Weston & Gore, 2006). Fur-
thermore, indicators, which are most often the items of a
questionnaire, are expected to reflect their respective la-
tent variable and to load onto it (i.e., correlate with the
other items reflecting the latent variable). In other words,
the correlation between the items is explained by a com-

mon, unobservable cause which is represented by a latent
variable (Brown &Moore, 2012). When theory dictates it, a
given item can be set to correspond to or “load onto” mul-
tiple variables, as opposed to just one. However, indicators
are generally not permitted to cross-load onto multiple la-
tent variables (McDonald, 1985; Thurstone, 1947). When
testing a model using CFA, a priori hypotheses informed by
theory dictate how each indicator is organized within that
model (Jöreskog, 2007). It dictates which items will load
onto or belong to a specific factor or latent variable. These
hypotheses are then tested using observed data collected
from participants.

CFA belongs to the factor analysis family, as does ex-
ploratory factor analysis (EFA). However, the two serve dif-
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ferent purposes. EFA is a statistical method used to ex-
tract a factorial model from a dataset by determining the
optimal number of factors to be extracted (Achim, 2017;
Yong & Pearce, 2013). In EFA, items are organized into
factors based on their intercorrelations, without consider-
ing where they might be expected to load. This allows re-
searchers to determine how many factors will be neces-
sary to accurately represent the correlations between in-
dicators, as well as which indicators and factors should be
linked (Jöreskog, 2007). In EFA, each item loads onto all
factors, however, a given item is expected to load strongly
(e.g., > .60) onto one factor and weakly (e.g., < .30) onto
the others. These model specifications differ from those of
a CFA, where hypotheses regarding which indicators load
onto which latent factors are pre-determined based on the-
ory (e.g., Rogers, 2024). In CFA, indicators are permitted to
load onto their designated factor, while loadings of all other
factors are fixed to zero (Byrne, 2005).

Fit Indices and Fit Index Cutoffs

When evaluating the fit of a CFAmodel, it is essential to use
and report the χ2 index (Jöreskog, 1969), a null-hypothesis
significance test. The χ2 index estimates the absolute fit
of a model based on any incongruities between the implied
covariancematrix (i.e., themodel) and the observed covari-
ancematrix (the data). Although theχ2 index is the corner-
stone ofmodel fitting, it does have some drawbacks. For in-
stance, it is quite sensitive tomisspecificationwhen sample
sizes are increased (Marsh&Balla, 1994; Marsh et al., 1988).
When it comes to CFA models, which require large sample
sizes, the χ2 value of a given model will almost certainly
be statistically significant. However, a model not perfectly
fitting the data does not necessarily indicate that it isworth-
less or should be discarded (Perry et al., 2015). A significant
χ2 simply indicates the presence of potential model mis-
specifications in need of scrutiny (e.g., Hayduk et al., 2007).

Researchers have developed a series of relative fit
indices that complement the evaluation of CFA models
(Bentler, 1990, 1995; Jöreskog, 1969; Steiger & Lind, 1980;
Tucker & Lewis, 1973). The effect sizes that quantify the fit
of a given model in relation to the data are referred to as
fit indices and they belong to the “goodness” or “badness”
of fit families (Marsh et al., 2005; Schermelleh-Engel et al.,
2003). These indices provide researchers with an indica-
tion of the extent to which the data matches the hypothe-
sized factorialmodel. The values of fit indices usually range
from 0 to 1, although they can exceed 1 in certain circum-
stances (seeWest et al., 2012, 2023). Additionally, fit indices
are interpreted subjectively, as there are no clearly defined
values that would indicate a good or bad fit (McNeish &
Wolf, 2023). Some of these indices, such as the Comparative
Fit Index (CFI ; Bentler, 1990) and the Tucker-Lewis Index

(TLI ; Tucker and Lewis, 1973), are part of the “goodness of
fit” family. Obtaining higher values for these fit indices in-
dicates a good fit between the model and data (West et al.,
2012, 2023). Other indices, such as Root Mean Square Er-
ror of Approximation (RMSEA; Steiger and Lind, 1980)
or the Standardized Root Mean Square Residual (SRMR;
Bentler, 1995), are part of the “badness of fit” family. Ob-
taining lower values for these indices indicates a good fit
between the model and data (West et al., 2012, 2023).

When evaluating the fit of CFA models, researchers of-
ten use fixed cutoffs that have been derived from pre-
vious significant methodological developments (Bentler &
Bonett, 1980; Brown & Cudeck, 1993; Chen et al., 2008; Hu
& Bentler, 1999; MacCallum et al., 1996). Therefore, some
researchers have used and been more tolerant of values
that could be seen as acceptable (e.g., Bentler & Bonett,
1980; Hu&Bentler, 1995; Jöreskog, 1993; Caron, 2018, 2023,
CFI ≥ .90, TLI ≥ .90, RMSEA ≤ .08, SRMR ≤ .08)
but nonetheless indicative of room for improvement (e.g.,
Bentler & Bonett, 1980; Bollen, 1989). A simulation study
conducted by Hu and Bentler (1999) has become the golden
rule upon which CFA models are being assessed. Based on
this simulation, many researchers and authors of popular
books (e.g., Brown, 2015; Byrne, 2013) have proposed that
SRMR values of .08 or lower, RMSEA values of .06 or
lower, andCFI orTLI values of .95 or higher could distin-
guish incorrect models from correct ones with a high rate
of success. Since the publication of Hu and Bentler (1999),
and despite recurrent calls for caution and nuances (e.g.,
Greiff &Heene, 2017; Hayduk et al., 2007; Marsh et al., 2004;
Groskurth et al., 2023), the aforementioned values have be-
come benchmarks stringently followed by researchers, re-
viewers, and editors when evaluating the fit of CFA models
(Jackson et al., 2009).

Other studies have since shown that the criteria de-
rived from the simulation studies of Hu and Bentler (1999)
tend to generalize poorly to other types of models with a
different number of factors, items, or characteristics (e.g.,
loadings, correlations between factors; McNeish, 2023; Mc-
Neish & Manapat, 2024; McNeish & Wolf, 2023, 2022; see
McNeish, 2026, for a discussion of criticisms of these fixed
cutoff values). Given the diversity of model characteristics
encountered by empirical researchers, the rate at which
this criterion correctly classifies models is unsatisfactory.
This suggests that the derived cutoffs may be appropri-
ate in instances where the structure of the model at hand
matches that of the Hu and Bentler (1999) simulation. In
fact, a recent simulation found that fit indices are highly
influenced by the type of estimator used, the weight of fac-
tor loadings, the size of samples, and factor correlations
(i.e., factors allowed to correlate or not; Groskurth et al.,
2023). Most importantly, a lower proportion of unmodeled
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cross-loadingswas associatedwith aworse fit when factors
were uncorrelated, but a better fit when they were corre-
lated. Groskurth et al. (2023) also found that when factors
were uncorrelated, the Diagonally Weighted Least Squares
(DWLS orWLSMV) estimator, a widely used estimator with
ordered-categorical data, generally yielded the worst fit in-
dices. However, when factors were correlated, the DWLS
yieldedmost of the better fit indices. Groskurth et al. (2023)
provide strong evidence indicating that using fixed index
cutoffs (e.g., CFI and TLI ≥ .95; RMSEA ≤ .06;
SRMR ≤ .08) can lead researchers to make incomplete,
biased, or erroneous decisions about their CFA models, in-
dicating that the use of fixed cutoffs is not appropriate for
all models.

Depending on the characteristics of a given model, the
Hu and Bentler (1999) cutoffs are likely to either be too se-
vere or too lenient (Groskurth et al., 2023). The cutoffs are
likely to be too lenient for models with few items per fac-
tor (Marsh et al., 2004), high inter-item correlations, or low
to null inter-factor correlations; which are more likely to
generate fit index values with an almost perfect fit. If the
cutoffs for amodel are too lenient, they increase the odds of
a misspecified model being incorrectly classified as correct
(Type 1 error). Conversely, theymay be too severe formore
complex models with more diverse parameters or larger
sample sizes; which can negatively impact the fit index val-
ues obtained (Kenny&McCoach, 2003; Marsh&Balla, 1994;
Marsh et al., 1988; Shi et al., 2019). If the cutoffs for amodel
are too severe, they increase the odds of a model being in-
correctly classified as misspecified when it is correct (Type
2 error). Therefore, for a fit index cutoff to inform any con-
clusions regarding the fit of CFA models, they need to be
tailored to the specificities of each model. The use of such
tailored fit indices helps ensure that models are correctly
classified (i.e., correct models classified as correct and mis-
specified models classified as misspecified) as often as pos-
sible.

The Dynamic Fit Index Approach

Recognizing the limitations of using fixed benchmarks to
evaluate model fit, some researchers have proposed using
simulations to generate fit index cutoffs specific to each
model being tested (e.g., Pornprasertmanit et al., 2012).
However, McNeish and Wolf (2023) noted that many re-
searchers lack the training necessary to properly conduct
simulation studies. Additionally, it is not possible to con-
duct Monte Carlo simulations with all statistical software.
McNeish and Wolf (2023) also pointed out that simulation
studies tend to be time-consuming, which makes using the
cutoffs derived from Hu and Bentler (1999) tempting. Not
tomention, selecting ameaningfulmisspecification as a ba-
sis for conducting a simulation is no easy task (McNeish &

Wolf, 2023). Therefore, for the reasons mentioned above,
there is a need to develop a tool that makes simulating fit
index cutoffs easy, automatic, and accessible, in order to
reduce the burden that is currently placed on researchers.

TheDynamic Fit Index (DFI) approach (McNeish&Wolf,
2023; Wolf & McNeish, 2023) was developed to generate
fit index cutoffs that properly account for misspecifica-
tion in a model, based on that model’s specific character-
istics. The DFI approach is similar to that of Hu and Bentler
(1999), who also generated cutoffs that could differentiate
between correct and misspeficied models. However, there
are some key differences between the two approaches. Hu
and Bentler (1999) simulated cutoffs for correlated three-
factor models that have five items per factor, sample sizes
ranging from 150 to 5000, item loadings of .70, .75 or .80,
and that had omitted cross-loadings. For example, they
found that a CFI of .95 and a RMSEA below .06 could
generally differentiate between the proposed and alterna-
tive models with few specification errors. Notably, Hu and
Bentler (1999) highly recommended the use of at least two
different fit indices to evaluate the fit of a model.

The DFI approach also simulates cutoffs based on a
given model, however, unlike the Hu and Bentler (1999)
approach, it generates cutoffs for all kinds of models. The
DFI approach accounts for the particularities of a given
model (i.e., sample sizes, factor loadings, number of items,
internal reliability of factors, degrees of freedom, etc.; Mc-
Neish & Wolf, 2023). For example, dynamic may find that
a CFI value of .92 is sufficient to differentiate between
the proposed and alternative models with minor misspec-
ifications. To achieve this, McNeish and Wolf (2023) de-
veloped an R package (Wolf & McNeish, 2023) and a Shiny
App (Wolf & McNeish, 2021) that can simulate DFIs with-
out having to write a single line of code. Both the R pack-
age and the app, which implement a simulation algorithm,
are based on lavaan (Rosseel, 2012) and simsem (Porn-
prasertmanit et al., 2012).

The algorithm used to calculate DFIs follows a series
of steps (see McNeish & Wolf, 2023; McNeish & Manapat,
2024). Researchers start by running their CFA model with
the software of their choice. Estimates of the model (e.g.,
factor loadings, inter-factor correlations) are the founda-
tion that is used to run the subsequent DFIs. A data genera-
tion model is then created by adding a misspecified path to
the tested model. To add this misspecified path, the DFI al-
gorithm (McNeish &Wolf, 2023; McNeish &Manapat, 2024)
replicated the “minor misspecification condition” used by
HuandBentler (1999). The addedmisspecification is a stan-
dardized cross-loading of the item with the smallest target
loading onto the factor with the highest construct reliabil-
ity. The value of this cross-loading is identical to that of the
lowest target factor loading. For example, assuming that
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in a questionnaire, Factor 1 has the highest construct re-
liability, Factor 3 has the lowest target loading (.450), and
item 6 loads onto Factor 3. The misspecified path added at
step 2 would cross-load item 6 onto Factor 1 with a value of
.450. In an instancewhere the standardized factor loadings
are high, the addition of a high magnitude cross-loading
could result in a negative residual population variance. To
avoid this issue, the dynamic algorithm determines 95% of
the highest cross-loadings that could be added to themodel
without the residual population variance becoming nega-
tive (McNeish & Wolf, 2023).

Then, the tested model is individually fitted to 500
datasets that have been generated by the data generation
model. This allows fit index values with minor misspecifi-
cations to be generated for themodel at hand. By analyzing
the distribution of said fit indices across these datasets, we
can identify a value that correctly classifies at least 95% of
misspecified models as misspecified. The same steps are
then repeated, but the tested model is now used as the data
generation model. Our goal here is to find a value that cor-
rectly classifies 95% of correct models as correct. The val-
ues obtained at this stage should be “closer to exact fit” (Mc-
Neish & Wolf, 2023), as the tested model is now the correct
model. However, if it is not, we risk rejecting toomany cor-
rectly specified models. 1 Once these steps are completed,
DFI can determine, for example, that a CFI of .98 is re-
quired to determine if your model is preferable compared
to a model with a small misspecification (i.e., a small non-
target loading).

Another feature that differentiates this approach from
theHu and Bentler (1999) approach is the levels ofmisspec-
ification that the DFI algorithm generates (McNeish &Wolf,
2023). The number of levels of misspecification in a model
corresponds to the number of factors within that model,
minus one. The use of these levels provides researchers
with an indication as to the extent of misfit in their model
by going beyond simply labeling a model as “correct” or
“misspecified”. If your model contains six factors, the pro-
posedCFI cutoff corresponds to theCFI needed to differ-
entiate yourmodel froman alternativemodel that contains
one (Level 1), two (Level 2), three (Level 3), four (Level 4)
and five (Level 5)misspecifications. In caseswhere amodel
contains three factors, there would be two levels of mis-
specification (i.e., Level 1 and Level 2). The first level of
misspecification would be a standardized cross-loading by
the item with the smallest target loading to the factor with
the highest level of construct reliability (McNeish & Wolf,
2023). The value of this cross-loading is the same as the tar-
get loading factor of this item, requiring that the population

residual variance does not become negative. As for the sec-
ond level, it would add a second misspecification which is
a standardized cross-loading by the item with the second
smallest target loading and the other factorwith the highest
level of construct reliability, so long as that factor is not the
same as the one chosen for the level 1misspecification (Mc-
Neish &Wolf, 2023). The value of this second cross-loading
should be the same as the second-smallest target loading,
requiring that the population residual variance does not
become negative (McNeish & Wolf, 2023).

When using these levels of misspecification, one can
compare the fit indices of a CFA model to the dynamic fit
index (DFI) cutoffs generated by the DFI algorithm (Mc-
Neish & Wolf, 2023). If the cutoffs were generated for
a three-factor model, one would evaluate whether model
fit is equal to or smaller than a cross-loading of the level
1 value, whether the misspecification is between a cross-
loading of level 1 value and two cross-loadings of level 2
value, or equal to or worse than two cross-loadings of level
2 value. This procedure allows for more nuanced fit evalu-
ation.

Objectives

In the following tutorial, there will be a discussion on how
to conduct a CFA and how to generate DFI cutoffs in R (R
Core Team, 2025) using the lavaan (Rosseel, 2012), and the
dynamic (Wolf &McNeish, 2023) packages. R (R Core Team,
2025) was selected for this tutorial because it is freely avail-
able and widely accessible, making it an ideal tool for both
students and researchers.

In our tutorial, we will evaluate the factor structure
of the Attainment of School Achievement Goal Scale (A-
SAGS; adapted fromAmiot et al., 2004; Gaudreau&Blondin,
2004). We selected this measure for our tutorial because it
contains three factors, each measured using 4 or 5 items,
which is a similar factor structure to many other question-
naires in psychological sciences. The A-SAGS is built on the
idea that people use three distinct but interrelated com-
petence criteria when subjectively assessing their perfor-
mance (e.g., Elliot & McGregor, 2001). First, they assess the
extent to which they have mastered the absolute demands
of the task (i.e., mastery attainment). Second, they evaluate
the extent to which they performed better than their pre-
vious or habitual performances (i.e., self-referenced attain-
ment). Third, they rate the extent to which they performed
better than others (i.e., normative attainment). These three
criteria can be organized in a hierarchicalmodelwith three
first-order factors nested under a second-order dimension
(see Figure 1).

1If the generated values are not closer to exact fit, it may still be possible to find fit index values that can classify at least 90% of misspecified models
as misspecified. In some cases, no such values can be generated, meaning it is not possible to distinguish between correct and misspecified models due
to the characteristics of the data.
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Figure 1 Factorial structure of the A-SAGS illustrated using semPlot. MGA = Mastery goal attainment; SRG = Self-
referenced goal attainment; NGA = Normative goal attainment; GA = Goal attainment

Method

Participants

The data used in this tutorial have been analyzed and pub-
lished in previous studies (Gaudreau, 2015; Kljajic et al.,
2017). The sample comprised 527 undergraduate univer-
sity students with a mean age of 19.16 years old (S.D. =
3.29). The majority of the sample being female (72.2%;
Male = 27.8%). Most were first-year students (75.1%), 16.2%
were second-year students, 6.3% were third-year students,
and 2.5% were fourth-year students. Most of them were
full-time students (97.9%), while 2.1% were part-time stu-
dents. In terms of ethnic background, 60.3% are Caucasian,
12.1% are Asian, 6.8% are Arabic, 6.3% are African Amer-
ican, 0.9% are Hispanic-Latino, 0.9% are Aboriginal or Na-
tive, and 12.5% chose to identify as other (e.g., African, East
Asian, Middle Eastern, South Asian, Mixed).

Measures

The Attainment of School Achievement Goal Scale. The
Attainment of School Achievement Goal Scale (A-SAGS;

adapted from Amiot et al., 2004; Gaudreau & Blondin,
2004), a 13-item scale, was used to measure student’s per-
ceptions of their own academic performance. 2 The stu-
dents are instructed to answer the scale while thinking
about the extent to which each item represents their per-
formance in the previous academic semester on a scale
from 1 (not at all) to 7 (totally). The A-SAGS contains three
subscales, which are mastery-goal attainment (e.g., “I pro-
vided a quality effort”), self-referenced goal attainment
(e.g., “I did better than my usual performances”), and nor-
mative goal attainment (e.g., “I showed that I am superior
to other students”). Results of a hierarchical CFA on the
sport version of the A-SAGS supported the proposed factor
structure (Martinent et al., 2013). In this study, the internal
reliability (McDonald’s omega) of each subscale was excel-
lent: mastery goal attainment (ω = .906), self-referenced
goal attainment (ω = .955), normative goal attainment
(ω = .954).

Tutorial

The R code and the data which is described in this tuto-
rial can be found in the Appendix or on OSF (https://osf.

2The A-SAGS is a 12-item scale (adapted from Amiot et al., 2004; Gaudreau & Blondin, 2004). However, there is an additional mastery goal-attainment
item in case one of the original items does not behave as expected. We have decided to include this item (item 13) as an indicator of mastery goal-
attainment in this tutorial to test for its properties.
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io/8yp5m). The R output, generated using the rmarkdown
package (Allaire et al., 2014), can be found under supple-
mentary materials.
Step 1: Load R packages. As part of this tutorial, three
R packages are used: lavaan (Rosseel, 2012), dynamic
(Wolf & McNeish, 2023), and semPlot (Epskamp, 2013).
First, each package needs to be downloaded using the
install.packages("name of package") func-
tion. As for the dynamic package, it can be down-
loaded using the install.github() function from
devtools (Wickham et al., 2011) and by providing the
following argument to it "melissagwolf/dynamic".
Then, it is necessary to load each of them by using the
library(name of package) function.
Step 2: Load the dataset. To conduct the analyses, the
dataset, which will be referred to as my_data, needs to be
loaded. As the dataset is in .csv format, the read.csv()
function is used with the dataset’s name in parentheses:
my_data <- read.csv("dataset.csv"). It is im-
portant to note that it is possible to load datasets of other
formats in R (R Core Team, 2025). There are different com-
mands for each format. For more information about these
commands, readers should consult Chapter 1 ofHorton and
Kleinman (2015) and Chapter 6 of Caron (2023).
Step 3: Quick look at the data before conducting
the analyses. Consistent with Dion et al. (2021), the
summary(my_data) function is used to have a quick
look at the data (my_data) in R. This allows to look at the
descriptive statistics for each item.
Step 4: CFA command. When conducting a CFA using
lavaan, it is important to code which items load onto which
factor. Each factor can be referred to by assigning it a num-
ber (e.g., 1, 2, or 3). Then, all items need to be referred
to by their name in the dataset. For example, item 1 of
the questionnaire is referred to as ga1. In addition, each
item that loads onto a factor needs to be separated by a
+ (e.g., Factor1 = ga1 + ga4 + ga7 + ga10 +
ga13). The = symbol needs to appear after the name of
each factor. It means that the factor is made of the follow-
ing items. If you want to set an equality constraint on a
parameter such as a pair of factor loadings, you must add
any label (e.g., Equal) and the symbol * before these pa-
rameters (e.g., Equal*ga10).
Step 5: Generate CFA results. To generate the CFA
results, two lines of code are needed. One is adapted
from Rogers (2024) and the other is adapted from Dion
et al. (2021). First, the fit <- cfa() function is
used to run the CFA (Rogers, 2024). In parentheses,
the following was coded (CFA, data = my_data,
ordered = TRUE, std.lv = TRUE, estimator
= "WLSMV").” TheCFA argument refers to the CFAmodel
generated at Step 5, while my_data refers to the dataset.

The ordered = TRUE argument tells lavaan that the
data is ordered. As for the std.lv = TRUE argument, it
generates standardized paths from the latent variables to
each item. Finally, the estimator = WLSMV argument
refers to the choice of estimator to handle missing data.
When using Likert-type items, the mean- and variance-
adjusted weighted least squares (WLSMV) is usually the
better estimation method (see Brauer et al., 2023).

As for the second line of code, the “summary()” func-
tion is used to get summary results for the tested CFAmodel
(Dion et al., 2021). The following was added in parentheses
(fit, fit.measures = TRUE, standardized
= TRUE, rsquare = TRUE). The fit argument
refers to the name of the CFA model. When using
fit.measures = TRUE, lavaan generates fit mea-
sures for the CFA model. The standardized = TRUE
argument generates standardized estimates. As for the
rsquare = TRUE argument, it generates explained vari-
ance (R2) values for each item. This gives an idea of the
amount of variance of each item that is explained by their
respective factors.
Step 6: Modification indices. To identify poten-
tial sources of model misspecification within this CFA
model, one can look at modification indices. To do
so, the modindices() function is used with the
following in parentheses (fit, sort = TRUE,
maximum.number = 30). As for the sort = TRUE
argument, it sorts modifications in order of the ones
that would result in the largest improvement in fit. For
example, to display the top 10 model misspecifications,
maximum.number = 10 is used.
Step 7: Comparing the CFA model to a plausible alter-
native. When estimating the fit of a CFA model, it is im-
portant to compare it to the fit of a plausible alternative
model. To compare the fit of both models, we used the
anova() function inlavaanwith the following in paren-
theses (fit1, fit2). As for fit1, it refers to our base-
line CFAmodel, while fit2 refers to our plausible alterna-
tive. By doing so, we obtain the results of a χ2 difference
test that compares the fit of both models.
Step 8: Command to calculate DFIs using dynamic. To
generate DFI cutoffs for the model, two lines of code from
Wolf and McNeish (2021), which are found on their Dy-
namic fit app, were adapted. As for the first line of code, an
object calledDFIswas created, which refers to the DFI cut-
offs generated by the dynamic package. It was followed
by the hier1HB() function and (fit, reps = 500).
The first part means that DFI cutoffs will be generated for
the hierarchical CFA model. The cutoffs generated follow
the same logic as Hu and Bentler (1999), referred to as HB.
In parentheses, the fit object appears, which refers to the
CFAmodel. As for reps=500, it means that dynamicwill
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Table 1 Target loadings for the 13-item A-SAGS

Mastery goal
attainment

Self-
referenced
goal attain-
ment

Normative
goal attain-
ment

Second-order
factor

Mastery goal attainment - - - .833
Item 1 .748 - - -
Item 4 .848 - - -
Item 7 .833 - - -
Item 10 .950 - - -
Item 13 .856 - - -
Self-referenced goal attainment - - - .880
Item 2 - .942 - -
Item 5 - .953 - -
Item 8 - .906 - -
Item 11 - .956 - -
Normative goal attainment - - - .912
Item 3 - - .890 -
Item 6 - - .956 -
Item 9 - - .962 -

conduct 500 replications to generate the fit index cutoffs.
DFIs was also entered, which allows one to list the DFIs
generated for the model.
Step 9: Command to plot the CFA model using sem-
Plot. It is possible to use semPlot (Epskamp, 2013)
to plot the CFA model and its estimates. A line of code
which is found on the dynamic fit app (Wolf & McNeish,
2021) was adapted. First, the name ASAGSPlot was as-
signed to the plot. The semPaths() function is used with
the following in parentheses (fit, thresholds =
FALSE, intercepts = FALSE, whatLabels =
"std", edge.label.cex = 1, edge.color =
"black"). The plot is created based on the CFA model
referred to as fit. Thresholds (Thresholds = FALSE)
and intercepts (Intercepts = FALSE) are not dis-
played to avoid displaying too much information. The
last command (i.e., whatLabels = "std") displays the
standardized paths from the latent variables to each item
in the plot. Theedge.label.cex command helps choos-
ing the size of the standardized estimates displayed in the
model (i.e., 1). Finally, the edge.color argument en-
ables one to choose the color for each path in the model
(i.e., black).

Results

Evaluating the Model Based on Fixed Cutoffs

Results of the hierarchical CFA with three first-order fac-
tors showed that the χ2 test was statistically significant:
χ2(62) = 461.359, p < .001. This implies that the model

does not perfectly fit the data. The relative fit indices ob-
tained for the model were as follows: CFI = .975, TLI =
.968,RMSEA = .171, and SRMR = .049. By stringently
following the cutoffs derived from Hu and Bentler (1999);
[CFI and TLI ≥ .95, RMSEA ≤ .06, SRMR ≤ .08],
one would conclude that the fit of the model is mixed. One
would reach the same conclusions using more liberal cut-
offs (Bentler & Bonett, 1980; Bollen, 1989; Hu & Bentler,
1995; Jöreskog, 1993; , see also Caron, 2018, 2023,CFI and
TLI ≥ .90, RMSEA ≤ .08, SRMR ≤ .08). All fit indices
were acceptable, but the RMSEA largely exceeded rec-
ommended guidelines. However, we know that in models
with high target loadings, few items per factor, and small
to moderate degrees of freedom, RMSEA values tend to
falsely indicate a poor fitting model (Kenny et al., 2015; Mc-
Neish et al., 2018). In otherwords, based on the known limi-
tations of theRMSEA, we can conclude that the proposed
hierarchicalmodel of the A-SAGS provides an acceptable fit
when evaluatingmodel fit with fixed cutoffs. Table 1 shows
that each item loaded strongly onto their hypothesized fac-
tor. Mastery goal attainment loadings ranged from .748
to .950. Self-referenced goal attainment loadings ranged
from .906 to .953. As for normative goal attainment, load-
ings ranged from .890 to .962. Secord-order factor loadings
ranged from .833 to .912, so each of the three criteria con-
tributed strongly to anoverall subjective assessment of goal
attainment.

One way to verify the fit of a factorial model is to com-
pare it to a theoretically plausible alternative. Achievement
Goal Theory (e.g., Elliot & McGregor, 2001; Nicholls, 1984)
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Table 2 Target loadings for the 2-factor A-SAGS

Mastery and self-
referenced goal
attainment

Normative goal at-
tainment

Mastery and self-referenced goal attainment - -
Item 1 .702 -
Item 2 .925 -
Item 4 .798 -
Item 5 .941 -
Item 7 .792 -
Item 8 .886 -
Item 10 .868 -
Item 11 .937 -
Item 13 .810 -
Normative goal attainment - -
Item 3 - .890
Item 6 - .955
Item 9 - .962
Item 12 - .951

has often subsumedmastery- and self-referenced goals un-
der mastery goals. This means that a reasonable and the-
oretically plausible alternative would be for the items of
factors 1 and 2 of the A-SAGS to load on one factor. The
χ2 test of this alternative model yielded a statistically sig-
nificant result, χ2(64) = 1395.253, p < .001. We ob-
tained the following fit indices: CFI = .953, TLI = .943,
RMSEA = .230, SRMR = .093. Using the benchmarks
derived fromHu and Bentler (1999), we observed that only
the CFI value exceeded the cutoffs. Using more liberal
cutoffs (Bentler & Bonett, 1980; Bollen, 1989; Hu & Bentler,
1995; Jöreskog, 1993; ; see also Caron, 2018, 2023), only the
CFI andTLI values respected the cutoffs. Factor loadings
are displayed in Table 2. We then decided to test whether
the fit of this model was significantly different from our
hierarchical model with three first-order factors. We ob-
tained the following results: ∆χ2 = 260.46, ∆df = 2,
p < .001. This means that our three-factor hierarchical
model fitted significantly better than a two-factor model
wheremastery- and self-referenced goal attainment loaded
onto a single factor. Thus, we retained our theoretically ex-
pected three-factor model.

Evaluating the Dynamic Fit Index Cutoffs

DFI cutoffs for the CFA model of the A-SAGS were gener-
ated using dynamic. First, aCFI value of .987, aRMSEA
value of .062, and a SRMR value of .025 would indicate
that misspecification in the model is equal to 95% of the
largest allowable cross-loading (i.e., .290) that keeps the
population residual variance positive (Level 1 misspecifi-
cation). Second, a CFI value of .983, a RMSEA value of

.075, and a SRMR value of .026 would indicate that mis-
specification in themodel is equal to 95% of the two largest
allowable cross loadings (i.e., .290 and .126) that keep the
population residual variance positive (Level 2 misspecifi-
cation). By looking at the observed fit indices of the A-
SAGS (CFI = .975; TLI = .968; RMSEA = .171; and
SRMR = .049), it can be deduced that none of the fit index
values for our CFAmodel exceeded the levels of misspecifi-
cation generated by dynamic. This indicates that misspec-
ification in the model is equivalent to more than 95% of
the two largest allowable cross loadings in the model (i.e.,
.290 and .126). Therefore, support for the factorial struc-
ture of the A-SAGS is unsatisfactory based on DFIs. Before
using the A-SAGS in subsequent research, it would be im-
portant to investigate the potential sources of model misfit
(i.e., small cross-loadings, small correlations between item
residuals) to determine their impact on the overall fit and
theoretical interpretation of the model.

Exploration of the Potential Sources of Model Misfit

Whenever the χ2 of the CFA model is significant, it is gen-
erally advisable to explore the potential sources of misfit.
However, this recommendation has rarely been widely im-
plemented (e.g., Hayduk et al., 2007). We forward a simi-
lar cautionary note in recommending that modification in-
dices (or alternativemethods; Muthén&Asparouhov, 2012)
be explored whenever a model fails to reach the model-
tailored cutoffs from the DFI.

In the hierarchical CFAmodel with three first-order fac-
tors, the MIs indicated that item 10 of mastery goal attain-
ment could cross-load on the other two first-order factors.
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Table 3 Target loadings for the A-SAGS with item 10 loading onto all three first-order factors

Mastery goal at-
tainment

Self-referenced
goal attainment

Normative goal
attainment

Second-order fac-
tor

Mastery goal attainment - - - .764
Item 1 .772 - - -
Item 4 .874 - - -
Item 7 .857 - - -
Item 10 .513 .112 .342 -
Item 13 .908 - - -
Self-referenced goal attainment - - - .894
Item 2 - .942 - -
Item 5 - .954 - -
Item 8 - .906 - -
Item 11 - .956 - -
Normative goal attainment - - - .898
Item 3 - - .891 -
Item 6 - - .956 -
Item 9 - - .960 -
Item 12 - - .951 -

This MI was the main contributor to misfit in our model.
Having smaller cross-loadings compared to the target load-
ing could be considered tolerable and trivial. In contrast,
having cross-loadings as strong as the target loading could
suggest the need to revise this item in subsequent versions
of the A-SAGS. In order to estimate the value of the two
cross-loadings, we tested a CFA model where item 10 was
set to load on all three first-order factors. As shown in Table
3, the target loading of item 10 on mastery goal attainment
was high (.513). It was higher than the non-target load-
ings on self-referenced goal attainment (.112) and norma-
tive goal attainment (.342) which were all statistically sig-
nificant. The cross-loading on normative goal attainment
can be considered substantial and sufficiently high to war-
rant further considerations (see discussion section).3

Discussion

Despite well-documented limitations and repeated calls for
caution, researchers often rely on fixed cutoff values de-
rived fromHu and Bentler (1999) to assess CFAmodel fit. In
this tutorial, we aimed to address this limitation by lever-
aging a recent solution developed by McNeish and Wolf
(2023), which illustrated how to generate cutoff values that
are tailored to the specific characteristics of a given CFA
model. Specifically, we utilized this approach to examine
the factorial structure of a questionnaire (A-SAGS) designed
to help students subjectively assess their school perfor-

mance. We demonstrated how to conduct a CFA using the
lavaan package (Rosseel, 2012) and how to obtain model-
specific cutoff values with the dynamic package (Wolf &
McNeish, 2023). Overall, our tutorial provided a practi-
cal framework for evaluating model fit based on recent
methodological developments and updated recommenda-
tions.

We examined the factorial structure of a question-
naire designed to provide a subjective assessment of stu-
dents’ performance in school. Based on the thresholds de-
rived from Hu and Bentler (1999) [CFI and TLI ≥ .95,
RMSEA ≤ .06, SRMR ≤ .08)], we would have con-
cluded that the fit for A-SAGS was satisfactory (CFI =
.975; TLI = .968; RMSEA = .171; SRMR = .049).
However, whenusing cutoffs generated by dynamic at both
levels (Level 1: CFI = .987, RMSEA = .062, SRMR =
.025; Level 2: CFI = .983, RMSEA = .075, SRMR =
.026), none of our fit indices met the model-specific cutoffs.
This result indicated that the level of misspecification in
the model was superior to 95% of the two largest allowable
cross-loadings (i.e., .290 and .126) in the data. Using the DFI
offered a clearer view of the extent to which the hypoth-
esized factor structure of the A-SAGS may have been mis-
specified, illustrating the added value of evaluating model
fit with model-specific rather than universal cutoffs.

3We also testedwhether the non-target loading of item 10 on self-referenced goal-attainment (.112) was significantly lower than the one on normative
goal attainment (.342) and whether the non-target loading on normative goal attainment was equivalent to the target loading on mastery goal attain-
ment (.513). We did so by testing two models with an equality constraint on these parameters and compared them to the model where all loadings for
item 10 are freely estimated. We obtained support for our first hypothesis only (see Supplementary materials).
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What to do when DFI cutoffs are not met

The DFI cutoffs generated for our CFA of the A-SAGS may
appear stricter. Yet, they are simply more realistic because
they are calibrated based on the reality of our model. Re-
searchers may wonder what their next steps should be if
their model does not meet DFI cutoffs. Our tutorial relied
on best practices in SEM. After rejecting the hypothesized
model, we explored the modification indices (MI) to iden-
tify potential sources of model misspecification. MIs can
help to locate the parameters that would lead to the great-
est improvement in model fit if they were included in the
model (Xiong et al., 2025). Prudence is warranted when us-
ing MIs because a model misspecification may be due to
sampling variability and may not generalize to other sam-
ples (MacCallum et al., 1992). Thus, we encourage looking
at modification indices only for the sake of taking note of
the problems found in your data. We then suggest estimat-
ing those problematic parameters to get a sense of the ex-
tent of the problem in your data. In otherwords, we suggest
not usingmodification indices to blindly improve your CFA
model for the purpose of reaching a threshold of acceptable
model fit.

The MIs for the A-SAGS indicated that the improper
model fit is potentially due to one item that could poten-
tially load onto all three factors. We tested a new model
to assess and interpret these potential cross-loadings. We
then concluded that one of these cross-loadings could be
considered trivial and negligible, but the other seems
substantial enough to warrant future research attention.4
Overall, we concluded that this item violated the princi-
ple of simple factor structure, which states that each item
should only load onto one factor (e.g., Thurstone, 1947). A
popular solution would be to remove this item and run a
new CFA without it. However, removing an item based on
the modification indices of a single sample is questionable
(Flake & Fried, 2020; MacCallum et al., 1992) andwas there-
fore not attempted in this tutorial. In addition, it is impor-
tant to consider the theory that is relevant to our measure
before coming to any conclusions regarding model appro-
priateness (e.g., Bollen, 1989; West et al., 2012, 2023). Said
theory should inform all decisions made at any stages of
the questionnaire development, including when testing its
factorial structure.

If it has been suggested that a model may not meet the
DFI cutoffs, a Bayesian CFA is proposed as a better alter-

native to looking at the modification indices provided in
the output of statistical packages (Muthén & Asparouhov,
2012; , see also Depaoli, 2021). Through the use of informed
priors, a Bayesian CFA can allow cross-loadings and corre-
lated residuals (correlations between the errors of items) to
vary around a pre-specified interval. The posterior distri-
bution of these parameters can determine whether misfit
is due to the presence of many small, trivial, and tolera-
ble cross-loadings or to larger, more problematic ones. The
same logic is applicable when examining correlated resid-
uals (Asparouhov et al., 2015; Muthén&Asparouhov, 2012).
The Bayesian CFA framework offers a way forward, allow-
ing for the exploration of sources of misspecification when
rejecting amodel based on traditional CFA constraining the
cross-loadings and correlated residuals to zero (see Taylor,
2019, for an example).

Limitations and Future research

The CFA model (using traditional or DFI cutoff values)
works under the assumption that all cross-loadings are
fixed at zero. This assumption can be acceptable for some
conceptual models and too strict for others. Meaning that
the DFI approach may erroneously fail several CFA mod-
els, because it works under the assumption that non-freed
cross-loadings are zero (e.g., Thurstone, 1947). Psychomet-
ric indicators are most often not entirely pure construct in-
dicators. Assuming that cross-loadings are all zero renders
the CFA model too limiting because it is nearly impossible
for all the cross-loadings of a factor model to be null (As-
parouhov et al., 2015; Muthén & Asparouhov, 2012; Marsh
et al., 2014).

As Marsh et al. (2014) pointed out, questionnaire items
are imperfect indicators of the constructs they are intended
to measure. Thus, they often display small residual corre-
lations with other variables. They demonstrated that omit-
ting non-null cross-loadings can inflate inter-factor cor-
relations and compromise the discriminant validity and
predictive power of the scores. Alternative approaches,
such as exploratory structural equation modeling (e.g., As-
parouhov &Muthén, 2009; Marsh et al., 2014) and Bayesian
structural equation models (e.g., Muthén & Asparouhov,
2012) have been deemed promising as a way to relax the
overly stringent assumptions of the traditional CFA model.
We believe future research should investigate whether
these other frameworks can provide additional insight
alongsideDFIs. However, we donot argue that these frame-

4A one-size fits all approach should not be considered when evaluating target and non-target loadings (Knekta et al., 2019). However, based on a
review of current practices, Howard (2016) recommended that each item should “(a) load onto their target factor above 0.40, (b) load onto alternative
factors below 0.30, and (c) demonstrate a difference of 0.20 between their target and alternative factor loadings” (p. 55). Using this .40, .30, .20 rule,
we concluded that one of the cross-loadings for item 10 was sufficiently small (λ < .20) to be considered trivial. The other cross-loading exceeded the
.30 rule (λ < .34) and did not demonstrate a difference of at least .20 with the target factor loading (target λ = .51). We suggest that future research
reevaluates whether this cross-loading replicates across samples before determining if this item should be rewritten, dropped, or tolerated as a complex
indicator of two factors (see Supplemental materials for an explanation as to why this item wants to cross-load on factor 3).
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works should substitute for them.

Conclusion

The fit of confirmatory factor analysis models has histori-
cally been evaluated using fixed cutoffs, which are known
to generalize poorly to models with different characteris-
tics. In this tutorial, we tested the DFI approach by Mc-
Neish and Wolf (2023) which generates cutoff values tai-
lored to the characteristics of the model being tested. In
this tutorial, we illustrate how to implement this approach
by testing the factorial validity of the A-SAGS. Though fixed
cutoffs would have supported the fit of the A-SAGS in our
data, dynamic fit indices did not provide support for it. We
then provide guidance on what to do if a CFA model does
not meet the DFI cutoffs. We discuss how modification in-
dices can give a preliminary idea of sources of misfit in
our model, and why a Bayesian CFA can help one evalu-
ate whether misfit is due to the sum of negligible problems
or a few problematic ones. We also discuss the importance
of theory and making informed decisions when evaluating
a factorial model, as well as the overly optimistic assump-
tions of near zero cross-loadings or correlated residuals in
CFA. The DFI is a strong alternative to fixed cutoffs, and we
encourage researchers to try it out and implement it when
evaluating CFA models.
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turelles avec mplus. Presses de l’Université du Québec.
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Appendix A: R code generated using rmarkdown (Allaire et al., 2014)

#Listing 1 - Packages
install.packages("lavaan")

devtools::install_github("melissagwolf/dynamic")
install.packages("semPlot")

library(lavaan)
library(dynamic)
library(semPlot)

#Listing 2 - Loading data
my_data <- read.csv("dataset.csv")

#Listing 3 - Summary statistics
summary(my_data)

#Listing 4 - CFA
CFA <- 'MGA =~ ga1 + ga4 + ga7 + ga10 + ga13
SRGA =~ ga2 + ga5 + ga8 + ga11
NGA =~ ga3 + ga6 + ga9 + ga12
GA =~ MGA + SRGA + NGA'

#Listing 5 - Fit the CFA
fit <- cfa(CFA, data = my_data, ordered = TRUE, std.lv = TRUE, estimator = "WLSMV")

#Rogers (2024)
summary(fit, fit.measures = TRUE, standardized = TRUE, rsquare = TRUE)
#Dion et al. (2021)
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#Listing 6 - Modification indices
modindices(fit, sort = TRUE, maximum.number = 30)

#Listing 7 - Dynamic fit indices
DFIs <- hier1HB(fit, reps = 500)#Adapted from Wolf & McNeish (2021)
DFIs

#Listing 8 - Plotting the CFA model
ASAGSPlot <- semPaths(fit, thresholds = FALSE, intercepts = FALSE,
whatLabels = "std", edge.label.cex = 1, edge.color = "black") #Adapted from Wolf &

McNeish (2021)

#Listing 9 - CFA - Alternative model
CFA2 <- 'Factor1 =~ ga1 + ga2 + ga4 + ga5 + ga7 + ga8 + ga10 + ga11 + ga13
Factor2 =~ ga3 + ga6 + ga9 + ga12
Factor1 ~~ Factor2'

#Listing 10 - Fit the CFA
fit2 <- cfa(CFA2, data = my_data, ordered = TRUE, std.lv = TRUE, estimator = "WLSMV

") #Rogers (2024)
summary(fit2, fit.measures = TRUE, standardized = TRUE, rsquare = TRUE)#Dion et al.

(2021)

#Listing 11 - Difference in fit
anova(fit,fit2)

#Listing 12 - CFA - Estimating two non-target loadings
CrossLoad10 <- 'Factor1 =~ ga1 + ga4 + ga7 + ga10 + ga13
Factor2 =~ ga2 + ga5 + ga8 + ga10 + ga11
Factor3 =~ ga3 + ga6 + ga9 + ga10 + ga12
Factor4 =~ Factor1 + Factor2 + Factor3'

#Listing 13 - Fit the CFA
fitCrossLoad10 <- cfa(CrossLoad10, data = my_data, ordered = TRUE, std.lv = TRUE,

estimator = "WLSMV") #Rogers (2024)
summary(fitCrossLoad10, fit.measures = TRUE, standardized = TRUE, rsquare = TRUE)#

Dion et al. (2021)

#Listing 14 - CFA equality constraint #1
Equal.Constraint <- 'Factor1 =~ ga1 + ga4 + ga7 + ga10 + ga13
Factor2 =~ ga2 + ga5 + ga8 + Equal*ga10 + ga11
Factor3 =~ ga3 + ga6 + ga9 + Equal*ga10 + ga12
Factor4 =~ Factor1 + Factor2 + Factor3'

#Listing 15 - Fit the CFA
fitEqual.Constraint <- cfa(Equal.Constraint, data = my_data, ordered = TRUE, std.lv

= TRUE, estimator = "WLSMV") #Rogers (2024)
summary(fitEqual.Constraint, fit.measures = TRUE, standardized = TRUE, rsquare =

TRUE)#Dion et al. (2021)
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#Listing 16 - Difference in fit
anova(fitCrossLoad10,fitEqual.Constraint)

#Listing 17 - CFA equality constraint #2
Equal.Constraint2 <- 'Factor1 =~ ga1 + ga4 + ga7 + Equal*ga10 + ga13
Factor2 =~ ga2 + ga5 + ga8 + ga10 + ga11
Factor3 =~ ga3 + ga6 + ga9 + Equal*ga10 + ga12
Factor4 =~ Factor1 + Factor2 + Factor3'

#Listing 18 - Fit the CFA
fitEqual.Constraint2 <- cfa(Equal.Constraint2, data = my_data, ordered = TRUE,

std.lv = TRUE, estimator = "WLSMV") #Rogers (2024)
summary(fitEqual.Constraint2, fit.measures = TRUE, standardized = TRUE, rsquare =

TRUE)#Dion et al. (2021)

#Listing 19 - Difference in fit
anova(fitCrossLoad10,fitEqual.Constraint2)
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