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Abstract

A much cited part of the output of confirmatory factor analysis consists of goodness-of-
fit (GOF) indices: measures for the correctness of the prediction of the factor structure.
A small number of recent studies are reviewed to show that GOF-indices cannot be re-
lied on: Many are strongly and paradoxically affected (overestimation of fit) by the de-
gree of unique variance, especially in combination with high factor correlations. Com-
parative fit-indices do not survive that combination either. This makes it impossible to
specify benchmark values per GOF-index to indicate degree of fit, let alone stringent
cut-off values to split models in falsified and confirmed ones. An explanation of these
spurious effects is offered.



An important contribution to construct-validation of multidimensional measuring instruments in
psychology and related disciplines is investigating its factor structure. An empirically found fac-
tor structure which corresponds with the a priori division in subtests is a strong support for the
ideas that guided construction of the instrument. Conversely, a psychological theory about, for
instance, a psychopathological category may be translated into a number of items, and there-
upon expectations about the way these items cluster may be formulated.

A direct and controlled way to test these clusters is confirmatory factor analysis (CFA). For
the last few decades the method of choice in CFA has often been confirmatory common* factor
analysis (CCFA) as a part of LISREL (Joreskog, 1969) and similar programs for structural equa-
tion modelling (SEM). It can be used for testing both the measurement part and the structural
aspect of the model. (The structural aspect relates to a more complicated theoretical model of
which the measurement model is a part).

The output of LISREL and similar programs provides several clues as to the correctly and in-
correctly specified parameters of the model, but an important part of it are x* and a number of
measures of global fit of the model, the so-called goodness-of-fit indices (GOF-indices). These
should give a quick impression of the accuracy of prediction, if not a test whether the model
holds for the population.

There has been much critical discussion in the specialized literature about the validity and
reliability of these GOF-indices, since Hu & Bentler (1998, 1999) proposed their stringent cut-off
values. A number of studies that played or could play an important part in this discussion will be
discussed. They will raise serious doubts about the current GOF-indices.

The impetus to this paper is the observation that for the last decade or so construct valida-
tion of questionnaires is often done with LISREL by which authors contend themselves with re-
porting GOF-indices for a few rival models and primary factor loadings for the “winning” model,
and nothing more, even if the values of the fit-indices are mediocre and some of the factor load-
ings are clearly too low (for an example, see Hoekstra et al., 2008). The sophistication of LIS-
REL in combination with closeness to advised criterion values of ill-understood fit-indices seems
to be an excuse to refrain from critically investigating sources and meaning of remaining misfit.
This is problematic the more since GOF-indices can absolutely not be relied upon as | hope to
show with this paper.

1. Testing predicted factor structure by means of LISREL

The prediction of the factor structure includes at least the number of factors and the assignment
of items to the factors (indicators: variables with high primary factor loadings. It may also include
the prediction of a number of secondary factor loadings. It may include a prediction of the factor
correlations. The measurement error may be included in the model. If a structural model is
tested, then there may be predictions about extraneous causal variables.

All these correlations, covariances and error variances (parameters) of the factor structure
are translated back into a covariance (or correlation) matrix over all measured variables: the im-
plied covariance matrix.

e This implied covariance matrix is adjusted to the empirically found sample covariance matrix
by means of some iterative method, mostly maximum likelihood estimation (MLE), in such a way
that the difference between the two is minimized.

e This estimated implied covariance matrix is subsequently compared with the empirical sam-
ple matrix. This comparison results in a residual matrix.

e These residuals are a function of the: 1) approximation discrepancy between model and
population values, 2) estimation discrepancy, which is the difference between sample and popu-
lation values due to sample fluctuations. (See Cudeck & Henly, 1991.)

e The hypothesis is that on the population level the approximation discrepancy is negligible, so
the empirically found difference on the sample level must be only due to the estimation discrep-
ancy.

' Common here refers to the common part of the variance in the measuring variables, to be distinguished
from the unique part: error and item-specific variance.



e The estimation difference between the two distributions (matrices) is expressed in xz, with
degrees of freedom (df) equalling the number of covariances in the matrix minus the number of
free parameters (parameters to be freely estimated by the program).

e This XZ should be small enough - in relation to df - to be only the result of chance fluctuations
in the sample.

2. Problems with % goodness-of-fit indices

The latter means that, in contrast to what is customary in statistics, xz should be non-significant
to prove a significant fit. That may be asking for trouble. Indeed, with big samples even trivial
differences may be deemed significant, suggesting a poor fit, in spite of the greater representa-
tiveness of a big sample. For this reason, a number of indices of “goodness of fit” or “approxi-
mate fit” have been devised. Many of them are based on y° and df; one is based on the residu-
als directly.

Over the years these indices have been investigated in numerous studies with empirical data
and - more often - simulated data. Time and again they turned out to be unsatisfactory in some
respect, so adapted and new ones were devised. Now many of them are available. Often re-
ported nowadays are:

¢ RMSEA (root mean square error of approximation): based on XZ, df and N. It was devised by
Steiger (1990). Its formula (derived from Kenny, 2010) is:
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By dividing by df, RMSEA penalizes for free parameters. It also rewards for a big sample size
because of N in the denominator; in spite of this RMSEA is not notorious for sample bias.

A value of 0 indicates perfect fit. Hu & Bentler (1999) suggested < .06 as a cut-off value for
good fit.

A GOF-index resembling RMSEA is Gamma-hat (Steiger, 1989). It contains a correction for
the number of variables in its formula.
e TLI (Tucker-Lewis index, 1973), also known as NNFI (non-normed fit index): based on the
comparison of xz for the implied matrix with XZ for the matrix of a null-model (in practice: all
measuring variables are uncorrelated). Its formula (derived from Kenny, 2010) is:

200 - 2 impli
dfnull aF implied

(2—; - 1) null
A value of 1 indicates perfect fit. TLI is called non-normed because it may assume values < 0
and > 1.

Hu & Benler (1999) proposed = .95 as a cut-off value for a good fit.

TLI belongs to the class of comparative fit-indices: these are all based on a comparison of
the Xz‘s of two models. Those indices that are not, like RMSEA, Gamma-hat and SRMR, are
called absolute fit-indices.

o CFI (comparative fit index: Bentler, 1990) is based on the comparison of XZ for the implied
matrix with X2 for the matrix of a null-model (all variables are uncorrelated). Its formula (derived
from Kenny, 2010) is:

(%2 — df) implied
(%2 — df) null

Values > 1 are truncated to 1, values < 0 are raised to 0. Without this “normalization”, this fit-
index is the one devised by McDonald & Marsh, 1990), the RNI (relative non-centrality index).
By subtracting df, it penalizes for free parameters.



Hu & Bentler (1999) suggested CFl = .95 as a cut-off value for good fit. Marsh at al. (2005, p.
295) warned that CFI has a slight downward bias, due to the truncation of values greater than
1.0.
¢ SRMR (standardized root mean square residual: Jéreskog & Soérbom, 1988). To calculate
this index the residuals (S - 7;) in the residual correlation matrix (including the variances) are
squared and then summed; this sum is divided by the number of residuals q [equals p.(p+1)/2,
where p is the number of variables], and next the square root of this mean is drawn. (S stand for
correlation sample matrix, | for implied correlation matrix.)

SRMR = /%Z(Sij — Iij)?

A value of 0 indicates perfect fit. Hu & Bentler (1999) advise a cut-off value of < .08 for good
fit. Notice that x” is not used to calculate SRMR.

3. Hypothesis testing approach

Testing with X2 is a statistical test, meant to justify generalization of some test value from sam-
ple to population. Typical for such test is an all-or-none decision: the model is confirmed or falsi-
fied. This hypothesis-testing approach has been transferred to the application of GOF-indexes
in CCFA in the studies of Hu & Bentler (1998, 1999).

In order to accept correct models within this hypothesis-testing approach, the cut-off values
for the indices should be lenient, but in order to reject incorrect models they should be strict.
How to determine them? A controlled way is to work with simulated data: generate data in
agreement with a predefined factor structure; formulate correct and a few incorrect factor mod-
els; draw a great many samples of different sizes; and see what the values of a number of the
fit-indices of interest will do.

One of the convenient things about simulation studies is that the correct model is known be-
forehand. That provides a basis, independently of the fit-index values, to judge whether a pre-
dicted model should be rejected or accepted. To express the suitability of the selected cut-off
value of the GOF-index, the percentage of rejected samples is reproduced, that is, the samples
for which the fit-index value is on the “rejection side” of the cut-off value. Of course, within the
hypothesis testing approach the rejection rate should be very small for correct models, and very
large for incorrect models. Which percentage is to be demanded as a basis for advising a cer-
tain cut-off value is often not stated explicitly by the researchers who have conducted the simu-
lation study. Within the hypothesis testing approach it seems reasonable (in my eyes) to de-
mand a rate of < 10% for correct models and = 90% for incorrect models, considering that mere
tossing would already lead to a rate of 50%.

Although the population is large (e.g. 500.000 cases), it is known as well. It would be wise to
calculate the fit-index values per GOF-index for both correct and all incorrect models with re-
spect to this population. It places one in a position to judge whether a selected cut-off value is
too liberal anyway even before having drawn any sample.

How valid are the cut-off-values proposed by Hu & Bentler (1998, 1999)? To investigate this
Marsh et al. (2004) replicated their study:

Hu & Bentler had set up a population which corresponded to the following factor structures: three
correlated factors with five indicators each, with either 1) no cross-loadings (the “simple model” —
33 nonzero parameter estimates), or 2) three cross-loadings (the “complex model” — 36 nonzero
parameter estimates). The misspecification in the simple model involved one or two factor correla-
tions misspecified (set to zero), and in the complex model one or two cross-loadings misspecified
(set to zero).

The population of Marsh et al. (2004) involved 500.000 cases. A number of samples of, respec-
tively, 150, 250, 500, 1000 and 5000 cases were drawn. (The number of replications was not men-
tioned). MLE was applied. The dependent variable was the rejection rate per GOF-index with the
cut-off value advised by Hu & Bentler (1999).

Unlike Hu & Bentler (1999) Marsh et al. (2004) calculated the population values of xz and the
indices.



The main findings:

. xz (p > .05) was doing better than the indices in almost all cases. It nevertheless rejected be-
tween 8 and 14,5% of the correct models in both conditions (type I-error).

e The population values of the GOF-indices for many of the misspecified models were often on
the acceptance side of the advised cut-off value. So in spite of being more stringent than had
been the rule before, these cut-off values were often too liberal to detect the misspecifications.
Marsh et al. (2004) characterized these models as “acceptable misspecified models”.

o If the population values are on the acceptance side of the cut-off value but very close to it,
then - because of larger sampling fluctuations (Marsh et al., 2004) - the smaller samples are
doing paradoxically “better” than the bigger ones, that is, lead to higher rejection rates of the
misspecified models. (However, these rates stay far below the 90% rate demanded above.)

e If the population value for an incorrect model is on the rejection side of the cut-off value, as it
should, but again very close to it, then the smaller samples may remain far below 90% rejection,
again because of these bigger chance fluctuations. Only the larger samples will approach or
reach 100%.

¢ SRMR shows a sample bias (higher values in smaller samples such as N=150 in table 1.
Meade (2008), too, concluded from an analysis with ANOVA that SRMR - unlike the other fit-
indices - is biased by sample size. Fan and Sivo (2007) found a bias of 13% variance for SRMR
over 5 models. This is an additional reason to use only bigger samples in CCFA (the other rea-
son being that MLE needs it).

e Cut-off values should depend on the type(s) of misspecification one suspects or one is inter-
ested in, because they may influence the various GOF-indices differently.

¢ Next, they should depend on the degree of misspecification one is willing to tolerate or not.
For instance, should one misspecified cross-loading be considered a trivial misspecification or
an unacceptable one?

Difficulty reconciling avoidance of both type 1-error and 2-error
Within the hypothesis testing approach one should avoid two types of error at the same time.
One should not reject a model while in fact it is correct; this represents type-I error. Alternatively,
one should not accept a model that is incorrect; that represents type-Il error. To prevent the first
error the cut-off value of the fit-index should be sufficiently lenient. To avoid the second error, it
should strict enough. Can these two opposing interests always be reconciled, for any sample
size, in CCFA?

A study by Chen et al. (2008) offered an excellent opportunity of determining this for, at
least, RMSEA.

Chen et al. (2008) investigated three models:

1) Three factors with five indicators each plus one cross-loading indicator each,

2) three factors with five indicators each plus one cross-loading indicator each,

3) like 1, but with an additional four inter-correlating exogenous variables that correlated with one
factor, and of which two additionally correlated with the two other factors.

In model 1 and 2 the misspecification involved omitting one, two or three of the cross-loading in-
dicators from the prediction. In model 3 the smallest misspecification was omitting all three cross-
loadings from the prediction, the moderate misspecification was omitting the four additional correla-
tions of exogenous variables with the factors, and the large misspecification combined the small
and moderate misspecification. Parameter values were chosen so that omission of one or more of
them would result in a meaningful impact on overall model fit.

Sample sizes were 50, 75, 100, 200, 400, 800 and 1000. They generated 800 samples for each
of the 84 experimental conditions.

The authors investigated the rejection rates for RMSEA cut-off points ranging from 0 to 0.15
with increments of .005. From their results it was clear that avoiding type-1 and type-Il error at
the same time was often not possible for N < 200. To give an impression of their results, | only
summarize those for N=200 and N=1000 in table 1:

If N=200, only the moderate and severest misspecification in model 3 allow for cut-off values
which are suited for both accepting 90% or more correct models and rejecting 90% or more of
incorrect models. In the seven other cases no such cut-off values can be found. In three cases,
even RMSEA = 0 is not strict enough to arrive at 90% rejection! For N=1000, the results are
much better.



By the way, in this study, too, the population values of the misspecified models were often

below the cut-off -value of .06 or even .05 (six out of nine were smaller)!

Table 1: Cut-off values of RMSEA in order to reach good rejection rates (Chen et al., 2008, figures 4 to 15)

N=200 N=1000

Model 1 | Model 2 | Model 3 Model 1 | Model 2 | Model 3
Misspecification To effect 2 90% acceptance of correct models, computed RMSEA must be:
None 2045  [203 | =204 [ =202 | 2015 | =2.020

To effect = 90% rejection of incorrect models, computed RMSEA is restricted to be:
Smallest fails, £64% | fails, +77% | <.030, no <.010,n0 |[£.015, xyes | <.040, yes
Moderate fails, #80% | <.01, no <.070, yes <.025,yes | =.025,yes | <.075, yes
Severest <.035, no <.025, no <.080, yes || <.055,yes | <.035,yes | <.090, yes

The word “Fails” in a cell means that even a cut-off value of 0 is not suited to effect 90% rejection of incor-
rect models. Behind it the actually found rejection rate for RMSEA = 0 is printed.

“No” in a cell means that the cut-off value for 90% rejection of incorrect models is irreconcilable with that
for 90% acceptance of correct models.

“Yes” in a cell means that the cut-off value for 90% rejection of incorrect models is reconcilable with that for
90% acceptance of correct models.

4. Cut-off values or benchmarks?

The preceding paragraph indicates that the hypothesis testing approach cannot be very suc-
cessful:

1) Cut-off values are too much dependent on the type of misspecification one is expecting, as
well as the degree of misspecification one is willing to accept.

2) Avoidance of type | and type Il error at the same time is often not feasible, certainly not for
the smaller sample sizes.

According to Marsh et al. (2004) a hypothesis testing approach with GOF-indices does not
make sense in the first place. They state: “All GOF indices considered by Hu & Bentler were
specifically designed to reflect approximation discrepancy at the population level and to be in-
dependent of sample size. However, Hu & Bentler's (1999) approach to evaluating these indi-
ces used a hypothesis-testing approach that is based substantially on estimation discrepancy
and is primarily a function of sampling fluctuation. Hence there is a logical inconsistency be-
tween the intended purpose of the GOF indices and the approach used to establish cut-off val-
ues.” (p. 322-323)

Besides, in practice researcher are not willing to reject the fruit of their efforts altogether as a
consequence of a result falling short from significance. The advised cut-off values are therefore
rarely used as sharp decision rules, but rather as rules of thumb whether or not one’s model
would need more or less re-specification in one or more respects. For the latter purpose other
parts of the SEM output have to be investigated.

Even with the pretention so tempered, there should be some consensus about what consti-
tutes an excellent fit, a good fit, a fair fit and a poor fit. This asks for benchmarks of the fit-
indices on the basis of which the values can be rated on a scale from excellent to poor. These
benchmarks do not ask for an unconditional rejection or acceptance of the model, but serve as
the basis for a more informal evaluation of the model.

If simulation studies are used to determine such benchmark values, it does not make sense
anymore to demand rejection rates of 90% or 10% (as the case may be). Instead one can use
the values that effectuate a 50% rejection rate for big samples (N=1000 or more), because
these are close to the population values. A confidence interval per value per sample size, how-
ever, would be convenient then.

A table with benchmarks as fancied above, however, will only be possible and useful if the
GOF-indices can be relied on. They may vary with type of misspecification and should vary with
the degree of misspecification, but it is essential that no other factors would complicate the pic-
ture any further. Unfortunately, there is evidence of the opposite.



5. Undesirable influence of degree of unique variance: Browne et al. (2002)

Browne et al. (2002) wrote a theoretical article which seems devastating to a great number of
current fit-indices. The authors had been consulted by colleagues who were puzzled by an un-
welcome phenomenon: when working with very reliable and homogeneous measurements, as
in biological or physical research, xz and xz—based fit-indices often indicated a poor fit of the
model while the fit was in fact excellent, as could be judged from inspecting the residual matrix.
On the other hand, this very residual matrix could result in favourable values of these fit-indices
if it came from the comparison of a model with data containing more unique variance.

For an example the authors discussed data that came from a clinical trial of the efficacy of a
psychological intervention to reduce stress and improve health behaviours for women with
breast cancer (Andersen et al., 1998). One focus was on two types of biological responses of
the immune system to the intervention: 1) natural killer cell lysis, 2) response of these cells to
recombinant interferon gamma. For each of them there were four replicates, differing in the ra-
tios of effector to target cells, which were measured by means of peripheral blood leukocytes in
blood samples. These 2 x 4 replicates were treated as indicators of two corresponding and re-
lated but distinct factors.

Because the measures were biological and replicates, one may expect a high reliability and
homogeneity of them, which means a small unique variance. Indeed, on the face of it the corre-
lation matrix showed two distinct clusters of highly inter-correlating variables: 1 to 4 (mean inter-
correlation .853) and 5 to 8 (mean inter-correlation .960). A MLE CFA was carried out hypothe-
sizing these two factors.

In spite of the clear picture (the residual matrix only contained values very close to zero) and
the small sample (N=72), xz was highly significant, urging rejection of the model, and so did
RMSEA and three other absolute GOF-indices. The comparative fit-indices RNI and NFI did bet-
ter, but were below the advised cut-off values. Only SRMR, being 0.2, indicated strongly accep-
tance of the model, in line with the fact that this index is based on the residuals alone.

The investigators went on to frame a correlation matrix consisting again of two clusters, but
with much lower inter-correlations between the variables, especially within the first “cluster”
(mean inter-correlation only.136). The second cluster inter-correlated on the average .608: in it-
self quite high but much below the original cluster. MLE CFA with a model of two related factors
should yield the same residual matrix as above, and it did. Now XZ was highly non-significant,
indicating perfect fit, like all GOF-indices, all this in spite of the first cluster being unconvincing.
SRMR - of course - was again .02.

Browne et al. (2002) reasoned that this is caused by the fact that xz as a result of CCFA
conducted with MLE or generalized least squares (GLS), is affected not only by the residual ma-
trix but equally by the sample matrix. This is because y° is based on an estimate of the ap-
proximation discrepancy between implied matrix and population matrix. So it can be influenced
by the degree of unique variance in the measuring variables. If the unique variance is very
small, this will give rise to very small eigenvalues of factors beyond the first two that had been
predicted. And these small eigenvalues, in turn, will lead to a very high xz, because of peculiari-
ties of the formula’s used to calculate it. Since all but one GOF-index are based on xz, they will
indicate poor fit too. Only SRMR will escape this unfortunate fate.

Browne et al. concluded that the other fit-indices are measuring detectability of misfit rather
than misfit directly. In other words, high statistical power of a test may easily leads to rejection of
a fit, whereas mediocre statistical power leads to acceptance of it (see also Steiger, 2000). In
social science research one is rarely confronted with this undesirable phenomenon, because
most of the measures are of mediocre quality. Nevertheless they may vary from rather reliable
and homogenous to rather poor. It would be ironic if only the latter would scoop with the honour
of seemingly good fit.

Hayduk et al. (2005)

The study of Browne et al. (2002) had a remarkable sequel in a reanalysis of the data by Hay-
duk et al. (2005). These investigators had reasons to believe that the two factor model of
Browne et al. had not been correct and that two “progressively interfering” factors should have
been included in the model, which were thought to affect the respective two clusters of meas-
urements. This alternative model appeared to fit very well the data, so that now 3° was far from
significant in spite of the minute unique variance. Eliminating one of the progressively interfering



factors from the model spoiled the results. The same held for a few other variations on the
model.

Mulaik (2010) proposed a further refinement of the model, which involved a correlation of.40
between each of the progressively interfering factors and the clusters of measures they were
supposed to affect. This refinement did not improve the already good fit, but was theoretically
more plausible.

Conclusion

The lesson to be learned from this is that one should not be too eager to resist indications of ill
fit just because the unique variance is so small. A serious search for an alternative model
should always be undertaken (Hayduk et al., 2007; Mclntosh, 2007). That does not mean, how-
ever, that the indications of ill fit should never be considered trivial. But the latter cannot me-
chanically be concluded from a very small unique variance; it has to be defended with substan-
tive arguments.

A much more important lesson to be learned, however, is that a non-significant XZ and fa-
vourable GOF-index values can absolutely not be trusted, because these may merely be pro-
moted by a large unique variance! This was the main message of Browne et al. (2002), more
than the ill fit in case of low unique variance.

Mistrust is warranted the more because the findings of Browne et al. do not stand alone, as
witnessed by 86 and 8.

6. Undesirable influence of degree of unique variance: Miles & Shevlin (2007)

Miles & Shevlin (2007), by way of comment on Barrett (2007), did a study on the effect of reli-
ability of measurement on xz , RMSEA, SRMR and a number of comparative fit-indices, in order
to demonstrate the latter's greater robustness against the paradoxical influence of reliability.
They set up a population, corresponding to two related factors (correlation .3) with four high-
loading indicators each, and two minor factors, the one loading very low on two indicators of
one major factor, the other loading very low on two indicators of the other major factor. They
“drew” an imaginary sample of N=500, perfectly mirroring the population values. The tested
model was a 2-factor structure leaving out the two minor factors.

With a perfect reliability of 1, the disturbance by the minor factors was enough to have the
model rejected by Xz; RMSEA indicated doubtful fit, but the other fit-indices indicated good fit, as
they were hoped to do. However, with a reliability of 0,8, both Xz and RMSEA now suggested
good fit (the comparative indices and SRMR continued to indicate good fit). So, as in the study
of Browne et al., 2002), reliability appeared to have a diminishing effect on Xz and RMSEA, but
not on SRMR. In the present study, however, the comparative fit-indices did well, more convinc-
ingly so than in the study of Browne et al.

Miles and Shevlin (2007) did a second study with this model, but now left out the two minor
factors while the correlation between the two factors was increased to .5. This time the model
tested was a severely misspecified one: a 1-factor model. If the reliability was .8, Xz indicated
misfit, as it should, and so did all the fit-indices. However, if the reliability was decreased to a
meagre 0,5, xz suddenly indicated good fit, and so did RMSEA, and - in spite of not being Xz-
based - SRMR. The comparative fit-indices were hoped to be robust against the spurious influ-
ence of reliability on y°, but only two of them were: NFI (normed fit-index), and RFI (relative fit-
index: Bollen, 1986). Three of them did not indicate misfit: CFI, TLI, and IFI. (An explanation will
be given in §10.)

Saris, Satorra & van der Veld (2009) reported a complementary study: They devised popula-
tion data for a one factor model. Strictly speaking, the data could be more precisely explained
by a two factor model in which the two factors correlated 0,95. This difference they considered
trivial, so the one factor model should be deemed acceptable. They drew an imaginary perfectly
representative sample (N=400) from this population and calculated XZ, RMSEA, CFl and SRMR.
If factor loadings were 0,85 or 0,9 - which presupposes high reliability and low specific variance
-, then the values of XZ and RMSEA led to rejection of the one factor model. Only CFI (in line
with the expectations of Miles & Shevlin, 2007) and SRMR (not being Xz-based) had values
pleading for acceptance of the model under all loadings (0,7 till 0,9). If the loadings were de-
creased to <.80, XZ and RMSEA now indicated acceptability of the model.

10



7. Minor and major model error

The preceding two paragraphs raise the question: what kind of misspecification regarding the
number of factors is to be considered trivial? The one in the Browne et al. (2002) study was less
trivial than it seemed on first glance (Hayduk et al., 2005), and with respect to the Saris et al.
(2009) study it can be argued that a factor correlation of .95 is not trivial if (but only if) the factor
loadings are as high as .85 or .90. On the other hand, as McCallum (2003) contended, models
can never be perfect since they are always simplifications of reality. So models always contain
minor model error. If one executes an exploratory factor analysis, there will always be a number
of factors which still contribute to the total explained variance, but so little that it mostly does not
make sense to take them into account; they often cannot be well interpreted. Such minor factors
should be excluded from the model in CFA as well.

It could, therefore, be argued that xz and the fit-indices should be robust against this type of
minor model error. Stuive (2007), considering this, included such error in her simulation study.
This was done by introducing 9 unmodeled, minor factors in a part (2/3) of the data, explaining
either 10% or 20% of the variance (remember: 12 items, 3 factors).

Stuive’s (2007; see also Stuive et al., 2008) study was done with continuous data, simulating a 12-
item questionnaire with three subtests of four items each. The misspecification here was an incor-
rect assignment of one or more items to subtests (three levels of gravity). Note this is a more seri-
ous misspecification than one or two unpredicted cross-correlations.

Independent variables were: 1) the unique variance (25%, 49% or 81%), 2) the amount of minor
model error), 3) the correlations between the three factors (0.0, 0.3 or 0.7). These independent
variables were not specified parameters, that is, were not part of the tested model. The sample size
was another independent variable: 50, 100, 200, 400 and 1000 cases. For each combination of
conditions 50 samples were drawn.

The dependent variables were: the percentage of a) accepted correct assignments, and b) re-
jected incorrect assignments. Acceptance of the assignments depended on the p-value (> .05) of
ML xz, plus on different cut-off values for three fit-indices, and for three combinations thereof?.

Stuive (2007, her figure 5.2) found that introducing 10% model error had a very strong effect on
XZ (p > .05), resulting in a fall of the rejection rate of correct models from 90% to 60%. Ten per-
cent model error had also a rather strong effect on RMSEA, leading to much more rejection of
correct assignments with the two strictest cut-off values, < .03 and < .06 (her figure 5.2). CFlI
was robust against 10% model error but not against 20%. SRMR was robust even against 20%
model error. However, Meade (2008) found that SRMR < .08 was completely unsuited to detect
even a major unmodeled factor (his figure 8).

So SRMR may be insensitive to any unmodeled factors, major or minor. 3 and RMSEA, on
the other hand, could be considered too sensitive. CFI's sensitivity to minor unmodeled factors
may be just good. So if one agrees with MacCallum (2003), then Xz (p > .05) and RMSEA
should not be used.

Hayduk does not agree. He notices that “XZ locates more problems when N is larger [and the
unigue variance smaller, PP], so that some people blame chi-square (the messenger) rather
than the culprit (probably the model)” (Hayduk on SEMNET, 3 June 2005). He argues that we
should profit from 3*s sensitivity to model error and take the rejection of our model as an invita-
tion for further investigation and improvement of the model (see Hayduk et al., 2007.)

However, if we accept the invitation, the model error found may well appear to be trivial in-
deed.

8. Undesirable influence of degree of unique variance: Stuive (2007)

Stuive (2007) investigated unique variance as an explicitly independent variable. She varied the
percentage of unique variance: 25, 49 and 81% respectively. Her results are presented in her

% Here she followed a suggestion by Hu & Bentler, 1999). The combinations are ignored in the present dis-
cussion.
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figures 5.1 (correct models, including those with 10% and 20% minor model error), factor corre-
lation 0, .3 and .7 combined) and 5.4 (incorrect models; factor correlation .33). However, these
are not easy to interpret, certainly not when one tries to judge them in combination, so | summa-
rize the results for RMSEA SRMR and CFl in separate tables, with inferred population values of
correct and incorrect models. These population values were inferred from the rejection rates at
different cut-off values in combination with sample size. These are, of course, not very exact but
will facilitate comprehension of the data. It may be helpful to download Stuive’s book (open ac-
cess) to have a look these figures at the same time (chapter 5).

Chi square:

e With a small unique variance of 25%, many correct models were rejected on the basis of ML
xz (p > .05). The acceptance rate was even below chance level. Remember, however, that cor-
rect models with 0% minor model error did lead to an acceptance rate of 90%; see §7. The “cor-
rect” models tested here included one third with 0% model error, one third with 10% minor
model error, and one third with 20% minor model error.

e If the unique variance was 49% or 81%, ML xz (p > .05) suggested a much better fit. This
paradoxical because a high uniqgue means lower correlations in general, rendering the matrix
more diffuse.

e The rejection of incorrect models was all-right.

RMSEA:

Table 2: Estimated population values, inferred from Stuive (2007), figures 5.1 and 5.4.

RMSEA correct model incorrect models

unique estimated po-|cut-off| sample | accept. | estimated po- |cut-off| sample reject.
variance |pulation value|value | size rate | pulation value | value size rate
25% =~ .08 <.10 | N>50 |85-90% = .12 >.10 | N=50 | 95-100%
49% = .05 <.06 | N>100 |90-100% =.10 >.08 | N=50 | 90-95%
81% = .02 <.03 | N =400 |90-100% =.03 >.03 | N=>400 | 90-95%

Column estimated population value: inferred from the different rejection rates.

Column cut-off value: if the calculated fit-index obeys the condition mentioned, the rate of correct judg-
ments will be 85-100% for N = 400 and N=1000 at least.

Column sample size: 85-90% correct judgment rate is realized for the sample sizes mentioned.
Remember, the calculated RMSEA values will be higher as a consequence of minor model error, delibe-
rately introduced in two thirds of the data.

In table 2 the results for RSMEA are summarized. With regard to correct models, the (esti-
mated) population value of the correct model decreased dramatically as a function of an in-
creasing unique variance:
¢ |[f the unique variance was only 25%, it needed a lenient cut-off value RMSEA < .10 to real-
ize an 85-90% acceptance rate (granted, for all sample sizes).
e With a unique variance of 49%, however, this acceptance rate could already be achieved
with the prescribed cut-off value RMSEA <.06 (except for N=50).
e With a unique variance of 81% even the strict cut-off value RMSEA < .03 led to 90% accep-
tance of correct models only for N=1000 and N=400.

The (estimated) population of incorrect models also decreased dramatically with an increas-
ing unique variance, especially from 49% to 81%:
e With a small unique variance of 25%, full rejection of incorrect models was guaranteed al-
ready with the lenient cut-off value RMSEA > .10.
e With a unique variance of 49%, RMSEA became smaller. Now the RMSEA cut-off value had
to be >.08 for 90% rejection.
e With a unique variance of 81%, however, RMSEA became so small, that only the strict cut-
off value RMSEA > .03 realized a rejection rate of 90%, and such only for only N=400 and
N=1000.

% The results for a factor correlation .3 were very close to those for factor correlation 0.
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SRMR:
See table 3: The rejection rates of SRMR in case of correct models indicated that the degree of
unigue variance did not matter: the population values stayed constant and small.

Table 3: Estimated population values, inferred from Stuive (2007), figures 5.1 and 5.4.

SRMR correct model incorrect models

unique estimated po- | cut-off | sample |accept. | estimated po- | cut-off | sample |reject.

variance | pulation value | value | size rate pulation value | value | size rate
25% =.04 <.06 | N>200 |90-100% = .12 >.10 | N>200 | 100%
49% =~ .04 <.06 | N>200 [95-100% = .09 >.08 | N=200 |90-100%
81% =~ .04 <.06 | N>200 [90-100% =.04 fails - 0-15%

See table 2.

Fails: even SRMR < .06 is too lenient for rejection above chance.

Column sample size: 85-100% acceptance rate is for N = 200 (N = 50 and n = 100 are ignored because of
the sample size bias, see §4).

Stuive also investigated the cut-off value .09, not mentioned in the table.

Remember, the calculated SRMR-values will not be affected by the minor model error.

The rejection rate for incorrect models showed a different picture. Now, as was the case with
RMSEA, the larger the unique variance, the smaller SRMR, and vice versa:
e 25% unique variance produced a SRMR larger then .10, so that even the most lenient cut-off
value (> .10) led to 100% rejection of incorrect models, a welcome result.
e However, with 81% unique variance the opposite was true: now SRMR became clearly
smaller than .06, so that all cut-off values led to an acceptance of almost all incorrect models.
e 49% unique variance produced a picture in between these two extremes. Obviously the
population value of SRMR must have been about .09 in this case. As a result, if the cut-off value
was > .08, then the rejection rate for incorrect models was about 85% for N=1000 and about
90% for N=200 and N=400 (because of the larger sample fluctuations of smaller samples).

So in spite of not being xz—based, for incorrect models SRMR is not guarded against the im-
pact of unique variance.

CFl:
The results for CFl are summarized in table 4.

Table 4: Estimated population values, inferred from Stuive (2007), figures 5.1 and 5.4.

CFl correct model incorrect models

unique estimated po- | cut-off | sample |accept.| estimated po- | cut-off | sample |reject.

variance | pulation value | value | size rate pulation value | value | size rate
25% = .965 >2.94 | N>100 |85-90% =.90 <.94 N=50 | 100%
49% = .975 >2.95 | N>100 |85-95% = .91 <.94 N =50 [95-100%
81% =.975 2.95 | N=>400 |85-95% =.93 <.94 | N=400 [90-100%

See table 4.

Column sample size: 85-100% correct judgment rate is realized for these sample sizes.
Remember, the calculated CFl-values will be slightly lowered as a consequence of minor model error.

For correct models holds:
¢ If the unique variance is 25%, then CFl is a little lower (suggesting lesser fit) than when it is
49% or 81%, so the lenient cut-off value = .94 is needed to realize an 85-90% acceptance rate.
¢ |[f the unique variance is 49%, the calculated CFI raises enough to score an 85-95% accep-
tance rate at the cut-off value = .95.
e If the unique variance is 81%, the population value is about the same, but the acceptance
rate is more dependent on sample size: for N=1000 the strict CFI = .96 scores 95%, for N=400 it
needs the cut-off value CFl = .95 to score 85% acceptances. For N < 200, even the lenient CFI
2 .94 results in only 80% acceptance.

As to incorrect models, there was a very good rejection rate for 25% and 49% unique vari-
ance, while 81% unigue variance asked for N=400 and N=1000 to achieve such a high rejection
rate. (This is not a paradoxical picture.)
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Conclusion

In line with the findings and reasoning of Browne et al. (2002), Miles and Shevlin (2007), and
Saris et al. (2009), ML Xz (p > .05) lost much of its statistical power with increasing unique vari-
ance, meaning acceptance of both correct models (partly containing, however, “minor” model
error) and incorrect models.

Being y*-based in a very direct way, the same held for RMSEA, albeit in a much more at-
tenuated degree.

CFI was rather robust against the undesirable influence of unique variance, in line with the
expectations of Miles and Shevlin (2007) who argue that the effect of unique variance on XZ of
the predicted model is more or less compensated by its effect of xz of the null-model.

SRMR, however, appeared to lose its power to detect incorrect models as a consequence of
high unique variance (81%, not 49%), even more so than RMSEA, in spite of not being xz-
based. This finding is in line with that of Miles and Shevlin (2007) with respect to their test of a
false one-factor model when the reliability was only 0,5.

9. The influence of level of inter-correlations in the matrix

SRMR

Why should SRMR assume lower values as a consequence of high unique variance in case in-
correct models are tested? thereby promoting type ll-error? The following explanation is offered:
e A large average unique variance depresses the common variance between the variables and
consequently implies a correlation matrix in which the clusters of variables have a relatively low
mean inter-correlation. A small unique variance implies the opposite.

o If the empirical correlation matrix has small correlations on the average, then the implied cor-
relation matrix will also have small ones; in case of high correlations the opposite is true.

e Subtracting two matrices with generally low values will often result in smaller residuals than
subtracting two matrices with generally high correlations.

¢ As a consequence SRMR will be smaller (implying better fit) if the correlations in the empiri-
cal matrix are depressed by a high unigue variance.

This can also be shown mathematically: Let the correlation between variable 7 and ; in the
sample be called S, and the corresponding correlation in the implied matrix /;z Then the residu-
als are S - I; If both correlations decrease with a factor 0.33 because of a large unique vari-
ance, then the new residuals will be 0,67.5;- 0,67.1;= 0,67.(S; - I;). Squaring such a residual will
give 0,672.(Sj- 1,-,)2. Summing these squared residuals will yield:

2[0,672.(S;- I)?] = 0,672.2(Sy- 1)
There are g residuals. g = p.(p + 1)/2, where p is the number of variables. Averaging these g

summed squared residuals will yield:
0,672.2(S;- 1)

q
Drawing the square root, which is SRMR, produces:

’1
0,67. a2(51’1' — Iij)?

So SRMR is proportionally lower, suggesting better fit. For instance, 0.11 will become .074.

The effect is, of course, much greater for incorrect models than for correct models, because
in the former case there are bigger residuals to reduce.

This proportionately lower residual matrix - in case of incorrect models - will also affect x°
and the GOF-indices based on it, apart from the effect via the eigenvalues, demonstrated by
Browne et al. (2002).
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Undesirable effect of high factor correlation on comparative indices

Stuive (2007) varied the factor correlation (0, .3 and .7) in her simulation study, not as a pre-
dicted parameter which could be misspecified, but as an independent, free parameter which
might affect the values of the fit-indices.

From her figure 5.3 it can be learned that the acceptance rate for correct assignments of
RMSEA and XZ remained the same, irrespective of factor correlation being 0, .3 or .7. The rate
of CFl, however, improved for factor correlation moving from 0 to .3, and even more so from .3
to .7. This implies that CFl is artificially augmented by a high factor correlation, leading to ac-
ceptance of the model. A similar but much smaller (probably insignificant) effect was visible for
SRMR with cut-off values .06 and .08.

Why has a high factor correlation this effect on CFI? Because a high factor correlation im-
plies higher correlations between all variables on the average. For instance, in Stuive’s factor
structure there were 3 clusters of 4 variables each, implying there are 66 correlations of which 3
X 6 within-cluster correlations and 48 cross-correlations. Say the mean inter-correlation per
cluster is .50. If the factors correlate 0, then the cross-correlations may on the average amount
to 0. If the factors correlate .3, the cross-correlations may average .10. If the factors correlate .7
the cross-correlations may be on the average .30. In the first case the average correlation of the
total observed matrix is 9/66 = 0,136. In the second case this average correlation is 13,8/66 =
0,209. In the third case it is 23,4/66 = 0,355.

Why does an empirical matrix with a high average inter-correlation promote high CFI's? As
Kenny (2010) argues it can be deduced from the formula for CFI:

_ (x2 — df) implied
(x2 — df) null

Usually the null model in comparative fit-indices involves the (unlikely) situation that all variables
correlate zero. So if the correlations between the variables in the empirical matrix are on the av-
erage high, then xz for the null-model will be very large, because it rests on the difference be-
tween the empirical matrix and the null-model matrix. As a consequence the fraction above will
assume a lower value, and this means that CFI will be higher, suggesting better fit. If the corre-
lations between the variables in the empirical matrix are on the average low, the opposite holds.
This argument was already raised by Rigdon (1996).

The same holds for TLI and probably all other comparative indices, as long as they start from
the null-model mentioned above.

10. Interaction between unique variance and factor correlation

The results of Stuive (2007) mentioned in 88 held when the factors correlated .3 or 0. However,
if the factors correlated .7, a large unique variance had an even more devastating effect on the
power of RMSEA and SRMR to reject incorrect models (Stuive’s figure 5.5), while CFl, too, was
spared no more, on the contrary:

e Chi square: With 25% and 49% unique variance XZ (p >.05) urged rejection of all incorrect
models (N = 200), but with 81% unique variance the rejection rate decreased to 85% (N =
1000), whereas for lower sample sizes the rejection rate was much below chance level. (Be-
sides, remember that with 25% unique variance too many correct models were rejected.)

Table 5: Estimated population values for three GOF-indices in case of incorrect models when factors cor-
relate .7, inferred from Stuive (2007), figures 5.5.

RMSEA SRMR CFI
unique estim. po- |cut-off |[sample |estim.po- |cut-off [sample |estim.po- |cut-off |sample
variance |pul.value |value |[size pul. value |value |size pul. value |value |[size
25% =.11 >.10 | N=50 = .08 >.06 | N =200 =.950 <.96 -
49% = .08 >.06 | N =200 = .05 fails | N =200 =.975 fails -
81% = .02 fails - = .04 fails | N =200 =.985 fails -

Explanation, see table 4 to 6.
Fails: even the strictest cut-off values are too lenient for rejection above chance, or any rejection.
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e RMSEA: The results for incorrect models are summarized in table 5: If the unique variance is
81%, even the strict RMSEA < .03 has a rejection rate below chance level. This means the
population value of RMSEA must have become very small (.02 or so), suggesting excellent fit.
For a unique variance of 25% and 49% the rejection rates are normal.

e SRMR: See table 5: If the unique variance is 25%, then the population value of SRMR must
be about .08, because SRMR > .08 results in 50% rejection for N = 1000 (no sensitivity for mi-
nor model error), and SRMR > .06 in 100% rejection. However, if the unique variance is 49%,
then the population value of it must be .05 at best, because even the strict SRMR < .06 is too
lenient to reject above chance level. If the unique variance is 81% the population value of
SRMR must be .04 or less, because the rejection rate for incorrect models is zero, even with
SRMR < .06.

e CFI: See table 5: With 25% unique variance the population value must be somewhat below
.96 because the rejection rate for incorrect models approaches 90% only for CFl > .96. With
49% and 81% unique variance the population value must be much above .96, because the cut-
off value CFIl > .96 leads to a rejection rate much below chance level, the more so for the bigger
sample sizes (because these have smaller sample fluctuations).

Explanation

Why does the combined influence of high factor correlation and high unique variance decrease
RMSEA and SRMR, thus promoting type ll-error? As we saw a high unique variance lowers the
inter-correlations within the clusters of variables, whereas a high factor correlation raises cross-
correlations, thereby reducing the distance between misspecified correlations in the implied ma-
trix and their counterpart in the empirical matrix. So the combination of the two reduces this dif-
ference even more, even in case of a severely misspecified model. If this is hard to follow, the
reader may profit from a look at the simplistic tables in:
http://home.kpn.nl/p.prudon/Tablesuvfc.pdf.

These smaller residuals will also affect xz and the GOF-indices based on it, apart from the
effect via the eigenvalues, demonstrated by Browne et al. (2002).

Why CFI is not spared this time, as Shevlin and Milner (2007) expect the comparative indi-
ces to do? We have seen that low variable correlations (implying a high unique variance) lower
XZ for the null model as well as for the implied model. If the factors correlate moderately (.3), the
first effect is compensated for by the second effect, resulting in a CFI sufficiently low to reject in-
correct models. However, if the cross-correlations in the matrix are well above zero because of
high factor correlations, then the average correlation in the matrix will be relatively high, which
now spoils this compensation (see table 8 in the link above). So CFl is raised again, the com-
pensation is spoiled, and now it is no longer suited to detect incorrect models.

That is the reason why CFI, TLI and IFI in Miles & Shevlin’s study (2007) no longer indicate
misfit when a factor correlation of .5 was combined with a reliability of .5. That NFI and RFI con-
tinued to do so cannot be relied upon without further investigation.

In sum

From Stuive’s simulation study it can be concluded that the more messy the factor structure the
better fit is suggested by XZ, CFIl, SRMR, and to a lesser degree by RMSEA, for all rather se-
verely misspecified models which were typical for her study.

11. One more spurious influence on some GOF-indices

Breivik & Olsson (2001) reasoned and found that RMSEA tends to favour models that include
more variables and constructs over models that are simpler, due to the parsimony adjustment
built-in. The same problem seems to hold for SRMS (Anderson & Gerbing, 1984; Breivik & Ols-
son, 2001; Kenny & McCoach, 2003).

These conclusions are in line with those of Meade (2008). Meade investigated the suitability
of various fit-indices to detect an unmodeled factor present in the data. He found that RMSEA <
.06 was strict enough to detect the unmodeled factor, only if the factors consisted of four items.
However, if the factors consisted of eight items each, < .06 appeared too liberal (figure 9 in his
article). SRMR < .08 was not strict enough to detect the unmodeled factor. CFI did all-right, and
so did TLI, RNI and IFI. Xz (p > .05) showed itself useless.
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Such a direct and spurious effect is to be distinguished from the fact that a prediction error
should be seen in proportion to the total number of variables. A misspecified cross-correlation in
a 3-item subscale is a more serious error than one in a 5-item subscale, as is demonstrated in
table 2 based on the data of Chen et al. (2008): model 1 vs. model 2 respectively.

The bias of the number of variables was also substantiated by Fan & Sivo (2007), who were
primarily interested in a possible influence of type of model on GOF-indices. They found that -
with 15 and 12 observed variables (first three models) - RMSEA discriminated well between the
correct specification and the two levels of misspecification, no matter the type of model. The
same held for “Gamma-hat” and “McDonalds Centrality index” (not discussed in this paper).
However, with 4 or 6 observed variables (model 4 and 5 respectively), RMSEA-values were
much higher (especially for the misspecified models) and to a greater degree affected by the
type of model. Now only Gamma-hat survived the test. Remember (see §2), this index is similar
to RMSEA, but contains a correction for the number of variables in its formula. Next best were
CFl and RNI, as well as Bollen’s Delta-2 (not discussed in this paper).

12. Conclusion

It seems there is a fundamental problem with x* as a kind of similarity coefficient for comparing
complete correlation matrices, apart from the significance complication with big samples. This
problem is: if the unique variance is small (homogeneous and reliable measurements) correct
models may be rejected on the basis of merely trivial model error®, whereas with increasing
unigue variance goodness of fit is overestimated, which is a much worse error. This bias is
transferred to the fit-indices based upon it, which is all but one. Especially RMSEA mirrors the
effect unique variance on xz. The comparative fit-indices are less affected because the impreci-
sion in XZ for the implied matrix is more or less compensated for by the imprecision in the XZ for
the null-model.

More or less implies that the compensation is not very stable. Indeed, if the factors correlate
high, then some, if not all, of the comparative GOF-indices equally overestimate fit, because
high factor correlation implies a higher inter-correlation of the measuring variables, and as a
consequence a bigger distance from the null-model, resulting in higher values of CFI, TLI and
so on.

The only GOF-index that is not xz—based, SRMR, appeared no less immune for the impact of
unique variance. This was explained by the average level of correlations in the implied and em-
pirical matrix. If both are rather low as a consequence of a high unique variance, then the resid-
ual matrix will consist of smaller residuals than will be the case if the average correlation would
have been rather high. Besides, very small residuals do not always imply that the model fit well,
as the study of Hayduk et al. (2005) demonstrated. This effect of unique variance on the resid-
ual matrix will affect the xz-based indices along a second route, undermining them even more.

The small discriminating power of the fit-indices becomes even more obvious if a moderate
or high unique variance is combined with a high factor correlation (.7 was enough for the effect).
Then, their performance with respect to incorrect models tumbles down.

The utmost consequence of the paradoxical relation between unique variance and goodness
of fit was drawn by Marsh et al. (2004), repeated in Marsh et al. (2005, p.318), where they
stated: “... assume a population-generating model in which all measured variables were nearly
uncorrelated. Almost any hypothesized model would be able to fit these data because most of
the variance is in the measured variable uniqueness terms, and there is almost no co-variation
to explain. In a nonsensical sense, a priori models positing one, two, three, or more factors
would all be able to “explain the data” (as, indeed, would a “null” model with no factors). The
problem with ... this apparently good fit would be obvious in an inspection of ... all factor load-
ings and factor correlations ... close to zero.” On p. 329 they add: “... scientific evaluation of
unexplained variance can be as important a criterion as GOF in some applications.”

An additional troubling influence is the number of variables in a model: more variables in-
crease the chance that xz, RMSEA and SRMR will indicate a good fit of misspecified models.
Gamma-hat and the comparative indices, however, are much less affected (see §11).

* Whether the error is really trivial has to be carefully investigated and defended with substantive argu-
ments. The arguments of Hayduk et al. (2007) should be kept in mind.
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All this makes it unwarranted and useless to formulate guidelines as to what values for what
GOF-indices indicate a good fit. The difficulties in applying and interpreting the GOF-indices
made Barrett (2007) call for their abandonment: “| would recommend banning ALL such indices
from ever appearing in any paper as indicative of ‘model acceptability’ or ‘degree of misfit’ (p.
821). Others felt there could be still a place for them (e.g. Goffin, 2007; Markland, 2007; Mulaik,
2007). On the basis of this review such optimism seems unwarranted.

Even if one day a few real good indices would have been devised within the present tradi-
tion, recommendations about which values constitute good fit should depend on the type of
misspecification one is interested in (primary loadings, cross-loadings, factor correlations, dis-
turbance terms, causal relation with exogenous variables, number of factors, etc.), because
each will probably have a different impact. It should be made clear beforehand what constitutes
“trivial model error” and how much of it one is willing to accept. In specifying this multitude of
advised fit-index values it would also be necessary to find a balance between avoiding both un-
derestimating correct models and overestimating incorrect models.

From the above it will be also clear that even perfect GOF-indices have no diagnostic value
whatsoever. They may only be useful as tests, telling whether a model needs further investiga-
tion and improvement or can be unconditionally accepted, but will never tell where possible mis-
takes lie or what kind of improvements may be needed. For this purpose other parts of the out-
put have to be inspected. This made Mclintosh (2007, p. 859), likewise commenting on Barret
(2007), conclude that GOF-indices “offer little value-added in SEM practice, given the wide vari-
ety of available methods for performing detailed model assessments”. However, Mcintosh left
“the issue of whether AFls should be completely abandoned to future research”.

The question how well the job of detecting and correcting the specific errors in CCFA of the
measurement model is done by LISREL and other SEM-programs deserves a second review.

The only use of the current fit-indices that is not challenged by the foregoing is comparative
testing of alternative models on the same data. But this job could also be done by any GOF-
index, yet to be devised, which is less vulnerable to spurious influences. What kind of GOF-
index that could be, that question would demand a third article.
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