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Confirmatory factor analysis: a brief introduction 
and critique 
 
by Peter Prudon1) 

 
Abstract 
One of the routes to construct validation of a test is predicting the test's factor structure 
based on the theory that guided its construction, followed by testing it. The method of 
choice for such testing is often confirmatory factor analysis (CFA). In CFA, the predicted 
factor structure of a number of observed variables is translated into the complete covari-
ance matrix over these variables. Next, this matrix is adjusted to the actual covariance 
matrix, and subsequently compared with it. The discrepancy between the two, the "good-
ness of fit" (GOF), is expressed by a number of indices. An assessment of how well the 
predicted factor structure is corroborated by the sample data, and whether it could be 
generalized to the population, is often based on the values of these indices. This brief 
and selective review discusses the CFA procedure, the associated indices of goodness of 
fit and the reliability of the latter. Much doubt surrounds the GOF indices, and thus an al-
ternative approach is briefly explained. 
 
Explanatory note 
This article may be of use to those who are not highly familiar with confirmatory factor 
analysis (CFA) and lack the time and motivation to delve deeply into it, but are neverthe-
less interested in this method because it is often used for construct validation of 
tests/questionnaires. The paper offers a short introduction into CFA and its indices of 
"goodness of fit" on the one hand, and criticizes the reliability of the latter on the other. It 
is meant to incite in the reader a reserved attitude toward the current and past studies 
that apply CFA for construct validation.  

Those who are well-initiated in structural equation modeling will find little new in this 
paper. For a more complete and sophisticated account they are referred to, for example, 
West, Taylor and Wu (2012). These readers may, however, have a look at the brief an-
nouncement of an alternative method and measure of goodness of fit in Section 15 of the 
present paper. They may also want to take notice of my explanatory suggestions in Sec-
tions 12 and 13 regarding some of the problems with the goodness of fit indices. 

Because I aim to inform the less informed reader through the paper, I thought it wise 
to include tables that are derived (not literally reproduced!) from three of the original stud-
ies that are discussed. These tables will help to make an otherwise abstract discussion 
more tangible. 

Forerunners of this paper have been commented upon by several peer reviewers. The 
present version has greatly profited from these comments, but I decided to refrain from 
another submission and preferred an open access publication on Researchgate. The pa-
per can be freely downloaded, but the copyright remains with me.  
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1. Item clustering as support for construct validation 
 
Test scales are devised to measure certain abilities or skills, whereas questionnaire 
scales are devised to measure, for instance, certain personality traits, diagnostic catego-
ries and psychological problems. A test item involves a task that calls on the ability or skill 
to be solved/performed; a questionnaire item represents a psychological phenomenon 
that is thought to be an expression of the trait or psychological problem, or to be a feature 
of the diagnostic category. For that reason, the items within a test or questionnaire scale 
are supposed to have at least modest inter-correlations.  

Thus, the items of a test or questionnaire scale should cluster based on their inter-
correlations. If a test or questionnaire is supposed to measure several distinct capacities 
or qualities, then the items should form clusters corresponding to these various sub-
scales. If these capacities or qualities are thought to be inter-related albeit distinct, then 
the subscales should inter-correlate substantially, although not so high that they could as 
well be fused. If an item appears to correlate very weakly with the remainder of the scale 
items, then it is either psychometrically poor or it is a mistaken operationalization of the 
construct to be measured. If many of the items happen to inter-correlate weakly, then the 
theory that guided the development of the test/questionnaire is most likely erroneous.  

It follows that an empirically found item clustering that corresponds to the ideas that 
guided the construction of the test or questionnaire is strong support for the construct va-
lidity of the instrument. If the predicted clustering deviates radically from the empirically 
found clustering, the theory behind it could be considered refuted. However, if the devia-
tion is moderate, it could be a basis for refinement of the theory and/or further improve-
ment of the measuring instrument. It should be noted that all of these assessments hold 
provided a good sample has been drawn. 

 However, how does one test and evaluate the empirical clustering in relation to the a 
priori cluster prediction?  

 
 

2. Methods for testing a predicted item clustering 
  

A rather indirect approach would be to apply exploratory factor analysis (EFA) to one’s 
data and observe whether the indicators of extracted factors - after orthogonal or oblique 
rotation - correspond to the clusters. The disadvantage of this - formerly often applied - 
approach may be that the empirical factor structure is affected too much by incidental 
high and low items correlations, yielding factors that differ in number and content from the 
test scales. However, this effect does not necessarily indicate a refutation of the predic-
tion. Adjusting the predicted structure to the data without unnecessarily giving up the pre-
diction on the one hand but without violating the data on the other seems a better proce-
dure. How can these aims be achieved? 

Regarding the number of factors to be drawn, steering in EFA was already shown to 
be possible, but steering does not prevent large discrepancies in the composition of the 
factors. In the EFA part of the procedure, the factors are rotated such that the factor load-
ings on the items become optimal. The point of departure hereby is a purely quantitative 
one. However, such a rotation could also have as an orientation point the composition of 
the predicted scales. This method is referred to as Procustes rotation (Schönemann, 
1966; Digman, 1967). It is referred to as such because the empirical factor structure is 
forced into a predefined factor structure, analogously to what occurred in the Greek 
Procustes bed myth. The factors are rotated to maximum similarity with the target factor 
matrix, for instance, by minimizing the sums of squares of deviations from this matrix un-
der the constraint of maintaining orthogonality (as preferred by Schönemann, 1966) or al-
lowing obliqueness (which seems more realistic). 

An even more direct and controlled way would be to investigate the correlations be-
tween the items and the predicted clusters (the latter are mostly operationalized as the 
unweighted sum of the item scores). These correlations should be in line with the predic-
tion, and even if they are not, they offer a basis for revising the clusters in the direction of 
greater homogeneity and independence. This method is known as (correlative) item anal-
ysis and is part of the item response theory approach. If the clusters are indeed revised, 
the revision must be performed iteratively in a very graduated manner (Stouthard, 2006), 
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because after each modification the entire picture of cluster-item correlations will change.  
Such cluster revision may also be considered a variant of the so-called multiple group 

method of factor analysis proposed by Tryon (1939), Holzinger (1944), Thurstone (1945, 
1949) and others. The idea behind this method was to divide the correlation matrix into 
sections beforehand, instead of extracting orthogonally one factor at a time. (This was 
saving much computation time with the calculators of that era, which was the main rea-
son the method was used.) Once such groups of measuring variables have been formed, 
they can be tested on the basis of the correlation matrix and can be optimized in a num-
ber of iterations. The optimized groups are allowed to stand in an oblique relation to each 
other - at least initially (Thurstone let it follow by orthogonal rotation) - which is why the 
technique is referred to as the oblique multiple group method (OMG: see Stuive, 2007, 
2008, 2009)

1
.  

Tryon (1959) formulated a taxonomy of factor analysis methods, and the method de-
scribed above he called the abridged rational version of the cumulative communality 
method of key cluster analysis: rational because pre-clustering is performed based on 
theoretical notions; abridged because the diagonal is left vacant instead of containing the 
communalities for each cluster. For the latter reason, Tryon also characterized the meth-
od as the poor man’s cluster analysis. The term cluster analysis was perhaps preferred 
over factor analysis, because the factors were exclusively determined by the most highly 
correlating items, whereas the weakly correlating ones did not contribute at all to the fac-
tor, unlike in the case in typical factor analyses. It should be noted that the method con-
cerns the clustering of test items, not of subjects on the basis of similarities. 

The diagonal need not be left vacant. If it is estimated, the method is referred to as the 
common multiple group method (CMG: Guttman, 1945; Stuive, 2007). Several methods 
for estimating communalities have been proposed, for instance, those of Ten Berge & 
Kiers (1991) and Gerbing & Hamilton (1994). 

Although correlative item analysis and OMG appear to be tailored for testing (and re-
vising) cluster predictions, over the last four decades a completely different method has 
become increasingly preferred: confirmatory factor analysis (CFA). CFA is performed by 
means of programs for structural equation modeling (SEM), e.g., LISREL (Jöreskog, 
1969). SEM can be used for testing both the measurement and the structural aspects of 
the model. In the first case, SEM is congruent to CFA; the structural aspect is associated 
with a more complicated theoretical model. The output of SEM programs involves, among 
other things, a number of measures of goodness of fit (GOF indices) of the model as a 
whole. These should enable the investigator to evaluate the prediction and to feel confi-
dent about generalizing an accepted model from sample to population. It may be this fea-
ture that has contributed to the popularity of CFA, next to the fact that it relies on common 
factor analysis, which begins from an estimation of the common variance in items instead 
of unweighted item-cluster correlations. Moreover, CFA can accommodate measurement 
error. 

 
 

3. CFA and construct validation 
 

One disadvantage of CFA, however, is that secondary factor loadings are not part of the 
output, unlike in the other methods discussed in Section 2. Therefore, it is not possible to 
determine whether a certain item would perhaps have been better assigned to another 
cluster, especially when its primary factor loading is low. It is not clear to me, as a relative 
outsider, why the secondary factor loadings are not provided by CFA. 

Instead, so-called modification indices for each item are part of the output. These indi-
ces provide an impression of how much the GOF indices would improve if the item would 
be eliminated from its predicted cluster. However, there is no indication whether the items 
should be reassigned to another cluster (factor). 

The absence of secondary factor loadings may imply that the deviation from the pre-
diction becomes less visible; moreover, there are less starting points for suggesting a 
possible revision of the prediction. That may be the reason that, in a number of cases, the 

                                                           
1
 The characterization "multiple group" is unfortunate, because in CFA it takes on a different mean-

ing. 
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investigators content themselves with little more than reporting a few GOF indices for the 
"winning" and a few rival models, concluding that the model is acceptable or confirmed. 
They may do so, even if the values of some of the fit indices are mediocre, some of the 
factor indicator loadings are clearly too low, and some modification indices indicate the 
necessity of modification of the model. Notably, in the case of a newly devised instru-
ment, being psychometrically investigated for the first time, this should not be the path to 
follow. The sophistication of SEM programs, in combination with impressive-looking but 
ill-understood fit indices, seems to be an excuse to refrain from critically investigating 
sources and the meaning of (remaining) misfit. 

In addition, how reliable are these indices of goodness of fit in the first place? There 
has been much critical discussion about GOF indices in the specialized literature and on 
a special discussion website for SEM users (SEMNET). The discussion centers around 
issues such as what values these GOF indices should have to decide between the ac-
ceptance and rejection of a model (so-called cut-off values) and how reliable the indices 
are. From this discussion, one can learn that the question of reliability and usefulness of 
indices of goodness of fit in CFA is far from resolved. For instance, in a special issue of 
the journal Personality and Individual Differences (42, nr. 5, 2007), the difficulties in ap-
plying and interpreting GOF indices made Barrett (2007) call for their abandonment: “I 
would recommend banning ALL such indices from ever appearing in any paper as indica-
tive of ‘model acceptability’ or ‘degree of misfit’." (p. 821). Others, however, felt there 
could be still a place for them (e.g. Goffin, 2007; Markland, 2007; Mulaik, 2007), which 
still seems to be the point of view among multivariate experts. 

 
 

4. Testing predicted factor structure by means of CFA 
 
The prediction of the factor structure of a test involves the number of factors and the 
specification of the test items that define each factor (the so-called indicators), i.e., those 
on which the factor is expected to have high to moderate primary factor loadings. The in-
vestigator will most likely also have expectations about the correlation between the fac-
tors and perhaps about some of the cross loadings. Measurement error in the observed 
variables may be incorporated into the model.  

To test the predicted factor structure with CFA, the following procedure is used: 

 All of the predicted correlations and error variances (parameters, in the jargon) of the 
factor structure are translated "back" into a correlation matrix over all measured variables.  

 This correlation matrix is then adjusted to the empirically found sample correlation ma-
trix by means of some iterative method, mostly maximum likelihood estimation (MLE), in 
such a way that the difference between the two is minimized without violating the data. 
The resulting matrix is the implied correlation matrix. 

 This implied matrix is subsequently compared with the empirical matrix. This compari-
son results in a residual matrix.  

 Residual matrices are a function of: 1) the approximation discrepancy between the 
model values and the hypothetical population values (prediction error) and 2) the estima-
tion discrepancy, which is due to the sample not being completely representative of the 
population (see Cudeck & Henly, 1991.) 

 The hypothesis is that, on the population level, the approximation discrepancy is zero, 
so the empirically found difference on the sample level must be only due to the estimation 
discrepancy.  

 The difference between the two matrices is expressed in 
2
, with degrees of freedom 

(df) equaling the number of covariances in the matrix minus the number of free parame-
ters (non-predicted parameters, to be freely estimated by the program).  

 This 
2
 should be small enough - in relation to df - to be merely the result of chance 

deviations in the sample and not of prediction errors with respect to the population.  
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5. Two complications with 2  
 

The latter requirement creates a problem: 
2
 usually expresses the difference between an 

empirically found distribution and the distribution to be expected based on a null hypothe-
sis. If the difference between the two is sufficiently robust, one can be sure that the pecu-
liarities in the sample distribution are significant, that is, they also hold for the population. 
However, in CFA the difference should be the opposite of robust; that is, the difference 
should be small enough to accept both the predicted factor structure and its generaliza-

tion to the population. Therefore, paradoxically, 
2
 should be non-significant to indicate a 

significant fit.  
Demanding this may be asking for trouble. Indeed, with large samples, even very 

small differences may be deemed significant by current 
2
-tables, suggesting a poor fit, in 

spite of the greater representativeness of a large sample. Many multivariate experts have 
thought this to be a problem.  

An exception to them is Hayduk. He argues that we should profit from 
2
's sensitivity 

to model error and take the rejection of a model as an invitation for further investigation 
and improvement of the model (see Hayduk et al., 2007.) On SEMNET, 3 June 2005, 

Hayduk notes that “
2
 locates more problems when N is larger, so that some people 

blame chi-square (the messenger) rather than the culprit (probably the model)”.  
The other side of the coin is that models can never be perfect, as MacCallum (2003) 

contended, because they are simplifications of reality (see also Rasch, 1980, p. 92). 
Therefore, models unavoidably contain minor error. In line with this argument, there are 
always a few factors in exploratory factor analysis that still contribute to the total ex-
plained variance but so little that it makes no sense to take them into account. Thus these 
factors should be ignored in CFA as well. Nevertheless, if the measurements are reliable 

and the sample is very large, such minor model error may yield a significant 
2
-value, urg-

ing the rejection of a model that cannot further be improved. 

A further problem with 
2
 is that its absolute value is not interpretable: it must always 

be evaluated with respect to df and N. 
2
 can be used to determine the statistical signifi-

cance of an empirically found value (the smallness of the estimation discrepancy), but is 
not suited to express the approximation discrepancy. Especially in the case of newly de-
vised instrument a measure for the approximation discrepancy may be desirable. There-

fore, some statisticians also report 
2/df, because both 

2
 and df increase as a function of 

the number of variables (parameters). This quotient is somewhat easier to interpret, but 
there is no consensus among SEM experts about what constitutes a desirable value.  

 
 

6. Indices of goodness of fit 
 

To cope with these complications and this problem, SEM experts have tried to devise 
other indices of “goodness of fit” or “approximate fit”. These should express the degree of 
approximation plus estimation discrepancy, and provide an additional basis for the ac-

ceptance or rejection of a model. All but one of these GOF indices are based on 
2
 and 

df, and some also include N in the formula. The remaining one is based directly on the 
residuals. Several suggestions have been made regarding their critical cut-off values (de-
termining acceptance or rejection of a model), among which those of Hu & Bentler (1998, 
1999) have been very influential. 

Over the years, these indices have been investigated in numerous studies using em-
pirical data and - more often - simulated data. Time and again they have been shown to 
be unsatisfactory in some respect; thus, adapted and new ones have been devised. Now, 
many of them are available. Only four of them will be mentioned below because they are 
often reported in CFA studies and they suffice to make my point. The formulas are de-
rived from Kenny (2012), who - it should be noted - briefly makes several critical remarks 
in his discussion of the indices:  

 RMSEA (root mean square error of approximation): based on 
2
, df and N. This index 

was devised by Steiger (1990). Its formula is 
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By dividing by df, RMSEA penalizes free parameters. It also rewards a large sample size 
because N is in the denominator.  

A value of 0 indicates perfect fit. Hu & Bentler (1998, 1999) suggested ≤ .06 as a cut-
off value for a good fit.  

 SRMR (standardized root mean square residual: Jöreskog & Sörbom, 1988). To cal-

culate this index, the residuals (Sij - Iij) in the residual correlation matrix are squared and 
then summed; this sum is divided by the number of residuals q, which equals p.(p+1)/2, 
where p is the number of variables, including the diagonal with communalities, and the 
square root of this mean is then drawn. (S denotes sample correlation matrix, and I de-
notes implied correlation matrix.)  
 

       
 

 
             

 
A value of 0 indicates perfect fit. Hu & Bentler suggest a cut-off value of ≤ .08 for a good 

fit. Notice that 
2
 is not used to calculate SRMR.  

 TLI (Tucker-Lewis index, 1973), also known as NNFI (non-normed fit index), similar to 
the next index presented, belongs to the class of comparative fit indices, which are all 

based on a comparison of the 
2
 of the implied matrix with that of a null model (the most 

typical being that all observed variables are uncorrelated). Those indices that do not be-
long to this class, such as RMSEA and SRMR, are called absolute fit indices. The formula 
of TLI is 
 

 

  
       

 

  
        

 
 

  
          

  

 
Dividing by df penalizes free parameters to some degree. A value of 1 indicates perfect 
fit. TLI is called non-normed because it may assume values < 0 and > 1. Hu & Bentler 
proposed ≥ .95 as a cut-off value for a good fit.  

 CFI (comparative fit index: Bentler, 1990): Here, subtracting df from 
2
 provides some 

penalty for free parameters. The formula for CFI is 
 

   
                

             
 

 
Values > 1 are truncated to 1, and values < 0 are raised to 0. Without this “normalization”, 
this fit-index is that devised by McDonald & Marsh (1990), the RNI (relative non-centrality 
index).  

Hu & Bentler suggested CFI ≥ .95 as a cut-off value for a good fit. Marsh, Hau, & 
Grayson (2005, p. 295) warned that CFI has a slight downward bias, due to the truncation 
of values greater than 1.0. Kenny (2012) warns that CFI and TLI are artificially increased 
(suggesting better fit) when the correlations between the variables are generally high. 
The reason is that the customary null model (all variables are uncorrelated) has a large 
discrepancy with the empirical correlation matrix in the case of high correlations between 

the variables within the clusters, which will give rise to a much larger 
2
 than the implied 

correlation matrix will do. This affects the fractions in CFI and TLI, moving the quotient in 
the direction of 1. Rigdon (1996) was the first to raise this argument; later (Rigdon, 1998) 
he advised using a different null model (all variables an equal correlation above zero). 

 
  

7. Determination of cut-off values by simulation studies 
 
How do multivariate experts such as Hu & Bentler (1998, 1999) determine what values of 
GOF indices represent the boundary between the acceptance and rejection of a model? 
Experts do so mainly on the basis of simulation studies. In such studies, the investigator 



7 
 

generates data in agreement with a predefined factor structure, formulates correct and 
incorrect factor models, draws a great many samples of different sizes and observes what 
the values of a number of fit indices of interest will do.  

One of the conveniences of simulation studies is that the correct and incorrect models 
are known beforehand, which provides a basis, independently of the fit index values for 
determining whether a predicted model should be rejected or accepted. To express the 
suitability of the selected cut-off value of a GOF index, the percentage of rejected sam-
ples is reproduced, that is, the samples for which the fit-index value is on the “rejection 
side” of the cut-off value. The rejection rate should be very small for correct models, and 
very large for incorrect models. What percentage is to be demanded as a basis for rec-
ommending a certain cut-off value is often not stated explicitly by many researchers. It 
seems reasonable to demand a rate of ≤ 10% or even ≤ 5% for correct models and at 
least ≥ 90% or even ≥ 95% for incorrect models, considering that mere guessing would 
lead to a rate of 50% and p ≤ 05 is conventionally applied in significance testing.  

A limitation of most simulation studies is that there are very few indicators (e.g., 3 to 6) 
per factor, compared with the number of items per scale of the typical tests or question-
naires. 

The study performed by Marsh, Hau & Wen (2004), who replicated the study of Hu & 
Bentler (1998, 1999), may serve as an example of this method for determining cut-off 
values:  
.  

Hu & Bentler had set up a population that 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 correlations misspecified (set to zero), and that in the complex model one or 
two cross-loadings misspecified (set to zero).  

The population of Marsh et al. (2004) involved 500.000 cases. Samples of 150, 250, 500, 
1000 and 5000 cases were drawn. (The number of samples was not mentioned). 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 
2
 

and the indices. 
 
To provide an idea of the results of such studies, a small portion of the tables 1 A and 1B 
of Marsh et al. (2004) is reproduced in table 1.  

 
Table 1: Cut-off values and related percentage rejection for RMSEA and SRMR (Marsh et al. 2004) 

Cut-off 
values 

 Predicted models 

Misspe-
cification 

Simple (factor correlations specified)  Complex (factor loadings specified) 

popul. 
value 

N=150 
mean 

N=1000 
mean 

reject. 
N=150 

reject. 
N=1000 

 popul. 
value 

N=150 
mean 

N=1000 
mean 

reject. 
N=150 

reject. 
N=1000 

RMSEA 
≤ .06 

none .001 .012 .001 1% 0%  .000 .012 .001 0% 0% 

smallest .046 .042 .046 11% 0%  .068 .065 .067 67% 99% 

severest .053 .049 .052 19% 0%  .092 .088 .091 100% 100% 

    

SRMR 
≤ .08 

none .001 .047 .019 0% 0%  .001 .043 .017 0% 0% 

smallest .135 .144 .136 100% 100%  .057 .072 .060 19% 0% 

severest .165 .173 .165 100% 100%  .070 .083 .072 62% 0% 

    

RNI
*) 

≥ .95 

none 1.000 .992 .999 1% 0%  1.000 .994 .999 0% 0% 

smallest .969 .966 .968 18% 0%  .951 .949 .951 53% 39% 

severest .958 .955 .957 36% 2%  .910 .909 .909 98% 100% 

    


2
/df 

α=.05 

none - 1.045 1.030 14.5% 11.5%  - 1.047 1.028 11.0% 8.0% 

smallest - 1.395 3.393 73.5% 100%  - 1.758 5.872 98.5% 100% 

severest - 1.518 4.206 92.0% 100%  - 2.341 9.898 100% 100% 

popul. value = population value (n=500.000); reject. = percentage rejected models for this sample 
size. 
*) RNI replaces CFI here; see Section 6. 
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Table 1 shows that the mean sample values of the first two fit indices are closer to the 
population values for N=1000 than those for N=150. This result is observed because 
smaller samples have greater sample fluctuations. It is further demonstrated that the 
population values (and mean sample values) of RMSEA for the simple model are below 
the advised cut-off values of Hu & Bentler (1999). In line with this observation, the rejec-
tion rate for N=1000 is 0%, whereas it should be 100%. For the complex model the popu-
lation value (and mean sample values if N=1000) of SRMR is below the advised cut-off 
value; thus, the rejection rate is 0% whereas it should be 100%. For RNI (comparable 
with CFI), the population values are on the acceptance side of the cut-off values in the 
two misspecified simple models and in the least misspecified complex model, and the re-

jection rates are accordingly. Table 1 further shows that, ironically, 
2 
performs better with 

respect to both models simultaneously than the two fit indices, although it leads to a 
slightly high rate of rejection for the correct models.. 

This replication of Marsh et al. (2004), therefore, does not confirm the advised cut-off 
values of Hu & Bentler (1998, 1999). Several of the misspecified models score on the ac-
ceptance side of the cut-off values of the GOF indices. Thus, what should be a cut-off 
value depends, first, on the type of misspecification one is interested in, and secondly, on 
the degree of misspecification one is willing to tolerate for each type (Marsh et al., 2004).  

It can further be concluded from table 1 that smaller samples may be problematic 
when assessing the correctness of a model: the rejection rate for RMSEA in the case of 
the complex model is too low for N=150 (67%), and SRMR shows a systematic sample 
size effect - the mean sample value is much above the population value for N=150 (.083 

instead of .070). 
2
 also leads to an insufficient rejection rate in the case of incorrect sim-

ple models, at least in the case of the smallest misspecification. 
 

Why draw samples? 
As indicated, Marsh et al. (2004) calculated the population values of the fit indices, and 
when the values appeared to be rather far removed from an advised cut-off value, the re-
jection rates were close to 0% or 100%, depending on which side of the cut-off value 
each population value was. 

Chen, Curran, Bollen, Kirby & Paxton (2008) reported similar experiences in their sim-
ulation study, which was designed to test the cut-off values for RSMEA. See next Section 
for more details regarding that study. In table 2 the population values for the three correct 
and misspecified models are reproduced. Six out of nine population values for the mis-
specified models were below a cut-off value of .06 or even .05.  

 
Table 2: Population values in the study of Chen et al. (2008, derived from table 1) 

Misspecification 
Population values RMSEA 

Model 1 Model 2 Model 3 

None .000 .000 .000 

Smallest  .027 .021 .049 

Moderate  .040 .031 .084 

Severest .061 .040 .097 

Misspecification = overlooking cross-loadings and/or correlations with exogenous variables  

 
The information provided by the population values places one in a position to determine 
whether a selected cut-off value is too liberal, even before having drawn any sample. 
Thus, what is the use of drawing all those samples? Miles & Shevlin (2007) and Saris, 
Satorra, & van der Veld (2009) refrained from drawing any real sample and contented 
themselves with an imaginary sample of N=500 resp. 400, perfectly "mirroring" the popu-
lation values, saving themselves much calculation time (see Section 10.1 and 10.2 in the 
present article). 

Sample drawing is only useful when the cut-off value is rather close to the population 
value because then the rejection rates, especially in the case of small samples, are not 
obvious. 
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8. Reconciling avoidance of both type-I error and type-II error 
 

In addition, cut-off values, should be such that two types of error are avoided at the same 
time. They should be strict enough to avoid accepting a model when in fact it is incorrect, 
which represents type-I error (a false positive). Alternatively, the cut-off value should be 
lenient enough to avoid rejecting a model that is correct, which represents type-II error (a 
false negative). Can these two opposing interests always be reconciled, for any sample 
size, in CFA? 

Table 1 shows that the situation depends on the combination of model, sample size 

and severity of misspecification for RMSEA and SRMR, and to a smaller extent for 
2
. 

2
 

does not appear to be suited to reach 95% acceptance of correct models, even when 
N=1000. In this case, the GOF indices are the winners. 

The study by Chen et al. (2008), referred to above, offered an excellent opportunity for 
determining for - solely - RMSEA the degree to which both errors could be avoided at the 
same time. 

 
Chen et al. (2008) investigated three models:  
(1) Three factors with three indicators each plus one cross-loading indicator each.  
(2) Three factors with five indicators each plus one cross-loading indicator each.  
(3) Like model 1 but with four inter-correlating exogenous variables correlated with one factor 
and of which two variables also correlate with the other two factors. 

In model 1 and 2, the misspecification involved omitting one, two or three of the cross-
loading indicators 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 correlations of exogenous variables with the factors, and the large misspecification 
combined the small and moderate misspecifications.  

The sample sizes were 50, 75, 100, 200, 400, 800 and 1000. The investigators gener-
ated 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 increments of .005. From their results it was clear that avoiding type-I and type-II er-
ror at the same time was often not possible for N ≤ 200. To provide an impression of their 
results, I only summarize those for N=200 and N=1000 in table 3, inferred (not repro-
duced) from their figures 4 to 15. 

 
Table 3: Cut-off values of RMSEA required to reach good rejection rates (Chen et al., 2008, inferred 
from figures 4 to 15) 

Misspeci-
fication 

N=200  N=1000 

Model 1 Model 2 Model 3  Model 1 Model 2 Model 3 

To effect ≥ 90% acceptance of correct models, computed RMSEA must be: 

None ≥ .045 ≥ .035 ≥ .040  ≥ .020 ≥ .015 ≥ .020 

 To effect ≥ 90% rejection of incorrect models, computed RMSEA is restricted to be: 

Smallest  
fails, ±64% fails, ±77% ≤ .030, no  ≤ .010, no 

≤ .015, 
dubious 

≤ .040, yes 

Moderate  fails, ±80% ≤ .010, 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 indicates that even a cut-off value of 0 is not suited to effect 90% rejection 
of incorrect models. The actually rejection rate observed for RMSEA = 0 is printed in these cases. 
“No” in a cell indicates 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 indicates that the cut-off value for 90% rejection of incorrect models is reconcilable 
with that for 90% acceptance of correct models. 
 
If N=200, only the moderate and severest misspecification in model 3 allow for cut-off 
values that 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: seven out of nine cases survive. However, the cut-
off value that seems advisable based on this study would be .225 for N=1000, which is 
most likely too strict in many other studies, especially in those with real data in which mi-
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nor model error is unavoidable (MacCallum, 2003; see also Section 11). Moreover, a 
sample size of N=1000 is often out of reach in empirical studies with real data, especially 
in the field of psychopathology. 
 
 

9. High reliability spoils the fit 
 
The variance in values for a variable within a set of variables is divided into common vari-
ance and unique variance. Common variance is a function of one or more features of the 
variables they have in common, and unique variance is a result of the influence of specif-
ic factors, including those producing error. Common variance betrays itself in significant 
statistical correlations between the variables and is what yields the factors in factor anal-
ysis. If there is much error, i.e., low reliability, then the correlations between the linked 
variables are diminished. 

In psychological research, making use of questionnaires or tests, there is often mod-
erate reliability at best. However, in biological or physical research, very reliable and ho-
mogeneous measurements are within reach, which is assumed to be ideal for model test-
ing. 
 
9.1 Paradoxical effect of a high reliability 
However, an article by Browne, MacCallum, Kim, et al. (2002) has cast doubt on this as-
sumption. The researchers discussed data obtained from a clinical trial of the efficacy of a 
psychological intervention in reducing stress and improving health behaviors for women 
with breast cancer (Andersen Farrar, Golden-Kreutz, et al., 1998). One focus was on two 
types of biological responses of the immune system to the intervention: 1) natural killer 
cell lysis and 2) the response of these cells to recombinant interferon gamma. For each 
response, there were four replicates, differing in the ratios 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 related but distinct factors.  

Because the measures were biological and replicates, one may expect a high reliabil-
ity and homogeneity among them, which implies a small unique variance. Indeed, super-
ficially, the correlation matrix showed two distinct clusters of highly inter-correlating varia-
bles: 1 to 4 (mean inter-correlation .853) and 5 to 8 (mean inter-correlation .960). An MLE 
CFA was carried out hypothesizing these two factors.  

In spite of the clear picture (the residual matrix only contained values very close to ze-

ro) and the small sample (N=72), 
2
 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 showed better performance but were below the advised cut-off values. Only 
SRMR, with a value of 0.02, indicated acceptance of the model unambiguously, 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 clus-
ters, but with much lower inter-correlations between the variables. Within the first “cluster” 
in particular the mean inter-correlation was low (only .136), and the mean inter-correlation 
of the second cluster was .608, which is quite high but much lower than that of the origi-
nal cluster. MLE CFA with a model for two related factors should yield the same residual 

matrix as above, and therefore the same SRMR, and indeed it did. 
2
 was highly non-

significant, thus indicating a perfect fit, similar to all GOF indices, in spite of the first clus-
ter's being unconvincing. 

Browne et al. concluded that 
2
, and the fit indices based upon it, measure detectabil-

ity of misfit rather than misfit directly. In other words, the high statistical power of a test 
may easily lead to the rejection of a model, whereas a mediocre statistical power leads to 
the acceptance of the model (see also Steiger, 2000). In social science research, one is 
rarely confronted with this undesirable phenomenon because most measures are of me-
diocre quality. Nevertheless, they may vary from being rather reliable and homogeneous 
to being rather poor. It would be ironic if only the latter would scoop with the honor of a 
seemingly good fit. 

Browne et al. (2002) reasoned that this discrepancy is caused by the fact that, as a 

result of CFA, 
2
 is affected not only by the residual matrix but also by the sample matrix. 

Thus, it can be influenced by the degree of unique variance in the measuring variables. A 
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very small unique variance, as was the case in the first study, gives rise to a very high 
2
. 

Because all GOF indices but (S)RMR are based on 
2
, they will indicate a poor fit as well.  

 
9.2 Hayduk et al. (2005) contra Browne et al. (2002)  
The data gathered in the study by Browne et al. (2002) enjoyed a remarkable reanalysis 
by Hayduk, Pazderka-Robinson, Cummings, Levers & Beres (2005). These investigators 
had reason 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, which were 
thought to affect the respective two clusters of measurements. This alternative model ap-

peared to fit the data very well, such that 
2
 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 of 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.  

 
9.3 Conclusion 
The lesson to be learned from the foregoing is that one should not be too eager to resist 
indications of ill fit simply because the reliability is particularly high and/or the unique vari-
ance is particularly small. A serious search for an alternative model should always be un-
dertaken (Hayduk, Cummings, Pazderka-Robinson & Boulianne, 2007; McIntosh, 2007). 
That does not mean, however, that indications of ill fit should never be considered trivial. 
However, the latter cannot automatically be concluded from a very small unique variance; 
it must be supported by substantive arguments. 
 
 

10. Low reliability advances an illusory good fit 
 
A much more important lesson to be learned from Browne et al. (2002), however, is that a 

non-significant 
2
 and favorable GOF index values cannot be absolutely trusted because 

these may merely be promoted by low correlation as a result of a large unique variance 
and/or poor reliability. Their findings do not stand alone. Some simulation studies have 
detected similar problems. 

 
10.1. Miles and Shevlin (2007) 
Miles & Shevlin (2007) reasoned that comparative fit indices might be more robust 
against the paradoxical influence of reliability because the former depend on the compar-

ison of two 
2
 values that should be approximately equally affected by the degree of 

unique variance in the observed variables. Thus, they devised a study in which they 

compared 
2
, RMSEA, SRMR and a number of comparative fit indices.  

The authors 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 the one major factor and the other loading very low on two indicators of 
the other major factor. Miles and Shevlin “drew” an imaginary sample of N=500, perfectly 
mirroring the population values. The tested model was a two-factor structure omitting the 
two minor factors.  

With a perfect reliability of 1.0, the disturbance by the minor factors was enough to 

have the model rejected by 
2
. RMSEA indicated a doubtful fit, but the other fit indices in-

dicated a good fit, as they were hoped to do. However, with a reliability of .8, both 
2
 and 

RMSEA then suggested a good fit, whereas the comparative indices and SRMR contin-
ued to indicate a good fit.  

Miles and Shevlin (2007) performed a second study usingh this model but 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 one-factor model. If the reliabil-

ity was .8, 
2
 indicated misfit, as it should, and so did all of the fit indices. However, when 

the reliability was decreased to a meager .5, 
2
 suddenly indicated a good fit, and so did 

RMSEA and - in spite of not being 
2
-based - SRMR. It was hoped that the comparative 
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fit indices would be robust against the spurious influence of reliability on 
2
, but only two 

of them were: NFI (normed fit-index: Bentler & Bonett, 1980) and RFI (relative fit-index: 
Bollen, 1986). Three of them did not indicate misfit: CFI, TLI and IFI (incremental fit index: 
Bollen, 1989). 
 
10.2 Saris, Satorra & van der Veld (2009) 
Saris et al. (2009) reported a complementary study: They devised population data for a 
one-factor model. Strictly speaking, the data could be more precisely explained by a two-
factor model in which the correlation between the two factors was .95. This difference 
they considered trivial, so the one-factor model should have been deemed acceptable. 
The authors drew an imaginary perfectly representative sample (N=400) from this popula-

tion and calculated 
2
, RMSEA, CFI and SRMR. If the factor loadings were .85 or .9 - 

which presupposes high reliability and low specific variance - then the values of 
2
 and 

RMSEA led to the rejection of the one-factor model. Only CFI (in line with the expecta-

tions of Miles & Shevlin, 2007) and SRMR (not being 
2
-based) had values in favor of ac-

ceptance of the model under all loadings (.7 to .9). If the loadings had decreased to ≤ .80, 


2
 and RMSEA then also indicated acceptability of the model.  
 
 

11. Goodness of fit under different degrees of unique variance 
 
Unique variance consists of error variance (reliability) and variance due to specific fac-
tors. Even when reliability is high, specific factors may still increase unique variance. 
Stuive (2007; see also Stuive, Kiers, Timmermans & ten Berge, 2008) investigated 
unique variance due to specific factors as an explicitly independent variable.  
 

Stuive’s study was performed with continuous data, simulating a 12-item questionnaire with 
three subtests of four items each. The misspecification here was an incorrect assignment of 
one or more items to subtests (three levels of gravity). (Note that this is a much more serious 
prediction error than misspecified cross-loadings.) In addition, 10% "minor model error" was 
introduced in one-third of the date and 20% in another one-third of the data, following the ar-
gument of MacCallum (2003) that 0% model error can never be realized in studies with real 
data. This "minor model error" consisted of the impact of nine unmodeled factors.  

The independent variables were 1) the unique variance (25%, 49% or 81%), 2) the 
amount of minor model error and 3) the correlations between the three factors (0.0, 0.3 or 
0.7). These independent variables were not specified parameters; that is, they 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) rejected incorrect assignments. Acceptance of the assignments depended on the p-value 

(> .05) of MLE 
2
, as well as on different cut-off values for three fit indices and combinations 

thereof. 
 

Figure 5.2 in Stuive (2007) shows that introducing 10% model error already had a very 

strong effect on 
2
 (p > .05), resulting in a decrease in the acceptance rate of correct 

models from approximately 92% to approximately 58%, over all unique variance condi-
tions. If one finds 10% model error too large to be considered "minor", then these results 

are in favor of using 
2
 (p > .05), not against it. 

 
11.1 Rejection of correct models 
What was the impact of a low degree of unique variance on type-II error, that is, on the 
rejection of correct models (her figure 5.1; figure 1 in Stuive et al., 2008)?  

 If the unique variance was 25%, approximately 70% of the correct models were re-

jected based on 
2
, p. > 05. This value seems to be a poor score, but if one regards 

Stuive's correct models as being for the most part incorrect because one-third contained 
10% minor model error and one-third contained 20% model error, then it should be noted 
that this rate was in line with 33% fully correct models. In the case of 49% unique vari-
ance, the acceptance rate rose slightly for N=1000 and to approximately 50% for N=400. 

However, in the case of 81% unique variance, the acceptance rate based on 
2
 rose 

dramatically to approximately 85% for N=1000 and 90% for N=400 (Stuive, 2007, figure 
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5.1c). Therefore, the minor model error in 67% of the correct models no longer mattered. 
(The smaller samples are ignored here because they introduced too much error in the 
cases of moderate and high unique variance.) 

 Of the fit indices, only SRMR seemed indifferent to the degree of unique variance: 
100% of the correct models were accepted (even for ≤ .06) for N ≥ 200. With a small 
unique variance (25%), however, RMSEA and CFI needed their most lenient cut-off val-
ues (.10 and .94, respectively) to reach approximately 90% acceptance of correct mod-
els. With 49% and 81%, stricter cut-off values no longer spoiled the results, provided N ≥ 
400. 

 
11.2 Acceptance of incorrect models 
What was the impact of the degree of unique variance on type I error (false positives), 
that is in the acceptance of incorrect models, containing wrong indicator assignments 
(Stuive's figure 5.4; reduced version in Stuive et al., 2008, figure 2)? 

 With 25% unique variance, the rejection rate was approximately 100% - as it should 

have been - for 
2
, RMSEA, SRMR and CFI, even with the most lenient cut-off values.  

 With 49% unique variance, the cut-off value for RMSEA had to be stricter (reject mod-
el if > .08) to reach approximately 90% rejection with N=400 and N=1000. The same held 

for SRMR (reject model if > .08). CFI and 
2
 were still performing perfectly. 

 However, with 81% unique variance, only the strictest value of RMSEA (reject if > .03) 
led to 95% rejection for N=1000 and 85% for N=400, but this value led to rejection of "cor-
rect" models as well, at least in the case of unique variances of 25% and 49%. SRMR 
became useless: even the strictest cut-off value of SRMR (reject model if > .06) led to ac-
ceptance of (almost) all incorrect models, except for small sample sizes (sic). The good 
news was that CFI was still performing well for N=400 and especially N=1000, in line with 
its greater robustness against a high unique variance, as assumed by Miles and Shevlin 

(2007). For N=1000, 
2
 reached 100% rejection, as it should have, for N=400 it reached 

85% and for the smaller samples it reached only 50% and below.  
 
To summarize, in line with the findings and reasoning reviewed in Sections 6.1 and 6.2, 

MLE 
2
 (p > .05) lost much of its statistical power with increasing unique variance, mean-

ing acceptance of incorrect models. Being 
2
-based in a very direct manner, the same 

held for RMSEA, albeit to a much more attenuated degree. CFI was rather robust against 
the undesirable influence of unique variance. SRMR, however, appeared to lose its pow-
er to detect incorrect models as a consequence of high unique variance (81%, not 49%), 

in spite of not being 
2
-based, even more so than RMSEA. 

 
 

12. Downfall of GOF under high unique variance plus high factor correlation 
 
The results of Stuive (2007) with respect to incorrect models, mentioned in Section 7, 
held when the factors correlated .3 or 0. However, if the factors correlated .7, a large 
unique variance caused the fit indices, including CFI, to lose their power to reject incor-
rect models altogether (see figure 5.5 in Stuive, 2007). The factor correlations were not 
part of the model (free parameter). Let us have a more detailed look. 

 With 25% unique variance, 
2
 and RMSEA continued to reject models perfectly. 

SRMR rejected models perfectly with the strictest cut-off value (reject model if ≤ .06), but 
sank beneath the chance level with more lenient cut-off values. CFI, too, required the 
strictest cut-off value (reject model if ≥ .96) to reject enough cases (approximately 90% 
with N=400 and N=1000). 

 With 49% unique variance, only 
2
 for N ≥ 200 led to (almost) perfect rejection. 

RMSEA then required the stricter cut-off value of .06, in combination with N ≥ 400, to 
reach 95-100% rejection, compared with .08 if the factor correlation was .0 and .3. The 
rejection rate for SRMR and CFI, however, sank beneath the chance level. 

 With 81% unique variance, 
2
 with N=1000 sank to 85%, but below the chance level 

for smaller sample sizes. RMSEA, SRMR and CFI were no longer suited to reject incor-
rect models (almost 0% for the larger sample sizes). 
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In sum 

From Stuive’s simulation study and the studies discussed in Section 6, it can be conclud-
ed that the more "messy" the empirical factor structure is, the better the fit is suggested 

by SRMR, CFI and to a lesser degree by 
2
 and RMSEA, even for the rather severely 

misspecified models that were typical for her study. Goodness of fit is increasingly over-
estimated with higher unique variance, especially in combination with an unmodeled high 
factor correlation, thereby promoting type-I error (false positives). 

The utmost consequence of this undesirable relation between unique variance and 
goodness of fit was drawn by Marsh, Hau & Wen (2004), repeated in Marsh et al. (2005, 
p.318), where the authors 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 unique-
ness 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 loadings [which, then, all turned 
out to be] close to zero.” 

 
Explanation 
An explanation of the model-accepting impact of a "messy" factor structure is beyond the 
scope of this paper and beyond my competence. A few suggestions will, however, be put 
forward. Many of the problems may be due to comparing two complete correlation matri-
ces (visually oriented readers may profit from a look at appendix 1):  

 If the correlations are small on average (high specific variance, and/or low reliability), 
then the residuals will also tend to be small. This will artificially decrease SRMR (and per-

haps 
2
 and RMSEA to some degree as well), obscuring real misfit.  

 If the correlations between the variables are high on average, then CFI and TLI will ar-
tificially come closer to 1, as noted in Section 6, as long as the null model rests on the un-
realistic assumption that all variables are uncorrelated.  

 A high (unmodeled) factor correlation implies higher between-cluster item correlations 
(free parameters in this case), increasing the average correlation between the variables, 
with the above-mentioned effect on CFI and TLI. 

 
  

13. A spurious influence of the number of factors and variables 
 
Breivik & Olsson (2001) reasoned and observed that RMSEA tends to favor models that 
include more variables and constructs over models that are simpler, due to the parsimony 
adjustment built in (dividing by df). These findings are in line with those of Meade (2008). 
Meade investigated the suitability of various fit indices to detect an unmodeled factor pre-
sent in the data. This author observed that RMSEA ≤ .06 was strict enough to detect the 
unmodeled factor, only if the factors consisted of four items. However, if the factors con-
sisted of eight items each, ≤ .06 appeared too liberal; in other words, the calculated 
RMSEA had become smaller (figure 9 in his article).  

The same problem seems to hold for SRMR (Anderson & Gerbing, 1984; Breivik & 
Olsson, 2001; Kenny & McCoach, 2003). Fan & Sivo (2007) observed that SRMR did 
much better for smaller models; in the larger models, the value of SRMR (not reproduced 
by the authors) was too small (suggesting good fit) to discriminate between correct and 
misspecified models (their table 3 vs. their table 2).  

Why do more factors relative to the number of variables result in a smaller SRMR? An 
explanation is beyond the scope of this paper and beyond my competence, but again a 
suggestion will be made (visually and mathematically oriented readers may profit from a 
look at appendix 2): 

If (and only if) the factor correlations are not part of the prediction, the values of the 
between-cluster variable correlations in the implied matrix will be directly derived from the 
empirical matrix and consequently be close to these, resulting in very small residuals. 
The values of the within-cluster correlations, on the contrary, have been predicted and 
will differ between implied and empirical matrix in the case of misspecification and minor 
model error. If there are more than two factors, the number of between-cluster variable 
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residuals is greater than the number of within-cluster residuals (diagonal included). The 
more factors there are relative to the number of variables, the more this is true. If the be-
tween-cluster residuals greatly outnumber the within-cluster residuals, then the average 
residual will be correspondingly smaller, suggesting better fit. (However, this reasoning 
does not predict better fit in the case of more variables relative to the number of factors.) 
 
 

14. Conclusion  
 
The fit indices in CFA rest on a comparison of two complete correlation matrices, the em-
pirical one and the implied one that is adjusted to the empirical one. However, the 
measures of goodness of fit developed so far, resting on this comparison, are of doubtful 
quality according to the studies discussed above: 

 
2
 may indicate misfit, especially in tests of high statistical power, simply because the 

sample may be large. 

 The GOF indices, on the other hand, require large samples to discern good from poor 
predictions. Large samples are out of reach in many psychological studies, especially in 
the field of clinical psychology. 

 When the reliability of a test is high and the specific variance of the variables is small, 

(betraying itself in high correlations between the variables within a cluster), 
2
 and 

RMSEA lead to the rejection of well-predicted models if there is minor model error. Minor 
model error, however, is unavoidable under real-world conditions. (CFI is somewhat more 
robust against this effect.) 

 On the other hand, when the reliability of a test is low, 
2
 and RMSEA lead to the ac-

ceptance of poorly predicted models (comparative fit indices somewhat less). 
If the Stuive (2007) study can be relied upon, the following holds: 

 When the unique variance of test variables is high because of high specific variance, 

then 
2
 does not detect incorrect models when N ≤ 200. RMSEA does not detect misfit 

under any N. SRMR can no longer discern good fit from misfit. CFI requires a strict cut-off 
value and N≥400. 

 When the factors have a high, unmodeled correlation (.70), while the unique variance 
is 49%, SRMR and CFI are no longer suited to reject incorrect models. If the unique vari-

ance rises to 81%, none of the fit indices is suited to reject incorrect models, except 
2
 

with an N=1000. 
There are also indications that increasing the number of factors relative to the number 

of variables spoil the power of RMSEA and SRMR to detect incorrect models.  
Thus, Barrett's call for the abandonment of GOF indices (see Section 3) seems war-

ranted based on this concise review, reinforced by the brief theoretical considerations 

above: for a model test, 
2
 and the GOF indices are unreliable, and for an estimation of 

degree of fit, the GOF indices are too imprecise.  
 
 

15. A possible alternative 
 
Translating a predicted factor structure into a complete correlation or covariance matrix 
as an intermediate step to test a predicted measurement model is not only problematic 
but also unnecessarily indirect and poorly informative. Why? 

What is predicted is a number of scales, each containing a number of items. For each 
scale, the items should inter-correlate substantially (form item clusters). They should 
cross-correlate less on the scales to which they are not assigned. The scales should not 
correlate so high that they had better be fused. How much they will correlate should pref-
erably be predicted by the theory behind the measuring instrument. Thus, there is a need 
for a type of CFA that provides exactly that type of output. CFA in its present form does 
not. If the prediction seems good, its GOF indices are not reliable enough to warrant the 
unmodified acceptance of a model. If the prediction needs modification - which is often 
the case in the early and intermediate stages of model building and test validation (An-
derson & Gerbing, 1988; Gerbing & Hamilton, 1994) - it is not very clear where, how and 
how much (cf. West et al., 2012, p. 222).  
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A much more direct and controlled way would be to investigate the correlations be-
tween the predicted clusters of test items themselves and revise the clusters based on 
these correlations in the direction of greater cluster homogeneity and independence (cor-
relative item analysis; see Section 2). Such cluster revision is a variant of the so-called 
multiple group method of factor analysis (see Section 2). As a method of factor analysis it 
did not gain much popularity, but Stuive (2007) showed it to outperform CFA (executed 
by LISREL) in discerning correct from incorrect item assignment in her simulated 12 item 
test with three factors (summarized in Stuive et al., 2008). It also outperformed CFA-
LISREL in optimizing such incorrect models (Stuive, 2007; summarized in Stuive, Kiers, & 
Timmermans, 2009). Of course, this only holds for testing and optimizing measurement 
models and "two-layer" structural models (only factors and observed variables). 

Whatever the procedure by which the clusters are optimized, once they are there they 
can be compared with the predicted clusters and the discrepancy can be noted. A cluster 
may have disappeared because its items turn out to be uncorrelated or to be swallowed 
up by one or more other clusters. This should lead to a revision of the theory and/or 
test/questionnaire. Two or more clusters may show an unpredicted high correlation, or 
may even show a correlation that is contrary to the prediction, which should lead to a re-
finement or revision of the theory.  

The cluster may also have survived but deviate more or less from the optimized ver-
sion. In the latter case, the items that the predicted and optimized, final clusters have in 
common can be considered "hits" (H). Those items that are removed from the predicted 
cluster can be considered false positives (F). Those items in the final clusters that are 
missing in the predicted clusters (M) constitute a second type of error. A qualitative in-
spection of the H-, F-, and M-items should then be undertaken to provide feedback on the 
theory and the test/questionnaire and thereby consider the revision of both.  

This inspection may lead to a new measuring instrument and/or new predictions. The 
new predictions may very well deviate from the optimized clusters. Adopting the opti-
mized clusters uncritically as the new "predictions" would be "capitalizing on chance", as 
MacCallum, Roznowski & Necowitz (1992) have put it: they would not even deserve the 
qualification of predictions. The new predictions could be tested on the extant sample 
first, and preferably should be tested on a fresh sample next. 

However, regardless of theoretical soundness, the optimized clusters (not the predict-
ed clusters in revised form) are what the empirical matrix indicates, and they should be 
used to estimate success in prediction. How? The prediction is made in terms of indica-
tors for each factor, a true-untrue criterion: H-, F- and M-items. The numbers of H-, F- and 
M-items are expressed in H, F and M. These variables can be combined in a simple for-
mula that expresses the accuracy of the prediction.  

In a second article, I have explained the formula in detail, as well as providing tables 
with instructions for the qualitative inspection of the discrepancies between predicted and 
optimized clusters. 
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