












model rejection rate does not reach below 10 percent until c is below 0.07.

Overall, it seems that the test performs well (i.e., low Type I error rate)

when c is reasonably large, at least for larger sample sizes.

When we move to a Model 1 with the smallest misspecification, as

expected the model rejection rate declines as the cutoff increases (see

Figure 5). However, the implication is different because the model is mis-

specified. Some researchers might find this level of misspecification as

acceptable while others would not. For those in the latter group, the model

rejection rate can be regarded as the power of the test. For larger sample

sizes, the model rejection rate starts high at c= 0 but quickly diminishes

with every small increment of the critical value, and the rate of decrease

varies with sample size. For example, with c= 0, the model rejection rate

for n= 1,000 is as high as 93 percent, but drops to a low 3 percent with

c= 0:04, and almost approaches zero with c= 0:05. In contrast, for smaller

Figure 5

Model Rejection Rates by Sample Size,

H0: RMSEA≤ c Model 1, Smallest Misspecification
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samples, the power curve starts at a much lower level and declines gradu-

ally with increments of the cutoff. For example, the model rejection rate

for n= 100 at c= 0 is 61 percent, and it declines to roughly 38 percent at

c= 0:05. Interestingly, when c< 0:027 (the population RMSEA), the lar-

ger sample sizes have higher model rejection rates; but when c> 0:027,

the smaller samples have higher model rejection rates, although the power

is never as high as 60 percent at any sample size. This effect is predicted

given that the sample estimates are converging on the population value

at larger sample sizes. Because of the small population RMSEA, a cutoff

value even much smaller than 0.05 does not yield high model rejection

rates.

We observe a similar pattern for the moderate misspecification of

Model 1. As in the other figures, the rejection rate curves decline quickly

with increases in the critical cutoff (see Figure 6). With c= 0, the rejection

Figure 6

Model Rejection Rates by Sample Size,

H0: RMSEA≤ c Model 1, Moderate Misspecification
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rate is close to 100 percent for n= 800 and is 67 percent for n= 75, indi-

cating high power of the test for large samples and lower power of the test

for small samples. However, the gap disappears when larger critical values

are used. Since larger samples have a steeper power curve, we observe a

convergence of curves at c= 0:04 (population RMSEA), where rejection

rates are around 50 percent for all sample sizes. When c< 0:04, the test

performs relatively better for bigger samples (higher power of the test) than

smaller samples. When c> 0:04, the power of the test is low across all sam-

ple sizes. For example, if we use the population cutoff of 0.05 (a value

greater than the population RMSEA), the rejection rate is approximately

10 percent with n= 800, indicating very low power of the test at a rather

large sample size.

Similarly, for Model 1 with the largest misspecification, the model rejec-

tion rate is extremely sensitive to changes in the cutoff points, particularly

Figure 7

Model Rejection Rates by Sample Size,

H0: RMSEA≤ c Model 1, Severest Misspecification
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for the larger samples (see Figure 7). For example, with c≤ 0:04, model

rejection rates are almost 100 percent with n= 1,000, suggesting extremely

high power of the test. Within the same range of c, the power of the test is

lower for smaller samples but still higher than those in a Model 1 with

moderate misspecification. For example, the model rejection rate is approxi-

mately 60 percent with c= 0:03 and with n= 100 for a moderately misspe-

cified Model 1. For the most misspecified Model 1, the model rejection rate

improves to 80 percent with the same cutoff point and sample size. Again

we observe a convergence at around c= 0:061, the population RMSEA.

Because it is larger than the typical cutoff of 0.05, we observe that the test

performs quite well in Table 1 (also see Figure 7).

Moving to the more complex model types, Models 2 and 3, we find the

patterns described above are supported in general (see Figures 8 through 15).

For the properly specified models, with large samples, there are virtually no

Figure 8

Model Rejection Rates by Sample Size,

H0: RMSEA≤ c Model 2, Correct Specification
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differences among the three model types. For example, with n= 1,000,

model rejection rates start at around 50 percent with c= 0 and quickly

declines to zero when c> 0:02. For smaller samples, the rejection rates are

slightly lower for Model 1 with a given cutoff value, suggesting even lower

Type I error rate. For misspecified models, we observe a similar split

between the bigger and smaller sample sizes. Again, we observe a conver-

gence of the rejection rate curves around the population RMSEA value. The

above analysis focuses on the use of the RMSEA point estimate alone in

assessing model fit. We find that model rejection rates vary substantially by

the choice of cutoff points, model specification, and sample size, and that

there is no empirical support for the use of 0.05 or any other value as a uni-

versal cutoff. This then begs the question: Is the choice of 0.05 as a cutoff

point better justified when the RMSEA point estimate is used jointly with

its CI?

Figure 9

Model Rejection Rates by Sample Size,

H0: RMSEA≤ c Model 2, Smallest Misspecification
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Test Using the Point Estimate and CI

Certainly the use of CI requires the use of an arbitrary critical value, the

use of which we just claimed was unsupported. However, because it is

important to consider the empirical behavior of these CIs, we adopt the typi-

cal 0.05 and 0.10 values to focus our subsequent presentation. In Table 2, we

present the results of two tests, whether the lower bound of the CI is greater

than 0.05, and whether the upper bound of the CI is greater than 0.1. The

first test, a test of close fit, performs extremely well for properly specified

models, reflected by similar and low model rejection rates across all sample

sizes and different models. For example, with n= 50, the model rejection

rate ranges from 4 percent to 7 percent from Model 1 to 3. With n≥ 200,

model rejection rates for all properly specified models approaches zero. This

is an improvement over the test of using the point estimate alone, where we

Figure 10

Model Rejection Rates by Sample Size,

H0: RMSEA≤ c Model 2, Moderate Misspecification
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observe higher model rejection rates (i.e., higher Type I error rate) and more

variations across different models with n≤ 200.

However, for misspecified models, the test of lower CI of RMSEA≤
0.05 does not achieve higher power than the check of whether the

RMSEA≤ 0:05. In contrast, model rejection rates for all the misspecified

models are consistently lower than those numbers shown in Table 1. For

example, with n= 1,000, for Model 1 with the largest misspecification,

the model rejection rate is 94 percent when evaluating models based on

RMSEA≤ 0.05 (see Table 1). In comparison, the model rejection rate is

only 49 percent when the lower bound of the CI is considered. The differ-

ence is even more dramatic for mildly or moderately misspecified models.

For example, with n= 100, for Model 1 with the smallest misspecification,

the model rejection rate is 35 percent when we use the point estimate

alone (see Table 1) but drops to 2 percent when we use the lower bound of

Figure 11

Model Rejection Rates by Sample Size,

H0: RMSEA≤ c Model 2, Severest Misspecification
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the CI (see Table 2). Similarly, for Model 3 with moderate and the largest

misspecification, when the point estimate is used in the test, model rejec-

tion rates are above 90 percent for all sample sizes. When the lower bound

of the CI is used, model rejection rates are above 90 percent for n≥ 200,

but for the smaller samples, model rejection rates range from 51 percent

to 85 percent.

When we use upper CI of RMSEA≤ 0:1 as the test of model fit, the

performance of the test is generally worse than the test of lower CI of

RMSEA≤ 0:05. Unlike the previous test, which achieved low Type I error

rates for properly specified models across all sample sizes, model rejection

rates are still quite high for smaller samples when this test is used. For

example, for the correctly specified Model 1, model rejection rate is as

high as 71 percent with n= 50: For misspecified models, the test performs

poorly. For example, for a moderately misspecified Model 3, with n= 1,000,

Figure 12

Model Rejection Rates by Sample Size,

H0: RMSEA≤ c Model 3, Correct Specification
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the model rejection rate is a strikingly low 2 percent (i.e., very low power),

compared with 100 percent when the test of lower CI of RMSEA≤ 0:05

is used.

Directly comparing Tables 1 and 2, it is clear that evaluating model fit

based on the joint use of the RMSEA estimate and CI suffers problems

similar to using the RMSEA point estimate alone. The CI has the advan-

tage of revealing the uncertainty in our estimates. But when it is combined

with fixed cutoffs, it, like the cutoff for point estimates, can lead to incor-

rect decisions such as too frequently rejecting true models or too infre-

quently rejecting misspecified models. We believe that the problem does

not lie with the logic of the test, but lies with the arbitrary choice of the

fixed cutoff. If 0.05 does not work well as the cutoff in the test using the

point estimate alone (which our earlier results unambiguously indicated),

Figure 13

Model Rejection Rates by Sample Size,

H0: RMSEA≤ c Model 3, Smallest Misspecification

%
 R

ej
ec

te
d

 M
o

d
el

s

100.0%

90.0%

80.0%

70.0%

60.0%

50.0%

40.0%

30.0%

20.0%

0.0%

10.0%

Population
RMSEA = 0.049 

Cutoff (c)

0.
00

0.
01

0.
02

0.
03

0.
04

0.
05

0.
06

0.
07

0.
08

0.
09

0.
10

0.
11

0.
12

0.
13

0.
14

0.
15

50 75 100 200
400 800 1,000

Note: RMSEA= root mean error of approximation.

486 Sociological Methods & Research

 distribution.
© 2008 SAGE Publications. All rights reserved. Not for commercial use or unauthorized

 at NORTH CAROLINA STATE UNIV on April 28, 2008 http://smr.sagepub.comDownloaded from 

http://smr.sagepub.com


then using the CI in conjunction with the point estimate does not help to

overcome this limitation.

Conclusions

Current popularity of the RMSEA is partially driven by the availability

of easy-to-use cutoff values (e.g., 0.05) and the possibility of forming CIs

for it. Our simulation results raise questions about the use of a universal

cutoff of 0.05, or any other specific value, to evaluate model fit. This is

true whether the point estimate is used alone or used with the CI. For

properly specified models, a 0.05 cutoff value of the RMSEA rejects too

many valid models in small sample sizes (n≤ 100), albeit performing

better in larger sample sizes (although it tends to overaccept at n≥ 800).

Figure 14

Model Rejection Rates by Sample Size,

H0: RMSEA≤ c Model 3, Moderate Misspecification
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For example, with 0.05 as the cutoff for a point estimate and for a prop-

erly specified Model 1, 40 percent of the models are incorrectly rejected

at n= 50 but virtually none at n= 400: On the other hand, in some mod-

els the same cutoff value for RMSEA (≤ 0:05) too frequently accepts

misspecified models (particularly models with moderate and larger mis-

specifications) to be models of good fit. For example, for Model 1 with

moderate misspecification, only 6 percent of the models are rejected at

n= 1,000 and 49 percent of the models are rejected at n= 50: The power

of the test using the RMSEA is generally low except in the cases of

Model 3 with moderate and severe misspecification. This indeed sug-

gests poor performance of the test, because the degrees of bias in some

of the parameter estimates are quite noteworthy in these misspecified

models.

Figure 15

Model Rejection Rates by Sample Size,

H0: RMSEA≤ c Model 3, Severest Misspecification
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When the CI is used jointly with the RMSEA point estimate, there is

again no justification to use 0.05 as the universal cutoff point. The test of

the lower RMSEA CI≤ 0:05 performs inconsistently across different model

specifications and sample sizes. For properly specified models, the test gen-

erally performs well. For example, only 4 percent of the properly specified

models are incorrectly rejected at n= 50 when the lower bound of the CI is

larger than 0.05. However, this approach fails to reject enough misspecified

models, where there is substantial bias in the parameter estimates. For exam-

ple, the test rejects no models for Model 2 with greatest misspecification at

n= 1,000. The power of the test is above 90 percent only for Model 3 with

moderate and severest misspecification at n≤ 200. Thus, our findings cast

serious doubt on the utility of the test of close fit (lower RMSEA CI≤ 0:05)

offered by several major SEM packages. Though the CI is an attractive fea-

ture of the RMSEA, its use with a fixed cutoff value for the lower or upper

bound does not work well in our simulations.

Our follow-up analyses evaluating the performance of the RMSEA

varying the cut points indicated that to achieve a certain level of power or

Type I error rate, the choice of cutoff point depends on model specifica-

tions, degrees of freedom, and sample size. When the cutoff value is larger

than the population RMSEA, the test has very low power and would thus

likely indicate that a misspecified model had achieved proper fit. A large

critical value (larger than the population value) thus translates into a less

stringent test. For example, at n= 1,000, for Model 1 with moderate mis-

specification (population RMSEA= 0:040), using 0.05 as the cutoff only

rejects 6 percent of the models while the test rejects 85 percent of the

models when the cutoff is 0.03.

Obviously, in practice, researchers never know the population RMSEA.

Thus, any effort to identify universal cutoff points for the RMSEA is not

supported and should not be pursued as a single way of assessing model fit.

First, we argue that it is not optimal to strive for single-test accept/reject

decisions, particularly because the nature of this test is very different from

the conventional hypothesis test such as t test, for which the relationship

between the critical value a and the power of the test is known. Hence, it is

important to use other goodness-of-fit measures to inform global model fit

and to attend to diagnostics for the sources of model misfit (Bentler 2007;

Bollen and Long 1993; Hayduk et al. 2007; Tanaka 1993). Second, it is dif-

ficult to justify a cutoff of 0.05 or any other cutoff value in that the relation-

ship between this value and the degree of misspecification depends on the

structure and size of the model in complex ways that are further con-

founded by sample size effects. We also do not attempt to come up with an
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alternative set of cutoff values since these would suffer from analogous dis-

advantages. Indeed, there was some recent heated debate on whether the

RMSEA or other approximate fit tests should be abandoned at all, given

that the appropriateness of current thresholds for several fit indices was cast

in doubt by recent studies (see Barrett [2007] and responses to the articles

by Bentler [2007], Goffin [2007], Hayduk et al. [2007], Markland [2007],

McIntosh [2007], Mulaik [2007], and Steiger [2007]).

Some of these authors as well as SEMNET Listserv discussions ques-

tion whether any fit indices besides the chi-square test statistic are ever

needed to evaluate a SEM. Though we are sympathetic to the idea that

researchers should investigate the sources of a significant chi-square test,

we believe that the RMSEA and other fit indices have utility when used in

conjunction with the chi-square test statistic. These indices can supple-

ment the chi-square in assessing the adequacy of a model in matching the

data. However, sole reliance on a single fit index seems imprudent and we

would recommend that multiple indices be examined (Bentler 2007;

Bollen and Long 1993; Tanaka 1993). Ultimately, a researcher must com-

bine these statistical measures with human judgment when reaching a

decision about model fit.

Notes

1. We want to note that the misspecifications that we included in the current analysis are

certainly not inclusive of all styles of misspecified models. See chapter 5 in Hayduk (1996).

2. By power to detect, we refer to the power to reject a false model, using the chi-square

test. The power to detect misspecifications increases with sample size, model complexity,

and extent of misspecification. For example, Model 1, at N = 50, has a power of 0.065 to

detect the smallest specification. At more severe misspecifications, or more complex models,

power estimates reach 1.0. See Paxton et al. (2001) for detailed power estimates on each

model specification.

3. Some key findings include: improper solutions are more common in small samples than

in large ones (ranging from 0 percent at n= 1,000 for a perfectly specified model to 16 percent

of the replications at n= 50); no simple positive relation between the degree of misspecification

and improper solutions; no practical difference in chi-square test statistics between samples

with proper solutions and those with improper solutions; higher bias in parameter estimates in

samples with improper solutions than those with proper solutions; and similar mean asymptotic

standard errors between samples with proper and improper solutions.

4. Only 23 conditions contained fewer than 500 replications, with the median number of

replications as high as 492 and a minimum of 463.

5. In this simulation project, we consider three types of misspecification and regard rejec-

tion of these models as correct decisions. However, the root mean square error of approxima-

tion (RMSEA) is designed as a measure of approximate fit and some degree of misfit may
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well be tolerated. Therefore, it is arguable whether it is ‘‘correct’’ to reject some of the mod-

els with minor degrees of misspecification. We believe that the degrees of misspecification

that we identify are severe enough for them to be considered misspecified models, but we

acknowledge that it is a subjective call.
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