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Abstract
There are a good number of tests that are available for testing a hypothesis that samples come from populations with the same variance.
Many studies reported that there is no test which is uniformly best
for all distributions and sample size conﬁgurations.It can be seen that
Bartlett’s test, Levene’s test and O’Brien’s test oﬀer diﬀerent methods
for researchers to test data. However, each test has some unigue weak
points. To date, there are no studies about these tests when assumptions are violated under diﬀerent situations. The aim of this paper is to
compare the empirical probability of the Type I error and the power of
the three statistical tests under the diﬀerent types of distributions: normal, uniform,student’s t, chi-square distribution and nine conﬁgurations
of group size (n1, n2, n3, n4), the group variances were set as follows the
ratio of 1:1:2:2, 1:2:3:4, 1:1:1:4.
It was found that no test outperformed the others in terms of robustness and power. The ﬁndings showed that the Levene’s test was not the
best option. Bartlett’s test is a good choice to test homogeneity of variances since it is not aﬀected by sample sizes when the data is normally
or uniform distributed. Moreover, For low skew distribution, Bartlett’s
test is a good choice for small equal sample sizes and equal variances.
O’Brien’s test is the best for chi-square distributed. When the variance
ratio of 1:1:1:4, low skew distribution, Bartlett’s test and O’Brien’s test
Key words: statistics for homogeneity of variance test , type I error , power of the tests,
Bartletts test, Levenes test, OBriens test.
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would be commended for small unequal sample sizes, since they still afford high power.

1. Introduction
There are a good number of tests that are available for testing a hypothesis
that samples come from populations with the same variance (e.g., [2,4,14]). It
is well known that classical tests for comparing variances are very sensitive to
departures from normality. A large number of tests have been examined and
stimulated in order to determine their robustness which is the capability to
control the Type I error and their power. Many studies reported that there is
no test which is uniformly best for all distributions and sample size conﬁgurations. One test which using the sample median as an estimate of the location
parameter, usually stands out in terms of power and robustness against nonnormality is a Levene’s test [8]. After conducting extensive searches, it seems
that other tests of homogeneity of variance may have been a better choice than
the Levene test. Bartlett’s test is extremely non-robust against non-normality
[4, 7].O’Brien’s test, which does fairly well for behavioral science data, is robust
to data that departs from normality. It is competitive with other tests interms
of power and it can be easily applied in diﬀerent ANOVA designs with equal
or unequal sample sizes[5].
From literature reviews, it is seen that the three statistic tests have diﬀerent
methods to test data and they have some diﬀerent weak points. Especially,
Bartlett’s test is sensitive to violation of normality assumption. O’Brien’s and
Levene’s test seem to be a good choice if robustness against non-normality
is needed. Yet, there are no studies about these tests when assumptions are
violated under diﬀerent situations. The aim of this paper is to compare the
robustness and the power of Bartlett’s, Levene’s and O’Brien’s test. Section
2 provides a detailed description of all the tests. Section 3 reports the results
of a simulation experiment on the small, moderate, and the large sample sizes
performance of the tests, and the ﬁnal Section gives some concluding remarks.

2. Description of the tests
2.1 Levenes test
Levene’s test was deﬁned as the one-way analysis of variance on zij = |yij − ȳi |,
the absolute residuals and where k is the number of groups and the sample size
of the ith group. The test statistic is given by:
k
(N − k) i=1 ni (z̄i − z̄)2
L=
k n 1
(k − 1) i=1 j=1
(Zij − z̄i )2
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ni
k n i
where N =
i = 1k ni , z̄i = j=1
zij /ni , z̄ = i=1 j=1
zij /n.
The L is approximately distributed as an F variable with k − 1 and N − k
degree of freedom.[13]

Bartlett’s test
The null hypothesis is rejected when B1 is greater than the 100(1 = α)th
percentile of the chi-squared distribution with (I − 1) degrees of freedom.
We consider a modiﬁcation of Bartlett’s test investigated by Boos and
Brownie (1989).
The
modiﬁed test statistic is B2 = dB1 , where d = 2/(β̂2 − 1)


ni
4
j=1 (xij −xi )

I
i=1

N

and β̂2 = 

I

i=1

 ni

2

¯i )
j=1 (xij −x

2)

The modiﬁcation is motivated by the fact that under weak regularity conditions, B1 → 12 (β2 − 1)χ2I−1 in distribution under H0 where β2 = E(X − μ)4 /σ 4
is the kurtosis of distribution (BOX, 1953) The critical point for B2 is the same
as that for B1 [7.]
This test is robust to data that departs from normality. It is also easy
to program into statistical packages like SPSS, it is competitive with other
tests of power and it can be easily used in diﬀerent ANOVA designs with
equal or unequal sample sizes. O’Brien (1981) stated that not much research
has been done on this statistic.The computational operations for this test are
straightforward. Every raw score, yij in this study is transformed using the
following formula:
vij =
 ni

yij

ni − 1.5)ni (yij − ȳi )2 − 0.5s2i (ni − 1)
(ni − 1)(ni − 2)
 ni

yij

where y¯i = j=1
, the mean for each subgroup i and s2i = nj=1
, the
ni
i−1
unbiased subgroup variances.
The mean of the V-values per subgroup will be equal to the variance computed for each subgroup, i.e.,

vij
= s2i
v¯i =
ni
The test statistic for the O’Brien Test will be the F-value computed on applying the usual ANOVA procedure on the transformed scores vij [6]. There are
two criteria to detect appropriate statistics under violation of assumptions, robustness and power [7, 6, 13]. Robustness is the capability to control the Type
I error. In other words, it is the ability of the test of not falsely detecting nonhomogeneous groups when the underlying data are not normally distributed
and the groups are in fact homogeneous. A statistical test is designated robust, if the departure of the empirical Type I error (τ̂ ) from the nominal level
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of signiﬁcance (α) does not exceed the predetermined value. In this study,
robustness evaluation is established on the Cochran limit as follows:
At the 0.01 signiﬁcance level, τ value is between 0.007 and 0.015;
At the 0.05 signiﬁcance level, τ value is between 0.040 and 0.060
τ = the true probability of a Type I error = Probability (H0 is rejected
when H0 is true) and τ̂ = the empirical probability of a Type I error =
the number ofH0 rejection when H0 is true
the number of replications 10,000 times ,
α= the nominal level of signiﬁcance or the theoretical alpha The statistical
test is called robust when its empirical alpha values lie within Cochran limit[3].
If any actual probability of the Type I error is over the limit, it shows that the
test cannot control the error rate.
The power of the test is the probability of rejecting a null hypothesis when
it is false and therefore should be rejected. In this study the power of the test
is calculated by subtracting the empirical probability of a Type II error from
1.0:
power =

the number of H0 failed to reject when H0 is true
the number of replications 10, 000 times

The maximum total power of the test is 1.0; the minimum is zero.
Heterogeneity of variance may aﬀect both the type I and type II error rates.
Box (1954) showed that the eﬀect of heterogeneous variances on the type I error
rate of the ANOVA F test would be approximately proportional to a coeﬃcient
of variation of the variances (Box’s coeﬃcient:

Sc2
c= 2 =
σ

k

2
i=1 (σi

− mean(σ 2 ))2 /k

mean(σ 2 )

where Sc2 is the standard deviation of the variances σi2 . So, c may be used as
a measure of the degree of heteroscedasticity. For a given range of variability,
Box’s coeﬃcient is largest when one variance is large and the rest are small.
When sample sizes are unequal, there is an additional important eﬀect on
the error rate, which depends on the proportion of the un-weighted (ignoring
sample sizes) to the weighted (by the degrees of exemption of each sample)
mean of the variances (Box 1954).This ”bias ratio” reﬂects the grade to which
small sample sizes are coupled with large variations.[1]

Monte Carlo Simulation and Results
To compare the Levene’s, Bartlett’s, and O’Brien’s tests a series of Monte
Carlo studies were done.Each statistic is measured in terms of robustness and
power.For robustness, the fewer Type I error a test make (falsely claiming
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unequal variances, when in fact the variances are equal), the greater the robustness. With power, the higher the number of correctly detected unequal
variances, when in fact they are unequal, the greater the power of the test.
The empirical Type I errorand power of the tests are investigated in the
simulation study using normal, student’s t, chi-square, and low skew distributions and many combinations of the sample sizes for 4 populations. The sample
variances in each group of four populations were in the ratios 1:1:1:1 (under
H0 ) and 1:1:2:2, 1:2:3:4, 1:1:1:4 (under H1 ) which the Box’s coeﬃcients were
0.33, 0.45 and 0.74. For estimating the empirical Type I error and power estimates, nominal 5% level is used throughout the study with 10,000 Monte Carlo
Simulations. The data were generated in one situation for computing Levene’s
test, Bartlett’s test and O’Brien’s test. Then these values were compared with
their critical region, the values that rejected null hypothesis were counted. In
case of Type II error, the values that failed to reject the null hypothesis were
counted and the power of the test was calculated bysubtracting the probability
of the Type II error from 1.0. The process of computation was repeated for all
situations.
Table1. The empirical Type I error under equal variance hypothesis of the Levene, Bartlett,
and O’Brien tests for 0.05 signiﬁcance level with normal, student’s t, uniformchi-square,
and low skew distribution.

When assumption of a normal distribution met, all three statistical tests
could control the Type I error for all settings of equal and unequal sample
sizes at α = 0.05. This evidences to show when the distribution was normal,
the sample size did not aﬀect the robustness of the tests (Table 1, Figure1.).
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Figure 1. The empirical Type I error of Levene, Bartlett, and O’Brien tests for 0.05
signiﬁcance level with normal, student’s t, and uniform distribution.
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Figure 2. The empirical Type I error of Levene, Bartlett, and O’Brien tests for 0.05
signiﬁcance level with chi-square, and low skew distribution.

Table 2: Eﬀect of heterogeneous variances in power of the Levene, Bartlett, and O’Brien
tests of 0.05 signiﬁcance level with normal, t, uniform, and chi-square distribution.
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Figure 3.Power of Levene, Bartlett, and O’Brien tests as inﬂuenced by Variance Ratios and
Sample Sizes with Normal Distributionat 0.05 signiﬁcance level.

The Bartlett’s test is most powerful in all the experimental cases when the
average sample sizes are less than 20, for another case the power of the three
statistic tests are approaching in 1. When the normality assumption met, but
the assumptions of homogeneity of variance violated as 1:1:2:2 and 1:2:3:4,
Bartlett’s test was the best option as it kept up good power. However, when
the variance ratio as 1:1:1:4, the power of the three statistical tests approached
in 1. For all settings, the power of the three statistical tests tends to go higher
as the average sample size increases and tends to go higher as the variance ratio
increases (Box’s coeﬃcient increase).
Bartlett’s test could control the Type I error for all of equal and unequal
sample sizes, but O’Brien’s test could control the Type I error for all unequal
sample sizes andequal sample sizes which the average sample sizes were more
than 20 (Table 1, Figure1.), for equal sample size and for all settings of unequal
sample size. Nevertheless, the power of these tests tended to go higher as
average sample size increased and inclined to go higher as a variance ratio
increased.
When low skew distribution, Bartlett’s test and O’Brien’s test could control
the Type I error for all settings of equal and unequal sample sizes at α = 0.05,
but Levene’s test could control the Type I error for the average sample sizes
was more than 20 (. As the variance ratio of 1:1:2:2 and 1:2:3:4, Bartlett’s test
gave the highest power for all settings of sample sizes. However, O’Brien’s test
gave the highest power for variance ratio of 1:1:1:4, as the average sample size
less than 20, Bartlett’s test gave the highest power as the average sample size
more than 17.5, for equal sample size and more than 20 Levene’s test gave the
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Figure 4. Power of Levene, Bartlett, and O’Brien tests as inﬂuenced by Variance Ratios
and Sample Sizes with Uniform Distributionat 0.05 signiﬁcance level.

Doungporn Hatchavanich

191

Figure 5. Power of Levene, Bartlett, and O’Brien tests as inﬂuenced by Variance Ratios
and Sample Sizes with Low Skew Distribution at 0.05 signiﬁcance level.
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Figure 6. Power of Levene, Bartlett, and O’Brien tests as inﬂuenced by Variance Ratios
and Sample Sizes with Chi-square Distribution at 0.05 signiﬁcance level.

highest power. It likewise found that when normal assumption, homogeneity
of variance assumption and equality of the sample sizes violated, Bartlett’s test
still was an honest choice that paid the highest power. It likewise found that
the power of all tests tended to go higher as the Box’s coeﬃcient increases.
For chi-square distribution, O’Brien’s test could control Type I error for all
the settings of equal and unequal sample sizes, Levene’s test for equal sample
size of 20, 30, 40, 50 and 60 and Bartlett’s test for sample size of 50 and 60.
For unequal sample size, Levene’s test and Bartlett’s test could control Type I
error of the for the average sample sizes more than 17.5. As the variance ratio
of 1:1:2:2 and 1:2:3:4, Bartlett’s test had the highest power for all settings of
sample sizes, as the variance ratio of 1:1:1:4, and all settings of unequal sample
size, Bartlett’s test had a little higher power more than the others, for the
equal sample size of 30, 50, 60 Levene’s test had a little higher power more
than the others.It likewise found that when the average sample sizes or the
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variance ratio increased, the power of these tests also increased.

Conclusion & Discussion
Under the normal assumption, homogeneity of variances, equal and unequal
sample sizes, the empirical Type I error of Levene’s, Bartlett’s and O’Brien’s
test fall within the Cochran limits at =0.05. In particular, the empirical probability of Type I error of O’Brien’s test was the most modest. This was the
same as the studies by [9, 10, 11, 12] that may have been a safer option than
the Levene’s test. This current study showed that unequal sample sizes had
not touched on the empirical probability of a Type I error of the three statistical tests. When the normality were met, but the homogeneity of variance
was violated, variance ratio of 1:1:2:2 (Box’s coeﬃcient = 0.33) and 1:2:3:4
(Box’s coeﬃcient = 0.45), for equal and unequal sample sizes, Bartlett’s test
had the highest power. However, when the variance ratio was increased to
1:1:1:4 (Box’s coeﬃcient = 0.74), and equal sample sizes, power of the three
tests were similar.
In terms of robustness, for normal distribution, Levene’s test and Bartlett’s
test were as well as O’Brien’s test. For uniform distribution, Levene’s test
and Bartlett’s test appeared the superior over O’Brien’s test. For chi-square
distribution, O’Brien’s test did its best and Levene’s test can control the Type
I error when the average sample sizes is more than 20. In terms of power,
it appeared that Levene’s test and Bartlett’s test were as well as O’Brien’s
test. For the normal distribution and the average sample sizes were smaller
than 20, Bartlett’s test appeared the superior over Levene’s test and O’Brien’s
test when 1:1:2:2 and 1:2:3:4 ratio of variance. Nonetheless, for low skew and
Chi-square distribution, Bartlett’s test appeared the superior over O’Brien’s
test and Levene’s test for 1:1:2:2 and 1:2:3:4 ratio of variance in all equal and
unequal sample sizes. For Chi-square distribution and variance ratio of 1:1:1:4,
Bartlett’s test were as well as the others.
Bartlett’s test also seems to be robust to nominal signiﬁcant level according to Cochran’s criterion. However, only the empirical Type I error rate of
Bartlett’s test falls within the narrow interval. Bartlett’s test shows a good
performance even in asymmetric distributions like the low skew distribution,
but it does not control the Type I error rate in highly asymmetric distributions,
like the Chi-square distribution. Nevertheless, it is slightly more powerful than
Levene’s test and O’Brien’s test.
In closing, no test outperformed the others in terms of robustness and power.
The Levene’s test was not the best option. There were better testing could be
utilized, and some were more preferable depending on the distributional form
of the data. For a normal distribution, entirely of the ratios of variance, the
average sample sizes are more than 30, the power approach to 1. For uniform

194

A Comparison of Type I Error and Power of...

distribution, the power of the Levene’s test is similar to Bartlett’s test, when
the average sample sizes increase, the power approach to 1. For low skew
distribution, the power of Bartlett’s test is better than O’Brien’s test. For
student’s distribution, no statistical test could control the Type I error for all
of sample sizes.
Because of these determinations are founded on one set of simulation experiment, generalizations require caution. For instance, the operating characteristics of the tests may vary when there are more than four groups. Also, the
conclusions may not be applicable if the true variances are very diﬀerent than
those investigated here.
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