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INTRODUCTION to test the homogeneity of variances. The ANOVA F-test is
also widely used in various areas [1,2]. Furthermore, assess-

ity of variances is widely employed. One of its applications, ing uniformity is crucial in various fields such as quality
in experimental design, one of the primary assumptions of control in manufacturing processes, biology, agricultural
ANOVA is the homogeneity of variances of several normal ~ Production systems, and the development of educational
populations. It is well known that violating of the assump- methods. For instance, variations in population variability
tion of homogeneity of variances impacts the type I error ~ are of interest to biologists for several reasons, such as the
rate of the F-test, particularly in cases where sample sizes are ~ investigation of adaptation mechanisms and as a measure of
unequal. Therefore, before ANOVA, it is common practice  general diversity. [3]. A study examining the batch-to-batch

In many scientific applications, testing the homogene-
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variability in laboratory animals’ resistance to parasitic
infestation evaluated the homogeneity of variances. In this
study, rats injected with 500 larvae were analyzed to deter-
mine whether the variability in resistance differed across
batches. This demonstrates that homogeneity of variance
is a significant issue in biological experiments and medi-
cal research [4]. The homogeneity of variance test is used
for various purposes in real estate valuation processes and
market analysis studies. In particular, it is used to compare
different types of real estate and sub-markets. By examin-
ing the variability levels of different types in the markets, it
helps to identify which types of properties are more homo-
geneous and, therefore, can be evaluated more reliably [5].
The homogeneity of variance test also plays an important
role in education. For example, in a study, the success scores
of groups with homogeneous and heterogeneous levels of
prior knowledge among students were examined to evalu-
ate how students’ learning processes were affected [6].

A review of the literature reveals that numerous meth-
ods have been developed to test the homogeneity of vari-
ances across several normal populations. Among these,
the Bartletts test [7] is the most widely used. This test is
based on the likelihood ratio test (LRT), divided by an
approximation of its mean, and it approximately follows
a Chi-squared distribution. However, Bishop and Nair [8]
and Hartley [9] noted that this test is only valid when the
sample sizes are moderate to large and when the number
of groups is not excessively high. Many studies have been
conducted to identify a testing procedure that maintains
the type I error rate while ensuring high statistical power.
Hartley [9] proposed the F-max statistic, which represents
the ratio of the maximum variance to the minimum vari-
ance among the groups. Subsequently, using the absolute
differences of observations from their means, Levene [10]
introduced an ANOVA-based testing strategy. Additionally,
by substituting sample medians for sample means, Brown
and Forsythe [11] modified Levene’s test. To control the
family-wise type I error rate, Bhandary and Dai [12] sug-
gested a test based on a Bonferroni-type adjustment process
applied to the ordered p-values.

While some of these tests have an exact distribution,
most of them have an asymptotic distribution. As known,
tests with asymptotic distribution do not give good results
in small sample sizes, especially in terms of type I error.
Especially in recent years, it is seen that methods based on
resampling techniques have become popular because of the
increase in the performance of computers. For this reason,
many tests have been developed using the resampling tech-
nique. These methods based on the resampling methods,
such as generalized p-value, parametric bootstrap, and
computational approach are often used for solving the prob-
lem containing the interested parameters as well nuisance
parameters. Using the generalized p-value approach, Liu
and Xu [13] presented a test and evaluated it with Bartlett’s
test. Gokpinar and Gokpinar [14] suggested a test statistic
based on the computational approach test (CAT), a specific

case of parametric bootstrap, for homogeneity of variances.
Chang et al. [15] suggested the CAT approach of the like-
lihood ratio test (LRT) and Bartlett’s test for homogeneity
of variances. They compared these tests with existing tests
such as Bartlette’s test, Levene’s test, Brown- Forsythe’s test,
Keyes and Levy’s adjusted test [16], and Loh’s test [17].
According to the results of their study, the CAT approach
of the LRT performs better than some existing tests under
the normal model. Gokpinar [18] a proposed standard-
ized likelihood ratio test (SLRT) which is not based on any
resampling methods and intensive computer methods for
homogeneity of variances under normality. She compared
this test with Bartlett’s test and the likelihood ratio tests
Monte Carlo approach. She noted that the SLRT performs
better than others.

The aim of most work on methods for testing the homo-
geneity of variances is to develop a test with a well-con-
trolled type I error rate and high power whenever possible.
However, tests either suffer from severe inflation of the
type I error rate or lose statistical power to detect hetero-
geneity of variances. Therefore, much work has been and
is being done to improve type I error rates and the power
of tests. There are some R packages such as car [19], stats
[20], lawstat [21], rstatix [22], onewaytests [23] contain
very few of the tests mentioned above (i.e., Bartlett’s test
and Levene’s test) for homogeneity of variances. However,
there is no package containing recent methods, especially
resampling-based tests. As mentioned above, these tests
are powerful and controlling type I error rates better than
others. Because of this, our main purpose in this study is
to construct a way to choose the best possible testing pro-
cedure for the homogeneity of variances. To do this, ini-
tially, we create a package that includes most powerful
tests obtained in recent years and some other powerful
classical tests in the literature. After that, we compare these
tests according to their empirical power of tests and type
I error rates to detect the best-performing test in specific
situations. Thus, the researcher can easily decide which test
should be used in specific situations. For this purpose, we
create an R package called homnormal by taking into con-
sideration classical tests such as Bartlett’s test (BT), Levene’s
test (LT), Brown-Forsthye’s test (BFT), Bandairy Dai’s test
(BDT) and resample-based tests such as generalized p-ap-
proach (GPA), computational approach test (CAT), likeli-
hood ratio test based on CAT (LRCAT), standardized LRT
(SLRT). The homnormal package is available on the CRAN.
We also compare these tests according to their power of test
and type I error rates with comprehensive simulation study
under different situations. Thus, the researcher can easily
decide which test to use in which situation.

As mentioned above, the homogeneity of variances has
many applications. For the sake of simplicity, in this study,
we consider a one-way ANOVA model and have discussed
the tests used in this field. In future studies, this package
can be extended by addressing key assumptions of classi-
cal linear regression analysis, such as the homogeneity of
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variances. In classical linear regression analysis, there have
been several tests developed to test the presence of hetero-
scedasticity. Among them, the tests developed by White
[24], Breush and Pagan [25], Goldfeld and Quandt [26] are
the most well-known tests, but there are also tests recently
developed by Celik [27,28].

The rest of this study is organized as follows. Firstly, the
tests for homogeneity of variances are given. Secondly, we
introduce the homnormal package and demonstrate the
applicability of the package using a dataset. Thirdly, a com-
prehensive Monte Carlo simulation study is carried out to
compare the performance of the tests regarding their type I
error rates and power under various conditions. This paper
concludes with several final remarks.

METHODS: TESTS FOR HOMOGENEITY OF VARI-
ANCES
Xy pi=1,..

Let X;p,..., X; .,k be a random sample of size n;
from a normal population with E(X;)) = 4;and Var (X)) = 6%,
Le. X;~N(u;, 07).

Let X; and S be the sample mean and sample variance
of the ith population, respectively, where

— 1 2
e Z v (Tli - 1)Z(XU _Xi) , =100k
j=1 =

Denote the pooled sample mean and sample variance as

i . o, 1 X ,
X:NZniXi, Sp Zmzl(nl_l)sl,
1= =

respectively, where N = ¥,_ n,. The hypotheses of interest
are

Hy: 02 = =g} against Hy: 072 # JL.Z, for at least one i # i’

As mentioned in Section 1, there are many tests
improved in the literature to test H, against H1. In the fol-
lowing, we describe these tests.

Bartlett’s Test (BT)
Bartlett [7] proposed the following test statistic:

T, = zn(sz)n—k—zi‘ 11n (Sz)ni_l

(1)

3(k 1)\21 1(n -1) (N- k))

T} statistic has approximately x*._, distribution. For a
given a, the H, is rejected if Tp> X’ o

Levene’s Test (LT)

Levene [10] conducted a one-way ANOVA with the
dependent variable being as Z;; = |X;; — X;|. The Levene’s
test statistic is given by
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7 = (N-RIE niZi=2) )

L (k—l)E{F:lE;-l:ll(Zij_Zi) @

where Z_i=nliZ?L1le and Z_=% {‘(:12;11211- T, has

approximately Fj ;) ) distribution. For a given «, the
H, is rejected if T; > F 1) N4y This test is called as LT
throughout the paper.

Brown-Forsythe’s test (BFT)

Brown and Forsythe [11] developed a modification of
Levene’s test by using the median instead of the mean as
Wii=1X;; — X, | where X; is the median of group i. Thus, the
Brown-Forsythe’s test is follows as

(N-k) 2{-;1 ni(VT/i—VT/)Z
(k—l) 2{-;1 2;21(WU_W

BF =

) ©

where W;= Z ; and W= Z - Z Wi BF has
approx1mately F, k-1),(N) dlstnbutlon For a g1ven a, the H,
is I'e]ected lf TBF > F(k-l),(N-k), )

Bhandary-Dai Test (BDT)
Bhandary and Dai [12] proposed a test based on
Bonferroni type adjustment procedure. The F test statistics

are
2 S.

2
_Si. r_ Opi
F,=2L; F =

27 4 2
s2 s

i=1,..., k,

(4)
mmegf{w—mg—m—ngym—m—m—n)
Let P;and P; be as given below:

P,=PY >F); P, =PY' >F),
where Y~Fp,_q,, Y'~F, n,_qand 1y = Zi-‘;j(nj -1). Py,
<Py <... <Py, is obtained by sorting P; and P;. For a given
a, the Hy is rejected if P(;y < ﬁ a
The Generalized p-value Approach (GPA)

Liu and Xu [13] proposed the generalized p-value based
on the generalized test variable calculated as in (5)

2 2
-p ;_(_ (nU—E(InUy))* 1 ( ’.‘_ l"Ui—E(l"Ui))
p ( =17 yar(nuy Z?“W"Uj) i1 Var(inuy)
2 2 (5)
> k (lrL(an) E(InU;)) 1 k  In(s{)—E(InU;)~ o
Z Var(inU;) E;( 1Wnll]) (E Var(InU;) )
where U; = Z_, i=12,..,k E(InU) and V(InU,)

terms are obtdined by using Monte Carlo integration. H,, is
rejected if p < a.

Computational Approach Test (CAT)

Gokpinar and Gokpinar [14] proposed a test based on
the computational approach test (CAT), which is a kind of
parametric bootstrap method, for the homogeneity of vari-
ances under normality. The test statistic, T4, is given as
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Y n;(logS? —logS?) (6)

Tear =

where §? =YX n;S?/N. This test is computed using

Monte-Carlo simulations with algorithm:

1. Calculate Ti,rin (6) from the original data X;;'s.

2. Under H,, the restricted MLEs (RMLEs) of parameters
(0% y3 i=1,..., k) are obtained in as (7).

A _ 1 n;
HirmLE) = n—iZFl
and

= 27i1(Xij

A2 _ 1
O(RMLE) = JF

—=\2 —_—
_Xi :SZ
) (7)

3. Generate Xi*j~N(ﬁi(RMLE), 6,§MLE),]' =L..,nzi=1..,k

4. Compute the T'-,r in Eq. (7) from the generated data
Xij's.

5. Repeat steps 3 and 4 many times, L, and recalculate the
values of Tg,ng) JA=1,..,L

6. Calculate the Monte Carlo estimates of the p-value
as p=2r. 1I(T*(l)> T.r)/L, where I is the indicator
function.

7. In the case of p< 0, H, is rejected.

Likelihood Ratio Test based on CAT (LRCAT)
The likelihood ratio test for the homogeneity of vari-
ances under several normal populations is obtained as in

Eq. (8).

T = NlOg(Z{'{ﬂ niSiz*/N) - Z{'{=1 n; log(S7)

2L (xi=X)°
n;

(8)

where S#* =

tribution. The parametric bootstrap approach of this test

proposed by Chang et al. [15] is computed using Monte-

Carlo simulations with algorithm:

1. Calculate T} in (8) from the original data X;s.

2. Under H,, the RMLEs of parameters (07 y; i = 1,..., k)
are obtained as in Eq. (7).

3. Generate Xl-*j~N(ﬁL-(RMLE), 6}§MLE),]': L..,nzi=1,..,k

4. Compute the T";; in Eq. (8) from the generated data
X* !

5. Repeat steps 3 and 4 many times, L, and recalculate the
values ofTLR ,1=1,..,L

. Ty has approximately y* ;) dis-

6. Calculate the Monte Carlo estimates of the p-value
as p=Xb, 1(T, "> T,z)/L, where I is the indicator
function.

7. Inthe case of p< a, H,, is rejected.

Standardized Likelihood Ratio Test (SLRT)

Gokpinar [18] proposed a standardized likelihood ratio
test by using the exact mean and variance of the likelihood
ratio test statistic TLR in Eq. (8). The mean and variance of
Ty are given as

K K

nz 1

E(Tpr) = n;logn; — Nlog Nt — nl > )
i=

i=1
- N —k
2rn
) ()

where I’(.) and I’(.) are digamma and trigamma func-
tion, respectively. The standardized likelihood ratio test is
obtained as follows

Tor = +/2(k — 1) (%((T”R)) +(k—1)

k

Var(T.,z) Z n?r” (

i=

9)

T; ¢ has approximately x*( ) distribution. For a given a,
the Hy is rejected if Ty p > x*_ o This test is called as SLRT
throughout the paper.

Some R packages such as car [19], stats [20], lawstat [21],
rstatix [22], onewaytests [23] contain the tests for homoge-
neity of variances. Table 1 shows which tests are included in
which packages. As can be seen from Table 1, there are only
a few tests in the packages, although most are not new tests.
Furthermore, there is no package that also contains recently
proposed tests of homogeneity of variances. Onewaytests
package used for one-way tests in independent groups
design contains only BT, LT, and BFT. As mentioned in the
introduction section, testing the homogeneity of variances
is used in many fields, apart from an assumption used to
apply the ANOVA-F test. For this reason, it is important to
develop a package that includes many tests used in testing
the homogeneity of variances. We wish to continue with
the plan to build a package that contains tests not found in
CRAN.

Table 1. Comparison of R packages including homogeneity of variances tests

Tests
R packages BT LT BFT BDT GPA CAT LRCAT SLRT
Stats X X - - - -
Car - X - - - - - -
Lawstat X - - - - -
Rstatix - X - - - - - -
Onewaytests X X X - - - -
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THE USAGE OF HOMNORMAL PACKAGE

The package including several functions provides to
perform several tests for homogeneity of variances. These
functions are identified by their names’ initials, which are
listed in the preceding sections. In this section, we use a
data set to show how to use the homnormal package.

Example: As an example, FH_data is presented in the
package. The data related to the survival times of patients
was collected from 4 hospitals, which was a part of the data
by Fleming and Harrington [29]. Our purpose is to test for
the homogeneity of variances for this data.

# Call the homnormal package
library(homnormal)

# Call the huxtable package
library(huxtable)

# print observations of the FH data
x1=FH_data$SurvivalTime

x1

#> [1] 105 266 227 66 24 5 155 54 58 64 15 147 42
305 92 30 82 265 237

#> [20] 208 147
x2=FH_data$HospitalNo

X2

#> [1]1 11112222 3334444444424 34

The homnormal package includes eight tests for testing
the homogeneity of variances.

Brown-Forsythe’s Test (BFT): Brown_Forsythe(...)
The Brown_Forsythe function in the homnormal pack-
age is used to perform the Brown-Forsythe’s test.

BFT = Brown Forsythe (x1, x2, alfa = 0.05,
table = TRUE, graph = "centerized”)

In this code, alpha is the level of significance to assess
the statistical difference. Default is set to alpha = 0.05. table
is a logical value indicating whether the analysis results will
be displayed in tabular form. Default is table=TRUE. Graph
is a logical value for printing a boxplot of data. Default is
set to graph="none”. The alternative arguments of graph
are “raw’; centered”. “raw” gives a boxplot of raw data. “cen-
tered” gives a boxplot of centered data around means of
groups. When this code is run in R Programme, the follow-
ing Figure 1 and Table 2 output are obtained.

Box plots provide preliminary information to under-
stand whether the variances of groups are heterogeneous
or not, but it is a visual assessment method, not a definitive
test. The height of the box in a box plot is an indicator of
the variability within a group. If there are significant dif-
ferences in box heights between groups, this indicates that
variances may be heterogeneous. Compare the “whisker”
lengths of each box plot. Whiskers usually show minimum
and maximum values. If the whisker lengths differ between

o
0 — _—
A [
|
o |
S _ - |
-~ | ] |
|
1
S - .
o
|
1
o
0 — 1
T
o | |
S - |
N |
-
T I I l
1 2 3 4

Figure 1. Boxplot based on centralized values.

Tablo 2. Brown-Forsythe’s Test Result for Homogeneity of Variances

Group no Sample size Sample mean Sample var Test stat P

1 4 166.00 9147.33

2 4 59.50 4460.33

3 3 45.67 714.33 2.16 0.13
4 10 155.50 9105.61
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groups, this may also indicate variance differences. In light
of this information, it can be said that there is heterogeneity
between the variances of the groups. But to be more precise,
we need to look at the test results.

According to these results, the null hypothesis of the
homogeneity of variances is not rejected (BFT=1.88,
p-value=0.17) since the p-value is not smaller than 0.05. In
other words, it can be said that the variances of the groups
are homogenous at 5% significance level. The users who
would like to use the statistics in the output of their pro-
grams can use the following codes. The BT, LT, BDT, GPA,
CAT, LRCAT, and SLRT tests are also available as functions
in the homnormal package. These tests are shown below.

Levene’s Test (LT): levene(...)
The levene function in the homnormal package is used
to perform the Levene’s test.

LT = levene (x1, x2, alfa =
table =

0.05,
TRUE, graph = “none”)

When this code is run in R Programme, the following
Table 3 output are obtained.

Similar to BFT, according to the results in Table 3, the
null hypothesis of the homogeneity of variances is not
rejected (LT=2.16, p-value =0.13) since the p-value is not
smaller than 0.05. In other words, according to the results of
Levene’s test, it can be said that the variances of the groups
are homogenous at 5% significance level.

Bartlett’s Test (BT): bart(...)
The bart function in the homnormal package is used to
perform the Barlett’s test.

BT = bart(xl, x2, alfa = 0.05, table=TRUE)

Table 3. Levene’s test result for homogeneity of variances

When this code is run in R Programme, the following
Table 4 output are obtained.

The null hypothesis of the homogeneity of variances is
not rejected (BT=3.06, p-value =0.38) since the p-value is
not smaller than 0.05. According to the results of Bartlett’s
test, it can be said that the variances of the groups are
homogenous at 5% significance level.

Bhandary-Dai’s Test (BDT): bdai(...)
The bdai function in the homnormal package is used to
perform the Bhandary-Dai’s test.

BDT = bdai(xl, x2, alfa =

table = TRUE)

0.05,

When this code is run in R Programme, the following
Table 5 output are obtained.

The null hypothesis of the homogeneity of variances is
not rejected (BDT=11.46, p-value =0.66) since the p-value
is not smaller than 0.05. In other words, according to the
results of Bhandary-Dai’s test, it can be said that the vari-
ances of the groups are homogenous at 5% significance
level.

Generalized p-value Approach (GPA): genp(...)
The genp function in the homnormal package is used to
perform the Generalized p-value approach.

GPA =
m =

genp(xl, x2, alfa =
5000, table = TRUE)

0.05,

When this code is run in R Programme, the following
Table 6 output are obtained.

The null hypothesis of the homogeneity of variances is
not rejected (GPA=2.10, p-value =0.50) since the p-value
is not smaller than 0.05. In other words, according to the

Group no Sample size Sample mean Sample var Test stat P

1 4 166.00 9147.33

2 4 59.50 4460.33

3 3 45.67 714.33 2.16 0.13
4 10 155.50 9105.61

Table 4. Bartlett’s Test Result for Homogeneity of Variances

Group no Sample size Sample mean Sample var Test stat P

1 4 166.00 9147.33

2 4 59.50 4460.33

3 3 45.67 714.33 3.06 0.38
4 10 155.50 9105.61
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Table 5. Bhandary-Dai’s test result for homogeneity of variances

Group no Sample size Sample mean Sample var Test stat P

1 4 166.00 9147.33

2 4 59.50 4460.33

3 3 45.67 714.33 11.46 0.66
4 10 155.50 9105.61

results of generalized p-value approach, it can be said that
the variances of the groups are homogenous at 5% signifi-
cance level.

Computational approach test (CAT): Cat_GG(...)
The Cat_GG function in the homnormal package is
used to perform the computational approach test.

CAT =
m =

Cat_GG(x1l, x2,
2000, table =

alfa =
TRUE)

0.05,

When this code is run in R Programme, the following

is not smaller than 0.05. In other words, according to the
results of likelihood ratio test based on CAT, it can be said
that the variances of the groups are homogenous at 5% sig-

nificance level.

Likelihood Ratio Test Based on CAT (LR-CAT): Cat_
LR(...)

The Cat_LR function in the homnormal package is used
to perform the likelihood ratio test based on CAT.

Table 7 output are obtained. LR_CAT = Cat LR(xl, x2, alfa = 0.05,
The null hypothesis of the homogeneity of variances is m = 5000, table = TRUE)

not rejected (CAT=16.35, p-value =0.24) since the p-value

Table 6. Generalized p-value aproach result for homogeneity of variances

Group no Sample size Sample mean Sample var Test stat P

1 4 166.00 9147.33

2 4 59.50 4460.33

3 3 45.67 714.33 2.10 0.50

4 10 155.50 9105.61

Table 7. Compuational aproach test result for homogeneity of variances

Group no Sample size Sample mean Sample var Test stat P

1 4 166.00 9147.33

2 4 59.50 4460.33

3 3 45.67 714.33 16.35 0.23

4 10 155.50 9105.61

Table 8. Likelihood ratio test result for homogeneity of variances

Group no Sample size Sample mean Sample var Test stat P

1 4 166.00 9147.33

2 4 59.50 4460.33

3 3 45.67 714.33 5.85 0.27

4 10 155.50 9105.61
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Table 9. Standardized likelihood ratio test result for homogeneity of variances

Group no Sample size Sample mean Sample var Test stat P

1 4 166.00 9147.33

2 4 59.50 4460.33

3 3 45.67 714.33 3.73 0.29
4 10 155.50 9105.61

The null hypothesis of the homogeneity of variances
is not rejected (LR_CAT=5.85, p-value =0.28) since the
p-value is not smaller than 0.05 (Table 8).

Standardized Likelihood Ratio Test (SLRT): slrt(...)
The slrt function in the homnormal package is used to
perform the standardized likelihood ratio test.

SLRT = slrt(xl, x2, alfa =

table = TRUE)

0.05,

The null hypothesis of the homogeneity of variances is
not rejected (SLRT=3.73, p-value=0.29) since the p-value is
not smaller than 0.05.

The p-values of all tests indicate that the tests do not
reject the null hypothesis of the homogeneity of variances
at a nominal level 0.05. That is, each of the tests suggests
that variation in survival times of patients is not significant
among 4 hospitals. This study includes an example from
survival analysis, where the sample sizes in each group are
4, 4, 4, and 10. These are quite small, and if there is gen-
uine heterogeneity among the groups, it is crucial to use
a test that performs well in detecting such differences.
According to our simulation study, the LRCAT and SLCAT
tests demonstrated excellent performance for small sample
sizes. Therefore, it is particularly important to consider the
results of these tests in this context (Table 9).

SIMULATION STUDY

In this section, we investigate the performance of the
BT, LT, BFT, BDT, GPA, SLRT, CAT, and LRCAT tests by
estimating the type I error rates and powers. To determine
the type I error rates and powers of the tests, 5000 repli-
cations were performed. Additionally, the p-values of the
CAT and LRTCAT methods were estimated using Monte
Carlo simulations with m=5000. Sample size combinations
include cases where the sample sizes are equal and cases
where they are unequal. Random samples were generated
from a normal distribution with parameters y; and o
across different groups and sample sizes. Without loss of
generality, p; i = 1,..., k was set to 0.

For the nominal level of 0.05, the estimated type I error
rates of all tests are provided in Table 10.

It is seen from Table 10, that while the LT tends to be
liberal, the BFT test tends to be conservative in cases of

equal and unequal small sample sizes. The estimated type I
error rates of other tests are very close to the nominal level
of 0.05 for all considered cases regardless of sample sizes
and group numbers. For the specified nominal level of 0.05,
the estimated powers of all tests were presented in Table 11-
Table 18.

In addition, for certain cases in the tables, the power val-
ues of the tests are also presented in the following graphs.
Accordingly, the first graph corresponds to k=3 with ¢ =
(1,3,9), the second graph to k=5 with ¢* = (1,1,3,9,9), the
third graph to k=7 with ¢* = (1,1,3,3,3,9,9), and the final
graph to k=9 with ¢* = (1,1,1,3,3,3,9,9,9).

Since we take the combinations of sample sizes as equal
and unequal sample sizes, tables are obtained for each
group according to both equal and unequal sample sizes.
This has been considered when interpreting the simulation
results. While interpreting the test powers, the LT test was
excluded because its estimated sizes exceeded 6%, as shown
in Table 10.

As seen from Table 11 for k=3 and equal sample sizes,
in cases of small sample sizes, the performances of the BDT,
SLRT, and LRCAT tests are higher than the others. When
the sample sizes increase, these tests have still the highest
power, but the BT test approaches the powers of them. As
seen from Table 12 for k =3 and unequal sample sizes, the
differences between the performances of the tests become
more distinctive. In cases of small sample sizes, the pow-
ers of the SLRT and LRCAT tests are remarkably higher
than those of the others. When the sample sizes increase,
the CAT test gives better results as well as these tests. It is
expected that in equal and unequal sample sizes, as the dif-
ference between variance parameters increases, the power
values of all the tests increase and close to each other. As
seen from Table 13 for k=5 and equal sample sizes, the pow-
ers of the SLRT and LRCAT tests are higher than others in
cases of small sample sizes. As sample sizes increase, the
BT test as well as these tests have higher power values than
others. As seen from Table 14 for k=5 and unequal sample
sizes, the powers of the SLRT and LRCAT tests are remark-
ably higher than those of the others. As seen from Table
15- Table 18, the same pattern is valid for other k.

Chang et al. [15] compared LRTCAT with tests
other than SLRT in their study. According to their sim-
ulation results, LRTCAT outperformed the other tests.
Similarly, Jafari and Shaabani [30] stated in their study
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Table 10. The estimated sizes of all the tests

k n BT LT BFT BDT GPA SLRT CAT LRCAT
3,3,3 0.048 0.071 0.000 0.046 0.047 0.048 0.049 0.048
5,5,5 0.045 0.085 0.003 0.051 0.053 0.052 0.052 0.055
7,7,7 0.051 0.075 0.016 0.052 0.058 0.055 0.053 0.054
10,10,10 0.048 0.075 0.041 0.048 0.056 0.053 0.059 0.050
15,15,15 0.049 0.055 0.026 0.040 0.042 0.044 0.042 0.042
20,20,20 0.052 0.064 0.037 0.052 0.052 0.057 0.051 0.056

3 30,30,30 0.049 0.055 0.039 0.050 0.053 0.054 0.055 0.054
3,5,7 0.043 0.069 0.002 0.043 0.046 0.049 0.051 0.049
5,7,10 0.052 0.067 0.017 0.048 0.052 0.053 0.053 0.055
10,15,20 0.045 0.060 0.034 0.048 0.051 0.053 0.050 0.053
10,20,30 0.054 0.054 0.036 0.051 0.054 0.052 0.051 0.052
20,30,40 0.049 0.050 0.037 0.043 0.051 0.050 0.049 0.050
3,3,3,3,3 0.048 0.124 0.000 0.044 0.048 0.050 0.046 0.052
5,5,5,5,5 0.049 0.105 0.001 0.048 0.049 0.048 0.052 0.050
7,7,7,7,7 0.048 0.080 0.010 0.052 0.047 0.046 0.047 0.045
10,10,10,10,10 0.052 0.066 0.025 0.048 0.048 0.048 0.047 0.048
15,15,15,15,15 0.048 0.071 0.032 0.050 0.053 0.051 0.053 0.052
20,20,20,20,20 0.050 0.054 0.030 0.054 0.052 0.050 0.053 0.051

: 30,30,30,30,30 0.056 0.058 0.040 0.045 0.049 0.049 0.052 0.048
3,3,5,7,7 0.042 0.104 0.003 0.047 0.050 0.052 0.055 0.054
5,5,7,10,10 0.048 0.084 0.018 0.057 0.056 0.053 0.052 0.054
10,10,15,20,20 0.049 0.062 0.033 0.048 0.049 0.047 0.048 0.047
10,10,20,30,30 0.051 0.061 0.040 0.055 0.060 0.056 0.061 0.058
20,20,30,40,40 0.052 0.052 0.033 0.050 0.049 0.048 0.048 0.049
3,3,3,3,3,3,3 0.047 0.162 0.000 0.046 0.045 0.045 0.047 0.047
5,5,5,5,5,5,5 0.049 0.097 0.002 0.051 0.048 0.045 0.046 0.046
7,7,7,7,7,7,7 0.052 0.089 0.009 0.058 0.053 0.057 0.052 0.058
10,10,10,10,10,10,10 0.050 0.066 0.021 0.046 0.042 0.044 0.041 0.044
15,15,15,15,15,15,15 0.043 0.071 0.026 0.054 0.050 0.046 0.054 0.044
20,20,20,20,20,20,20 0.046 0.062 0.030 0.049 0.052 0.053 0.057 0.054

’ 30,30,30,30,30,30,30 0.057 0.055 0.036 0.050 0.054 0.052 0.054 0.054
3,3,5,5,5,7,7 0.046 0.108 0.002 0.046 0.050 0.050 0.056 0.051
5,5,7,7,7,10,10 0.047 0.092 0.013 0.051 0.049 0.053 0.055 0.055
10,10,15,15,15,20,20 0.054 0.069 0.031 0.046 0.041 0.044 0.044 0.046
10,10,20,20,20,30,30 0.050 0.063 0.040 0.048 0.053 0.051 0.052 0.050
20,20,30,30,30,40,40 0.051 0.058 0.039 0.051 0.049 0.052 0.051 0.052
3,3,3,3,3,3,3,3 0.044 0.207 0.000 0.046 0.052 0.049 0.052 0.050
5,5,5,5,5,5,5,5,5 0.051 0.120 0.001 0.047 0.043 0.043 0.042 0.042
7,7,7,7,7,7,7,7,7 0.051 0.081 0.008 0.049 0.050 0.048 0.050 0.047
10,10,10,10,10,10,10,10,10 0.051 0.075 0.026 0.053 0.052 0.048 0.051 0.050
15,15,15,15,15,15,15,15,15 0.054 0.067 0.024 0.050 0.053 0.050 0.053 0.052

? 20,20,20,20,20,20,20,20,20 0.053 0.070 0.040 0.051 0.050 0.056 0.052 0.056
30,30,30,30,30,30,30,30,30 0.050 0.059 0.036 0.050 0.048 0.052 0.049 0.052
3,3,3,5,5,5,7,7,7 0.045 0.128 0.001 0.055 0.052 0.048 0.053 0.049
5,5,5,7,7,7,10,10,10 0.050 0.091 0.010 0.054 0.050 0.049 0.050 0.050
10,10,10,15,15,15,20,20,20 0.051 0.074 0.025 0.054 0.056 0.052 0.054 0.051
10,10,10,20,20,20,30,30,30 0.049 0.062 0.029 0.046 0.049 0.046 0.046 0.047
20,20,20,30,30,30,40,40,40 0.051 0.059 0.035 0.051 0.055 0.051 0.054 0.049
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Table 11. Powers of all tests for k=3 with equal sample sizes

a’ n BT LT BFT BDT GPA SLRT CAT LRCAT
(1,2,4) 0.086 0.122 0.000 0.079 0.071 0.081 0.076 0.081
(1,3,9) (3,3,3) 0.150 0.194 0.000 0.169 0.129 0.165 0.140 0.162
(1,4,16) 0.226 0.239 0.000 0.237 0.189 0.232 0.204 0.228
(1,2,4) 0.159 0.193 0.021 0.160 0.150 0.160 0.154 0.162
(1,3,9) (5,5,5) 0.375 0.333 0.062 0.370 0.328 0.371 0.342 0.369
(1,4,16) 0.571 0.443 0.104 0.547 0.538 0.573 0.546 0.573
(1,2,4) 0.247 0.239 0.089 0.252 0.243 0.255 0.245 0.257
(1,3,9) (7,7,7) 0.585 0.484 0.216 0.570 0.557 0.586 0.563 0.585
(1,4,16) 0.798 0.639 0.340 0.764 0.785 0.795 0.787 0.794
(1,2,4) 0.397 0.350 0.234 0.390 0.385 0.401 0.383 0.398
(1,3,9) (10,10,10) 0.797 0.685 0.512 0.781 0.786 0.797 0.790 0.796
(1,4,16) 0.943 0.848 0.732 0.935 0.947 0.945 0.945 0.942
(1,2,4) 0.591 0.515 0.401 0.577 0.586 0.593 0.593 0.592
(1,3,9) (15,15,15) 0.951 0.883 0.810 0.950 0.958 0.956 0.958 0.958
(1,4,16) 0.995 0.972 0.950 0.996 0.997 0.997 0.997 0.996
(1,2,4) 0.752 0.675 0.606 0.744 0.751 0.754 0.751 0.758
(1,3,9) (20,20,20) 0.991 0.962 0.940 0.988 0.990 0.989 0.991 0.989
(1,4,16) 1.000 0.999 0.996 1.000 1.000 1.000 1.000 1.000
(1,2,4) 0.913 0.847 0.813 0.901 0.910 0.916 0911 0.912
(1,3,9) (30,30,30) 1.000 0.999 0.998 1.000 1.000 1.000 1.000 1.000
(1,4,16) 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Table 12. Powers of all tests for k=3 with unequal sample sizes

P n BT LT BFT BDT GPA SLRT CAT LRCAT
(1,2,4) 0.130 0.127 0.021 0.107 0.104 0.153 0.150 0.155
(1,3,9) (3,5,7) 0.274 0.235 0.047 0.226 0.217 0.331 0.305 0.334
(1,4,16) 0.410 0.293 0.076 0.352 0.341 0.500 0.466 0.502
(1,2,4) 0.243 0.202 0.110 0.195 0.195 0.272 0.262 0.271
(1,3,9) (5,7,10) 0.539 0.404 0.248 0.475 0.469 0.579 0.572 0.576
(1,4,16) 0.766 0.561 0.391 0.699 0.707 0.807 0.796 0.810
(1,2,4) 0.550 0.444 0.358 0.489 0.507 0.572 0.572 0.571
(1,3,9) (10,15,20) 0.927 0.827 0.764 0.900 0.914 0.939 0.942 0.937
(1,4,16) 0.992 0.954 0.929 0.988 0.993 0.995 0.996 0.995
(1,2,4) 0.626 0.519 0.466 0.562 0.578 0.667 0.660 0.665
(1,3,9) (10,20,30) 0.972 0.904 0.883 0.944 0.956 0.977 0.978 0.977
(1,4,16) 0.998 0.983 0.975 0.997 0.997 0.998 0.998 0.998
(1,2,4) 0.885 0.811 0.782 0.862 0.873 0.899 0.899 0.901
(20,30,40)
(1,3,9) 0.999 0.997 0.996 0.998 0.999 0.999 0.999 0.999

(1,4,16) 1.000 0.999 0.999 1.000 1.000 1.000 1.000 1.000
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Table 13. Powers of all tests for k=5 with equal sample sizes

a’ n BT LT BFT BDT GPA SLRT CAT LRCAT
(1,1,2,4,4) 0.104 0.231 0.000 0.116 0.086 0.118 0.095 0.117
(1,1,3,9,9) (3,3,3,3,3) 0.239 0.363 0.000 0.217 0.146 0.246 0.168 0.246
(1,1,4,16,16) 0.392 0.487 0.000 0.305 0.232 0.401 0.284 0.400
(1,1,2,4,4) 0.244 0.264 0.025 0.195 0.174 0.234 0.188 0.236
(1,1,3,9,9) (5,5,5,5,5) 0.609 0.514 0.096 0.461 0.498 0.606 0.526 0.602
(1,1,4,16,16) 0.819 0.655 0.171 0.646 0.741 0.814 0.764 0.812
(1,1,2,4,4) 0.395 0.392 0.112 0.319 0.340 0.411 0.352 0.409
(1,1,3,9,9) (7,7,7,7,7) 0.831 0.706 0.348 0.667 0.782 0.822 0.791 0.824
(1,1,4,16,16) 0.964 0.867 0.567 0.891 0.959 0.971 0.961 0.971
(1,1,2,4,4) 0.593 0.517 0.351 0.486 0.558 0.604 0.568 0.603
(1,1,3,9,9) (10,10,10,10,10) 0.960 0.888 0.761 0.889 0.953 0.964 0.955 0.963
(1,1,4,16,16) 0.997 0.975 0.924 0.990 0.998 0.999 0.998 0.999
(1,1,2,4,4) 0.830 0.734 0.595 0.687 0.797 0.822 0.799 0.819
(1,1,3,9,9) (15,15,15,15,15) 0.997 0.985 0.957 0.987 0.997 0.998 0.998 0.998
(1,1,4,16,16) 1.000 0.999 0.997 1.000 1.000 1.000 1.000 1.000
(1,1,2,4,4) 0.940 0.878 0.821 0.855 0.929 0.939 0.932 0.937
(1,1,3,9,9) (20,20,20,20,20) 1.000 0.998 0.996 1.000 1.000 1.000 1.000 1.000
(1,1,4,16,16) 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
(1,1,2,4,4) 0.995 0.984 0.974 0.974 0.994 0.994 0.994 0.994
(1,1,3,9,9) (30,30,30,30,30) 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
(1,1,4,16,16) 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Table 14. Powers of all tests for k=5 with unequal sample sizes

o n BT LT BFT BDT GPA SLRT CAT LRCAT
(1,1,2,4,4) 0.168 0.161 0.022 0.112 0.110 0.215 0.179 0.218
(1,1,3,9,9) (3,3,5,7,7) 0.391 0.300 0.051 0.220 0.254 0.484 0.398 0.488
(1,1,4,16,16) 0.613 0.419 0.099 0.314 0.427 0.706 0.611 0.709
(1,1,2,4,4) 0.343 0.274 0.136 0.208 0.258 0.392 0.360 0.394
(1,1,3,9,9) (5,5,7,10,10) 0.759 0.580 0.381 0.485 0.659 0.815 0.782 0.816
(1,1,4,16,16) 0.941 0.760 0.551 0.725 0.907 0.972 0.959 0.971
(1,1,2,4,4) 0.762 0.615 0.512 0.533 0.691 0.783 0.780 0.784
(1,1,3,9,9) (10,10,15,20,20) 0.995 0.967 0.939 0.953 0.991 0.995 0.995 0.995
(1,1,4,16,16) 1.000 0.997 0.992 0.998 1.000 1.000 1.000 1.000
(1,1,2,4,4) 0.822 0.708 0.645 0.582 0.761 0.861 0.857 0.862
(1,1,3,9,9) (10,10,20,30,30) 0.999 0.988 0.979 0.971 0.999 1.000 1.000 1.000
(1,1,4,16,16) 1.000 0.999 0.999 0.999 1.000 1.000 1.000 1.000
(1,1,2,4,4) 0.987 0.961 0.954 0.931 0.985 0.990 0.990 0.991
(1,1,3,9,9) (20,20,30,40,40) 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

(1,1,4,16,16) 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
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Table 15. Powers of all tests for k=7 with equal sample sizes

a’ n BT LT BFT BDT GPA SLRT CAT LRCAT
a, 0.105 0.276 0.000 0.100 0.063 0.096 0.067 0.094
a, (3,3,3,3,3,3,3) 0.216 0.446 0.000 0.204 0.132 0.231 0.149 0.233
as 0.338 0.572 0.001 0.290 0.188 0.348 0.232 0.351
a, 0.213 0.274 0.020 0.186 0.156 0.214 0.167 0.212
a, (5,5,5,5,5,5,5) 0.520 0.518 0.087 0.400 0.399 0.530 0.432 0.530
as 0.768 0.682 0.169 0.602 0.672 0.769 0.698 0.773
a, 0.330 0.347 0.093 0.265 0.264 0.332 0.273 0.334
a, (7,7,7,7,7,7,7) 0.768 0.679 0.313 0.609 0.702 0.761 0.710 0.762
as 0.938 0.859 0.535 0.846 0.919 0.949 0.925 0.948
a, 0.525 0.478 0.296 0.412 0.471 0.529 0.476 0.527
a, (10,10,10,10,10,10,10)  0.937 0.865 0.724 0.839 0.928 0.939 0.934 0.938
as 0.995 0.973 0.914 0.976 0.995 0.996 0.994 0.996
a, 0.764 0.675 0.523 0.618 0.723 0.761 0.729 0.755
a, (15,15,15,15,15,15,15)  0.997 0.975 0.943 0.973 0.993 0.995 0.994 0.995
as 1.000 0.999 0.997 1.000 1.000 1.000 1.000 1.000
a, 0.903 0.844 0.768 0.795 0.895 0.910 0.897 0.909
a, (20,20,20,20,20,20,20)  1.000 0.997 0.994 0.999 1.000 1.000 1.000 1.000
as 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
a, 0.990 0.961 0.942 0.948 0.984 0.986 0.983 0.987
a, (30,30,30,30,30,30,30)  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
as 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

a; =(1,1,2,2,2,4,4); a, = (1,1,3,3,3,9,9); a5 = (1,1,4,4,4,16,16)

Table 16. Powers of all tests for k=7 with unequal sample sizes

a’ n BT LT BFT BDT GPA SLRT CAT LRCAT
a, 0.161 0.193 0.016 0.112 0.091 0.208 0.160 0.212
a, (3,3,5,5,5,7,7) 0.413 0.366 0.074 0.262 0.239 0.492 0.381 0.499
as 0.635 0.506 0.136 0.398 0.412 0.737 0.594 0.737
a, 0.317 0.294 0.129 0.219 0.231 0.377 0.314 0.378
a, (5,5,7,7,7,10,10) 0.735 0.597 0.363 0.474 0.585 0.776 0.716 0.778
a, 0.928 0.795 0.581 0.715 0.862 0.950 0.925 0.952
a, 0.716 0.630 0.492 0.515 0.631 0.741 0.716 0.745
a, (10,10,15,15,15,20,20) 0.992 0.964 0.926 0.947 0.990 0.996 0.996 0.996
as 1.000 0.998 0.995 0.998 1.000 1.000 1.000 1.000
a, 0.814 0.730 0.651 0.601 0.747 0.848 0.828 0.848
a, (10,10,20,20,20,30,30) 0.999 0.992 0.986 0.976 0.996 0.999 0.998 0.999
as 1.000 0.999 0.999 1.000 1.000 1.000 1.000 1.000
a, 0.980 0.948 0.927 0.907 0.973 0.984 0.983 0.983
a, (20,20,30,30,30,40,40) 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
as 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

a, = (1,1,2,2,2,4,4); a, = (1,1,3,3,3,9,9); a5 = (1,1,4,4,4,16,16)
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Table 17. Powers of all tests for k=9 with equal sample sizes

a’ n BT LT BFT BDT GPA SLRT CAT LRCAT
a, 0.115 0.396 0.000 0.126 0.071 0.126 0.081 0.130
as (3,3,3,3,3, 3,3,3,3) 0.300 0.622 0.000 0.244 0.151 0.323 0.187 0.322
ag 0.477 0.751 0.000 0.324 0.249 0.500 0.325 0.502
a, 0.282 0.380 0.029 0.235 0.204 0.307 0.222 0.304
as (5,5,5,5,5, 5,5,5,5) 0.697 0.653 0.097 0.469 0.528 0.685 0.560 0.686
ag 0.907 0.824 0.227 0.669 0.805 0.910 0.831 0.909
a, 0.447 0.462 0.108 0.325 0.361 0.471 0.376 0.467
as (7,7,7,7,7,7,7,7,7) 0.904 0.824 0.418 0.695 0.847 0.903 0.856 0.902
ag 0.991 0.951 0.675 0.901 0.984 0.991 0.985 0.992
a, 0.687 0.625 0.404 0.482 0.624 0.692 0.633 0.692
as (10,10,10,10,10,10,10,10,10) 0.987 0.964 0.865 0.913 0.983 0.988 0.985 0.987
ag 0.999 0.998 0.979 0.993 1.000 1.000 1.000 1.000
a, 0.900 0.815 0.673 0.718 0.876 0.894 0.877 0.895
as (15,15,15,15,15,15,15,15,15)  1.000 0.998 0.993 0.994 1.000 1.000 1.000 1.000
ag 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
a, 0.971 0.942 0.895 0.868 0.973 0.977 0.972 0.977
as (20,20,20,20,20,20,20,20,20) 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
ag 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
a, 0.999 0.997 0.995 0.984 1.000 1.000 0.999 0.999
as (30,30,30,30,30,30,30,30,30) 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
ag 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

a,=(1,1,1,2,2,2,4,4,4); as = (1,1,1,3,3,3,9,9,9); a5 = (1,1,1,4,4,4,16,16,16)

Table 18. Powers of all tests for k=9 with unequal sample sizes

a’ n BT LT BFT BDT GPA SLRT CAT LRCAT
a, 0.212 0.240 0.018 0.112 0.109 0.247 0.188 0.253
as (3,3,3,5,5,5,7,7,7) 0.534 0.471 0.082 0.264 0.304 0.648 0.492 0.652
ag 0.772 0.621 0.161 0.372 0.517 0.858 0.729 0.860
a, 0.411 0.393 0.172 0.224 0.287 0.487 0.410 0.485
as (5,5,5,7,7,7,10,10,10) 0.886 0.743 0.488 0.504 0.732 0.904 0.852 0.905
ag 0.983 0.908 0.740 0.753 0.959 0.993 0.987 0.993
a, 0.859 0.773 0.647 0.568 0.798 0.885 0.868 0.886
as (10,10,10,10,15,15,15,20,20,20) 1.000 0.994 0.982 0.971 0.999 1.000 0.999 1.000
ag 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
a, 0.922 0.867 0.804 0.634 0.878 0.948 0.938 0.949
as (10,10,10,20,20,20,30,30,30) 1.000 0.999 0.998 0.988 1.000 1.000 1.000 1.000
ag 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
a, 0.998 0.991 0.987 0.955 0.996 0.999 0.998 0.999
as (20,20,20,30,30,30,40,40,40) 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
ag 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

a,=(1,1,1,2,2,2,4,4,4); a5 = (1,1,1,3,3,3,9,9,9); a, = (1,1,1,4,4,4,16,16,16)
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Figure 2. Power values of the tests for k=3,5,7,9 with equal sample sizes.

that SLRT is a good alternative for testing the homoge-
neity of variances compared to the tests they examined,
excluding LRTCAT. Our literature review indicates that
no study has compared SLRT and LRTCAT simultane-
ously. However, previous research shows that LRTCAT
performed better than the methods it was compared
against, and similarly, SLRT outperformed the methods
it was tested against. In our simulation study, both SLRT
and LRTCAT were considered alongside other tests. The
results demonstrate that both tests performed better
than the alternatives, confirming that our findings align
with those of previous studies.

The widely used BT test, despite its popularity, exhib-
ited notable limitations under conditions of small and
unequal sample sizes, confirming its sensitivity to such
scenarios as highlighted in [13,15,18]. This simulation
study highlights the importance of alternative approaches
such as SLRT and LRCAT in this context. These tests
have been observed to give much better results than other

tests, especially at small sample sizes. Since data collec-
tion is challenging due to various constraints, especially
in real-life applications, the practical implications of these
findings are getting more significant. For instance, in sur-
vival analysis, sample sizes are often limited by the avail-
ability of specimens, patient recruitment difficulties, or
high costs associated with longitudinal studies. Similarly,
in environmental studies, obtaining measurements from
remote or hazardous locations can restrict sample sizes.
In clinical trials, ethical considerations and the scarcity of
rare disease patients often result in small sample sizes. In
genetics, experiments on rare genotypes or high-through-
put sequencing can also face limitations due to the cost
and complexity of data collection. These scenarios under-
score the importance of using tests like the SLRT and
LRCAT, which perform robustly even under small and
unequal sample sizes, as supported by our findings and
consistent with prior research.
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CONCLUSION

In this study, we introduced the homnormal package,
which provides a comprehensive set of tests for assessing the
homogeneity of variances under normality assumptions.
Unlike existing R packages, homnormal offers a broader
selection of homogeneity of variances tests, addressing an
essential gap in statistical software.

Through an extensive simulation study, we evaluated
these tests based on their Type I error rates and statistical
power across different scenarios involving varying group
numbers and sample sizes. Results indicate that the stan-
dardized likelihood ratio test (SLRT) and likelihood ratio
test based on computational approach (LRCAT) outper-
form other tests, particularly in cases of unequal sample
sizes. These findings are consistent with previous research
and suggest that SLRT and LRCAT are good alternative
tests for testing the homogeneity of variances. Despite its
widespread use, Bartletts test (BT) has shown significant
limitations, especially under small and unequal sample
sizes, confirming its sensitivity in such conditions. This
highlights the need for tests that also perform well under
these conditions. The SLRT and LRCAT tests also show to
be good alternative methods under these conditions. Given
the difficulties in data collection, especially in clinical tri-
als, environmental studies, genetic and survival analysis, it
is important to use tests that perform well in small sample
sizes.

While this study focuses on the homogeneity of vari-
ances within a one-way ANOVA framework, the concept
has broader applications. For this reason, this package is a
limited study addressing the topic of homogeneity of vari-
ances. Future work could extend the homnormal package
to address the homogeneity of variances in other statisti-
cal models, such as classical linear regression, where tests
for homogeneity of variances (e.g., White, Breusch-Pagan,
Goldfeld-Quandt) are widely used. Expanding the package
to incorporate such tests would enhance its applicability
across various fields.
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