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Abstract: In order to assess and compare the
finite-sample performance of five widely used
tests for identifying heteroscedasticity in linear
regression models—the Park, Breusch—Pagan,
Goldfeld—Quandt, Glejser, and White tests—
this study uses a Monte Carlo simulation
framework.  Both  homoscedastic ~ and
heteroscedastic error structures are used to
evaluate the tests' statistical power and
empirical Type [ error rates. Each
experimental situation is duplicated 1,000
times at significance levels of 5% and 1%, and
simulations are run for sample sizes ranging
from 20 to 100 observations. Significant
variations in the competing processes'
performance are revealed by the simulation
findings. In the majority of heteroscedasticity
cases, the Glejser test typically exhibits the best
statistical — power,  demonstrating  strong
sensitivity to deviations from constant error
variance. Nevertheless, in homoscedastic
conditions, this increased sensitivity is
accompanied by rather high Type I error rates.
On the other hand, as sample size and
heteroscedasticity severity rise, the Breusch—
Pagan and White tests show greater detection
power and better control over the nominal
Type I error rate. When the degree of
heteroscedasticity is quite low, the Goldfeld—
Quandt test typically records the lowest
performance. Overall, the results indicate that
no test predominates under all experimental
circumstances. The Breusch-Pagan and White
tests offer a better balance between Type [
error control and statistical power than the
Glejser test, which is extremely susceptible to
heteroscedasticity. Therefore, the study offers
helpful empirical data to help researchers
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choose the best heteroscedasticity diagnostic
techniques for linear regression analysis.
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1.0 Introduction

One of the most used statistical methods for
examining correlations between variables in
the social sciences, engineering, economics,
finance, and medicine is still linear regression.
However, the degree to which the assumptions
of the classical linear regression model
(CLRM) are met determines the validity of
statistical inference from a linear regression
model. Among  these  presumptions,
homoscedasticity—the requirement that the
error terms have constant variance—is
especially crucial since it ensures the validity
of standard hypothesis tests and the
effectiveness of the Ordinary Least Squares
(OLS) estimator (Gujarati & Porter, 2009;
Wooldridge, 2020).

The regression model is said to display
heteroscedasticity when the assumption of
constant variance is broken, suggesting that the
variance of the error factors fluctuates
systematically across observations.
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Heteroscedasticity influences the estimators'
efficiency and results in biased estimates of
their standard errors, but it does not impact the
OLS regression coefficients. Confidence
intervals, t-tests, F-tests, and other inferential
techniques may therefore become unreliable,
causing researchers to draw erroneous
conclusions about the importance of
explanatory factors (Greene, 2020). Finding
heteroscedasticity prior to doing statistical
inference has become a crucial step in model
validation as regression analysis is the
foundation of empirical research in many
fields. Over the past few decades, many
diagnostic techniques have been developed to
detect heteroscedasticity. The Breusch—Pagan
test (Breusch & Pagan, 1979), the White test
(White, 1980), the Goldfeld—Quandt test
(Goldfeld & Quandt, 1965), the Park test (Park,
1966), and the Glejser test (Glejser, 1969) are
some of the most popular. The theoretical
presumptions, computational methods, and
sensitivity to various types of
heteroscedasticity vary among these tests.

For instance, the White test offers a more broad
diagnostic that does not require definition of
the functional form of heteroscedasticity,
whereas the Park and Goldfeld—Quandt tests
require previous assumptions regarding the
relationship between the error variance and
explanatory variables. In a similar vein,
although the Breusch-Pagan test 1is
computationally efficient, it is predicated on
more robust assumptions about the underlying
error structure. As a result, no single technique
is always better in every experimental scenario.
Thus, the statistical and economic literature has
focused a great deal of attention on the relative
performance of heteroscedasticity detection
tests. The distribution of the disturbance term,
the degree and functional form of
heteroscedasticity, and sample size all affect
how effective these tests are in finite samples
(Onifade & Olanrewaju, 2020; Akewugberu et
al., 2024). Certain  tests  identify
heteroscedasticity more well at the expense of
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elevated Type I error rates, whereas others
preserve the nominal significance level but
have very low statistical power. For applied
researchers looking for a suitable diagnostic
process for a specific regression problem, these
variations pose practical hurdles.

Because Monte Carlo simulation allows data to
be generated under controlled conditions where
the true data-generating process is understood,
it has become one of the most popular
approaches for assessing the finite-sample
performance of statistical algorithms (Gentle,
2003).

Researchers can estimate empirical Type I
error rates and statistical power by repeatedly
simulating datasets under predetermined
assumptions. This allows them to compare
competing statistical tests objectively. The
value of Monte Carlo techniques in evaluating
heteroscedasticity detection techniques under
different sample sizes and error variance
structures is still being shown by recent
research (Akewugberu et al., 2024; Farrar et al.,
2025).

Nevertheless, comparative evidence involving
the Park, Glejser, Breusch—Pagan, White, and
Goldfeld—Quandt tests within a common
simulation framework remains relatively
limited, particularly across different levels of
heteroscedasticity and finite sample sizes.

In order to close this gap, the Park, Glejser,
Breusch—Pagan, White, and Goldfeld—Quandt
tests—five popular heteroscedasticity
identification tests—are thoroughly compared
using Monte Carlo. Empirical Type I error rates
and statistical power under both homoscedastic
and heteroscedastic error structures across
various sample sizes are used to assess these
procedures' performance. Researchers in
statistics, econometrics, and related fields
might find the results useful in choosing
suitable diagnostic techniques for identifying
heteroscedasticity in regression analysis.

In addition, the study contributes to the
growing body of simulation-based evidence on
the finite-sample behaviour of classical
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heteroscedasticity tests and offers
recommendations for their application in
empirical research.

2.0  Literature Review

2.1 Heteroscedasticity

The classical linear regression model assumes
that the error terms have the same variance for
every observation, a condition referred to as
homoscedasticity (Gujarati & Porter, 2009;
Wooldridge, 2020). In mathematical form, this
assumption is written as Var(e) = o> A
departure from this condition occurs when the
error variance differs across observations,
giving rise to heteroscedasticity, expressed as
Var(ei) = o, where 6i* # o2 This problem is
particularly common in cross-sectional data,
where substantial differences may exist among
observations in terms of income, expenditure,
firm size, and other socioeconomic
characteristics (Yang et al.,, 2019). Other
possible sources include omitted variables,
model misspecification, outliers, measurement
errors, and the adoption of inappropriate
functional forms (Greene, 2020).
Heteroscedasticity does not cause bias in the
OLS coefficient estimates, but it reduces their
efficiency and results in biased standard error
estimates. Consequently, the reliability of
hypothesis tests and confidence intervals can
be affected (Gujarati & Porter, 2009).
Identifying the presence of heteroscedasticity
is therefore an essential part of regression
diagnostics.

2.2 Statistical Power and Hypothesis Testing
Statistical power refers to the probability that a
false null hypothesis will be correctly rejected.
It is given by 1 — B, where B represents the
probability of a Type II error (Cohen, 1988). In
the context of heteroscedasticity testing, power
reflects the capacity of a diagnostic procedure
to detect non-constant error variance when
such a condition is actually present.
Hypothesis testing is also subject to Type 1
error, which occurs when a true null hypothesis
is rejected. The probability associated with a
Type I error is denoted by the significance
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level, a, which is commonly set at 0.05
(Montgomery et al., 2021). A Type II error
occurs in the opposite situation, where a false
null hypothesis is not rejected. Hence, a useful
heteroscedasticity test should maintain its Type
I error rate near the specified nominal level
while achieving adequate statistical power.

2.3 Heteroscedasticity Detection Tests

A variety of statistical procedures are available
for identifying heteroscedasticity. The Park test
is based on a log-linear relationship between
the error variance and an explanatory variable
(Park, 1966). In the Glejser procedure, the
absolute values of the residuals are regressed
on the explanatory variables (Glejser, 1969).
The Breusch—Pagan test examines whether
systematic dependence exists between the error
variance and the explanatory variables
(Breusch & Pagan, 1979). The White test
extends this approach by allowing the variance
to be associated with the explanatory variables,
their squared terms, and interaction terms
(White, 1980). The Goldfeld—Quandt test, in
contrast, assesses differences in residual
variances between ordered subsets of the
observations (Goldfeld & Quandt, 1965).

The performance of these heteroscedasticity
detection procedures has also been examined in
recent studies through Monte Carlo simulation
(Onifade & Olanrewaju, 2020; Akewugberu et
al., 2024; Farrar et al., 2025).

2.4 Monte Carlo Simulation

Monte Carlo simulation provides a controlled
framework for assessing the finite-sample
behaviour of statistical procedures. Its
usefulness arises from the ability to generate
data from a known data-generating process
under predetermined conditions (Gentle,
2003). Through repeated simulations,
researchers can obtain empirical estimates of
Type I error rates and statistical power for
different sample sizes and levels of
heteroscedasticity.

Against this background, the present study
employs a comprehensive Monte Carlo
simulation to compare five commonly used
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procedures for detecting heteroscedasticity: the
Breusch-Pagan, White, Goldfeld—Quandt,
Park, and Glejser tests. The simulation
generates data under both homoscedastic and
heteroscedastic error structures, with sample
sizes and levels of heteroscedasticity varied
across the experimental conditions.
Performance is assessed using two principal
measures, namely empirical Type I error rates
and statistical power. This unified simulation
framework enables an objective comparison of
the strengths and limitations of each procedure
under identical experimental conditions

3.0 Simulation Procedure
Consider a regression model
variables:

Yi= B+ BXituy

Where o is positively related to X;
of = 02X}

Where o2 is a constant.

Assume o7 = o?X? reveals that o7 is
proportional to the square of the X variable.

If o? = 02X} is suitable, it suggests that o
increases with larger values of Xi. If this is the
case, it implies that heteroscedasticity is
probably present in the model.

with two
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Also, consider the datasets with sample sizes of
(n =20, 30, 40, 50, 60, 70, 80, 90,) and (100)
were  simulated under  homoscedastic
conditions and under low, mild, and high levels
of heteroscedasticity. For each scenario, the
Breusch—Pagan, White, Goldfeld—Quandt,
Park, and Glejser tests were applied to the
simulated regression residuals over 1,000
replications.

Under homoscedastic conditions, the empirical
Type I error rate was obtained from the
proportion of simulation runs that resulted in
rejection of the null hypothesis of constant
error variance. When heteroscedasticity was
introduced, empirical power was measured by
the proportion of simulations in which the null
hypothesis was correctly rejected. The
simulations were carried out at significance
levels of a =0.05 and o= 0.01.

The rejection frequencies were subsequently
converted to percentages to facilitate
comparison of the finite-sample performance
of the five tests. A higher empirical power
reflects a greater ability of a test to detect
heteroscedasticity, whereas Type I error rates
that remain close to the specified nominal
significance level indicate better control of
false rejections.

Fig, 1: Empirical Type I Error at a = 0.05

Table 1: Empirical Type I Error at an alpha

level of 0.05
Sample Breusch— | White Gold- Park | Glejser
size Pagan field
20.0 420 3.10 430 530 | 7.10
30.0 5.10 5.70 5.70 460 | 8.80
40.0 4.60 5.50 5.20 570 | 8.50
50.0 6.10 4.70 4.70 480 | 10.00
60.0 4.40 4.60 4.80 490 | 8.60
70.0 4.00 5.20 3.80 490 | 9.60
80.0 4.40 420 530 350 | 8.70
90.0 5.50 5.40 5.40 450 | 9.80
100.0 5.40 430 4.80 590 | 10.50
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Table 1 and Fig. .1 present the empirical Type
I error rates of the five heteroscedasticity tests
under homoscedasticity at the 5% significance
level. Each test was applied to the simulated
regression residuals over 1,000 replications for
each sample size. The Breusch—Pagan, White,
Goldfeld—Quandt, and Park tests generally
produce Type I error rates close to the nominal
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5% level, indicating satisfactory control of
false rejections. In contrast, the Glejser test
consistently records higher-than-nominal Type
I error rates, suggesting an increased tendency
to falsely detect heteroscedasticity when the
error variance is constant. Therefore, results
from the Glejser test should be interpreted with
caution.

Table 2: Empirical Type I Error at a Fig. 2: Empirical Type I Error at a = 0.01
=(0.01
Sample Breusch | White | Gold- | Park | Glejser w -
size —Pagan field = - S'ae”s(]er
20.0 0.50 090 | 070 | 070 | 150 £ 7 |-=~ GoldFeld £\
30.0 1.20 050 | 120 | 200 | 270 £ o oo Wmite o on VAR
40.0 0.60 0.60 | 120 | 1.00 | 180 T o / \
50.0 1.20 0.70 0.60 | 0.70 2.60 s I A R I e R N B
60.0 0.70 040 | 100 | 130 | 1.80 E TR et Sa R SaaB
70.0 0.80 0.50 1.60 | 090 [ 1.60 o
80.0 1.20 1.30 140 | 1.00 3.90 2'0 4'0 6'0 8'0 ) C')O
90.0 0.50 120 | 060 [ 1.00 | 1.80
100.0 0.80 0.80 0.60 0.40 1.50 Sample sizes

Table 2 and Fig. 2 show the empirical Type I
error rates obtained for the selected tests at the
1% significance level under homoscedastic
conditions. Here, the empirical Type I error rate
refers to the proportion of simulation runs in
which the true null hypothesis was rejected
incorrectly.

For a test to be considered well calibrated, its
rejection rate should remain reasonably close to
the nominal 1% significance level. The results

Goldfeld—Quandt, and Park tests generally
yield Type I error rates close to the specified
level, suggesting satisfactory control of false
rejections. The Glejser test, however,
consistently produces higher rejection rates
than the nominal level, pointing to an increased
false-positive rate. Its results should therefore
be interpreted with caution, particularly in
applications where strict control of Type I error
is required.

indicate that the Breusch—Pagan, White,
Table 3: Empirical Power at low Fig. 3: Empirical Power at low
heteroscedasticity level at a = 0.05 Heteroscedasticity level at a = 0.05
Sample | Breusch | White | Gold- | Park | Glejser g 1.
size —Pagan field = st "
200 [ 2240 [ 1420 |570 | 1950 [ 2890 | = & - RERNI T o
30.0 37.80 26.50 | 5.90 | 30.10 | 49.60 5 o i Tt e
E o s T
40.0 50.10 37.20 [ 5.80 [ 40.70 | 62.20 s AN _
50.0 61.90 5120 | 6.10 | 47.60 | 75.50 o o | /S ar —— Clesjer
g ¥ YLy —=— Park
60.0 71.90 63.10 [ 7.20 | 5820 | 85.40 o e -
E o g~ GoldFeld
70.0 78.30 73.20 [ 5.60 | 6590 | 91.70 = & White
80.0 85.00 82.00 | 670 | 71.70 | 95.70 Y _ |#—8-—n——8—B--e- Breuschpagan
90.0 89.90 88.20 | 6.60 | 80.00 | 96.90 T w T w T
100.0 | 93.60 93.10 [ 4.50 | 83.40 | 98.60 20 40 60 80 100

Sample sizes
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Table 3 and Fig. 3 report the empirical power
of the selected heteroscedasticity tests under
low heteroscedasticity. For each sample size,
the tests were applied to the model residuals
across 1,000 simulation replications.

With the exception of the Goldfeld—Quandt
test, the empirical power of the procedures
generally increases as the sample size becomes

Table 4: Empirical Power at low

heteroscedasticity level at a = 0.01
Sample | Breusch | White | Gold- | Park | Glejser
size —Pagan field
20.0 5.60 290 | 1.30 | 7.80 | 10.00
30.0 11.30 6.60 | 1.70 | 12.30 | 19.00
40.0 22.30 1320 | 1.40 | 17.50 | 31.90
50.0 33.10 20.80 | 1.70 | 26.20 | 46.80
60.0 44.70 29.90 | 0.90 [32.00 | 57.70
70.0 53.00 38.60 | 1.30 | 39.70 | 70.50
80.0 59.00 4690 | 1.70 [ 47.20 | 75.50
90.0 71.30 63.00 | 1.50 | 54.90 | 85.40
100.0 | 75.90 68.40 | 1.50 | 62.30 | 89.00

Table .4 and Fig. 4 report the empirical power
of the selected tests under low
heteroscedasticity at o = 0.01. For each sample
size, the analysis was based on 1,000
simulation replications.

The Goldfeld—Quandt test displays an irregular
pattern of empirical power and remains
relatively low across the sample sizes
considered. This suggests that the test has

Table 5: Empirical Power at mild
heteroscedasticity level at a = 0.05

Estimated Power (in %)

Sample | Breusch | White | Gold- | Park | Glejser
size —Pagan field
20.0 57.90 40.20 7.10 52.60 74.80
30.0 81.70 70.80 8.00 78.90 95.10
40.0 92.70 87.90 8.50 89.60 99.10
50.0 97.80 96.70 7.60 97.30 99.80
60.0 99.40 99.50 7.30 98.50 | 100.00
70.0 99.70 99.60 7.40 99.70 | 100.00
80.0 100.00 | 100.00 | 8.20 99.80 | 100.00
90.0 100.00 | 100.00 | 7.70 | 100.00 | 100.00
100.0 100.00 | 100.00 | 8.20 | 100.00 | 100.00
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larger. This suggests that the ability to detect
heteroscedasticity improves when more
observations are available. Among the tests
considered, the Glejser test produces the
highest empirical power, indicating the greatest
sensitivity to low levels of heteroscedasticity

under the conditions examined in the
simulation.
Fig. 4: Empirical Power at Ilow
Heteroscedasticity level at a = 0.01
(]
2 4
o .4.'——”6
w T a L.
/_.-l"_" "s—l""-
8 . e ™
- .
o | o5 _.@7|—— Glesjer
~ o7 =7 - —" Park
o | .,.i“;:-*’ -8 GoldFeld
Tt White
o B g §——5—g.{ T Breuschpagan
I [ I I I
20 40 60 80 100

Sample sizes

limited ability to identify mild departures from
homoscedasticity = under the  simulated
conditions. The other four procedures—
Breusch—Pagan, White, Park, and Glejser—
show a more consistent upward pattern in
power as the sample size increases. Their
performance therefore suggests greater
reliability and sensitivity in detecting low
levels of heteroscedasticity.

Fig. 5: Empirical Power at Mild
Heteroscedasticity level at a = 0.05
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Sample sizes
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The empirical power of the chosen tests under
mild heteroscedasticity is shown in Table 5 and
Fig/ 5. For every sample size, 1,000
replications of each test were run on simulated
model residuals. Every procedure achieves at
least 80% power at n = 40, with the exception
of the Goldfeld—Quandt test. Although the
Glejser test yields the maximum power, care
should be taken due to its propensity for
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exaggerated Type I error. The Breusch-Pagan
test seems to have the best performance for
identifying mild heteroscedasticity at n = 40
when power and error control are taken into
account. The tests often show comparable
power patterns for sample sizes larger than 40,
but the Goldfeld-Quandt test is still relatively
weaker.

Table 6: Empirical Power at mild | Fig. .6: Empirical Power at Mild
heteroscedasticity level at a = 0.01 Heteroscedasticity level at o = 0.01
Sample Breusch ‘White Gold- Park Glejser o
size —Pagan field o ‘__-l-—"'a;E!'-“—"—'.
20.0 23.60 1140 [ 200 ]2920 |39.50 ) I
30.0 51.30 3110 | 1.80 [ 5530 | 75.40 c 8 o
40.0 73.40 5790 [ 1.90 [ 7570 | 92.00 = .
50.0 87.90 77.60 | 1.90 | 86.10 | 9830 S ol [ 7
£ o T4
60.0 95.20 9170 [ 1.10 [ 93.70 | 99.50 8 /& .
70.0 98.00 96.70 1.90 96.80 | 99.80 s o | Jtn == Clesjer
80.0 99.40 99.00 | 170 [ 99.40 | 100.00 e ¥y ~8— Park
90.0 99.80 99.60 | 1.50 | 99.60 | 100.00 £ o |& -8 ColdFeld
100.0 99.80 100.00 | 240 | 99.80 | 100.00 =N White
w
o |B———f——E=— i,_-l- Breusch-pagan
\ | T T T
20 40 60 80 100
Sample sizes
The empirical power of the chosen n = 60, with the exception of the Goldfeld—
heteroscedasticity tests under moderate  Quandt test, suggesting a positive correlation

heteroscedasticity at a = 0.01 is displayed in
Table 6 and Fig. .6. Power was calculated as the
percentage of null hypothesis rejections, and
each sample size was simulated 1,000 times.
The methods attain sufficient power at roughly

between sample size and statistical power.
Under the simulated conditions, the Glejser test
exhibits  higher  sensitivity to  mild
heteroscedasticity, consistently recording the
highest power among the tests.

Table 7: Empirical Power at high heteroscedasticity level at a = 0.05

Sample size  Breusch —  White Gold-field Park Glejser
Pagan
20.0 93.60 80.80 9.70 90.60 99.30
30.0 99.70 97.50 9.30 98.50 100.00
40.0 100.00 99.60 9.40 99.60 100.00
50.0 100.00 99.90 12.10 99.90 100.00
60.0 100.00 100.00 9.90 100.00 100.00
70.0 100.00 100.00 10.60 100.00 100.00
80.0 100.00 100.00 12.60 100.00 100.00
90.0 100.00 100.00 11.20 100.00 100.00
100.00 100.00 13.70 100.00 100.00

100.0
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Fig. .7: Empirical Power at High Heteroscedasticity level at a = 0.05
The empirical power of the chosen 80%, suggesting a high likelthood of
heteroscedasticity tests at high identifying strong heteroscedasticity. Among

heteroscedasticity at a = 0.5 is shown in Table
4.7 and Fig/ 7. Power was determined as the
percentage of null hypothesis rejections, and

the tests, the Glejser test has the largest power,
the strongest detection performance under
simulated settings, and the highest sensitivity

each sample size was simulated 1,000 times. to significant departures from
All methods, with the exception of the homoscedasticity.
Goldfeld—Quandt test, attain power above
S - e ——mm—E— A —B————8—8
3 - - ‘;! am—
.DE @B -";‘?
= _
a [
= 8-
% o= _| —e— Glesjer
2 = —=— Park
£ o | —8— GoldFeld
E o White
o = - - L] | .o —8— Breusch-pagan
| | | | |
20 40 60 80 100
Sample sizes
Fig8. : Empirical Power at High Heteroscedasticity level at a = 0.01
Table 8: Empirical Power at high heteroscedasticity level at o = 0.01
Sample size  Breusch—Pagan White Goldfeld—Quandt Park Glejser
(n) (%) (%) (%) (%) (%)
20 66.90 43.00 4.20 77.30 92.50
30 91.20 78.70 3.90 93.80 99.60
40 99.10 96.20 4.00 98.00 100.00
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50 99.70 98.70 4.40 99.60 100.00
60 100.00 99.80 5.10 100.00 100.00
70 100.00 99.90 3.80 100.00 100.00
80 100.00 100.00 4.30 100.00 100.00
90 100.00 100.00 5.30 100.00 100.00
100 100.00 100.00 4.20 100.00 100.00

The five heteroscedasticity tests' empirical
power is shown in Table 8 and Fig. 8 under
strong heteroscedasticity at a = 0.01. Power
was calculated as the percentage of rejections
of the null hypothesis after 1,000 simulations
of each sample size.
The findings demonstrate that, with the
exception of the Goldfeld-Quandt test, the
power of every test rises with sample size
starting at n = 20. The Breusch-Pagan, White,
Park, and Glejser tests demonstrate a good
capacity to detect high heteroscedasticity, with
sufficient power starting at about n = 40. On the
other hand, for all sample sizes taken into
consideration, the Goldfeld-Quandt test
continues to be somewhat poor.

4.0 Summary of Results

The Breusch-Pagan, White, Goldfeld-Quandt,
Park, and Glejser tests are compared across
sample sizes, heteroscedasticity levels, and
significance levels of 0.05 and 0.01 in Tables
4.1-4.8.

The Glejser test routinely displays inflated
Type 1 error rates under homoscedasticity,
while the Breusch—Pagan, White, Goldfeld—
Quandt, and Park tests typically preserve Type
I error rates near their nominal levels.
Statistical power under heteroscedasticity often
rises as sample size and heteroscedasticity
severity do. The Park test performs mediocrely,
whereas the Glejser test records the highest
power in the majority of scenarios, followed by
the Breusch-Pagan and White tests. When
modest heteroscedasticity 1is present, the
Goldfeld-Quandt test consistently yields the
lowest power.

In terms of controlling Type I error, the Glejser
test is the most sensitive overall, but it is less
successful. Power and error-rate control are
best balanced by the Breusch—Pagan and White
tests, however the Goldfeld—Quandt test does
not perform well. These results imply that for
the practical identification of
heteroscedasticity, the Breusch—Pagan and
White tests would be more dependable options.
4.2 Discussion of Results

The Monte Carlo results demonstrate that the
performance of heteroscedasticity tests varies
with sample size and the severity of
heteroscedasticity. Generally, statistical power
increases as sample size increases, confirming
the greater ability of larger samples to detect
departures from homoscedasticity.

The Breusch—Pagan, White, Goldfeld—Quandt,
and Park tests generally maintain Type I error
rates close to their nominal levels, indicating
satisfactory control of false rejections. In
contrast, the Glejser test consistently records
inflated Type I error rates, although it achieves
the highest statistical power across most
heteroscedasticity scenarios. Thus, its superior
sensitivity is accompanied by a greater risk of
false positives.

While retaining superior Type I error control,
the Breusch—Pagan and White tests show
robust and consistent power across various
heteroscedasticity levels. The Park test
performs moderately but steadily, especially as
sample size grows. The Goldfeld—Quandt test,
on the other hand, shows the lowest power in
the majority of situations, indicating minimal
efficacy under the conditions studied.
Overall, the results show that the Breusch—
Pagan and White tests offer the most balanced
performance, combining adequate Type I error
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management with strong detection power.
When sensitivity is the main issue, the Glejser
test is better, but the Goldfeld-Quandt test
seems to be less accurate at identifying
heteroscedasticity.

5.0 Conclusion

The Breusch—Pagan, White, Goldfeld—Quandt,
Park, and Glejser tests are five commonly used
heteroscedasticity tests. This work employed
Monte Carlo simulations to examine the
performance of these tests across various
sample sizes, heteroscedasticity levels, and
significance levels of 0.05 and 0.01. Empirical
Type I error rates and statistical power were
used to assess their performance.

The findings show significant variations
between the tests. Strong sensitivity to
heteroscedasticity is demonstrated by the
Glejser test, which consistently yields the
highest statistical power. Its comparatively
high Type I error rates, however, point to a
higher chance of false positives when
homoscedasticity is present. As sample size
and heteroscedasticity rise, the Breusch-Pagan
and White tests offer a more balanced
performance by combining moderate to high
statistical power with adequate Type I error
control. While the Goldfeld—Quandt test
typically records the lowest power and seems
less appropriate for general applications, the
Park test shows moderate and reliable
performance.

Overall, the results highlight how the reliability
of regression diagnostics can be significantly
impacted by the heteroscedasticity test
selection. The Glejser test may be helpful when
maximum sensitivity is required, provided that
its high Type I error rate is taken into account.
The Breusch-Pagan and White tests are
advised when striking a balance between
detection power and error management is
crucial. Therefore, it is advised to use many
diagnostic tests to improve the validity of
results about heteroscedasticity.

Researchers and practitioners in economics,
statistics, finance, and other domains that
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depend on regression analysis for empirical
inference can benefit from the study's helpful
empirical recommendations.
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