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ABSTRACT: An important assumption for the classical linear regression model (CLRM) is homoskedasticity, which 

assumes that variances of the error vector of the regression model are constant. But if the variances are varying (not 

constant), this means that the problem of heteroskedasticity is present, and as a result there are some consequences to it, 

such as the Gauss-Markov theorem not being applied, the ordinary least squares (OLS) estimators no longer being BLUE 

(Best Linear Unbiased Estimator), the regression predictions being inefficient too, and the standard for the least squares 

estimator being wrong. Several diagnostic tests have been developed to detect the heteroskedasticity problem. The most 

common ones include Breusch-Pagan test, White test, and Goldfeld-Quandt test. In this paper we focus on four tests for 

heteroskedasticity, namely Goldfeld-Quandt (GQ), Glesjer, White, and ARCH tests. We explain each test and indicate the 

difference between each test. After that we used the Monte Carlo simulation study to apply and compare the performance 

between the four tests in three types of heteroskedasticity to determine which test has the best performance. The Monte 

Carlo simulation study has been conducted to evaluate these tests. Several scenarios of simulations were used, such as 

different sample sizes, different values of the coefficient of variation of the variance of the error, and others. The simulation 

results were close to each other, but for the first type of heteroskedasticity, the Goldfeld-Quandt test has the best 

performance and most power. While for the second and third types of heteroskedasticity, the Goldfeld-Quandt and ARCH 

tests have power close to each other.  
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1. INTRODUCTION  

Regression is a set of statistical processes for estimating the relationship between two or more 

variables, Y and X, where Y is the dependent variable and X is the independent variable [1], [2].  

The model can be written as follows:  

                          𝑌𝑖=𝛽0+𝛽1𝑋1𝑖+𝛽2𝑋2𝑖+…+𝛽𝑘𝑋𝑘𝑖+𝑢𝑖;  𝑖 =1, 2, …, n                                                                    (1)    

 

Where Yi is the ith observation of the dependent variable Y, i=1,2, …, n, Xj the independent variables, j= 1,2, 

…, k, Xji the ith observation of the jth independent,  𝛽0 is the intercept term,  𝛽𝑗  the slope coefficients for each 

of the independent variables,  𝑢𝑖 the error term of the ith observation, n the number of observations; and k the 

number of independent variables.  

The assumptions of model (1), Gujarati [1], presented the assumptions of the model as follows: 

1- The relationship between the dependent variable Yi  and independent variable Xs is linear (linearity). 

2- The expected value of the residuals is zero, i.e., E (ui) = 0 for 𝑖 = 1, 2, ⋯, n.  

3- The variance of the residuals is constant, i.e., Var (ui) = σ2 for 𝑖 = 1, 2, ⋯, n (homoscedasticity 

assumption).    

4- The residuals are not correlated Cov ( ui, uj) = 0, i ≠ j (no autocorrelation). 

5- There is no exact linear relationship between the independent variables in the model (no 

multicollinearity). 

6- The independent variables X are non-stochastic matrix. 

https://en.wikipedia.org/wiki/Estimation_theory
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7- The error term follows the normal distribution with zero mean and (constant) variance  σ2. 

Symbolically, ui~N (0, σ2). 

 

If assumption three of homoskedasticity is violated, the heteroskedasticity problem occurs and the Gauss- 

Markov theorem does not apply [2], [3], [4]. 

 

The main contributions of this paper can be summarized as follows: 

 

• Studying the performance of four heteroskedasticity tests (Goldfeld-Quandt (GQ), Glesjer, White, 

and ARCH tests) in three types of heteroskedasticity.  

• Comparing the performance of different tests in different situations. 

• Determine the appropriate test for the data. 

The following sections of this paper are organized as follows: Section 2 introduces the concepts of 

heteroscedasticity. Section 3 presents various tests for heteroscedasticity. Section 4 presents a Monte Carlo 

simulation study. Finally, Section 5 provides the conclusion. 
  

 

2. Heteroskedasticity Problem 

One of the assumptions of the classical linear regression model (CLRM) is that the variance of the residuals 

is constant; if the variances are not constant, the heteroskedasticity problem occurs, and as a result the ordinary 

least squares (OLS) estimators are no longer the best linear unbiased estimators (BLUE) [5]. 

 

 

 

 

  
(a) (b) 

 

Fig 1 Homoskedasticity and Heteroskedasticity 

Source: [6] 

2.1. Heteroskedasticity Types 

  There are two types of heteroskedasticity as follows [7]: 

Conditional heteroskedasticity happens when the error variance is dependent on the values of 

the independent variables. This creates considerable difficulties for statistical inference. 

Fortunately, there are many software programs that can identify and fix this issue. 

Unconditional heteroskedasticity exists when the heterogeneity variance is not correlated with 

the values of the independent variables. Even though this goes against the homogeneity 

assumption, it does not produce major problems concerning statistical inference. 

 

2.2. Reasons for Heteroskedasticity 

Gujarati and Porter [8] and Wooldridge [5] introduced heteroskedasticity reasons as follows: 

• Outliers. 

• Incorrect data transformation.  
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• Skewness.  

• The nature of variables and their relationships can be a reason for appearing heteroskedasticity. 

• Incorrect specification. 

 

2.3. Consequences of Heteroskedasticity 

• The OLS estimators are no longer BLUE (Best Linear Unbiased Estimators) because they are no 

longer efficient, so the regression predictions will be inefficient too [5],[9]. 

• The standard for the least squares estimator is wrong, and this leads to t confidence intervals and 

hypothesis testing that use standard errors, which could lead to misleading conclusions; see[6]. 

 

3. Heteroskedasticity Tests 

There are many tests to test the heteroskedasticity problem. Many researchers introduced comparisons 

between the tests of heteroskedasticity, such as Griffiths and Surekha [10] presented a set of 

heteroskedasticity tests (Szroeter’s test, Breusch-Pagan test, Goldfeld-Quandt test, and BAMSET) and 

compared the power of these tests. Lyon and Tsai [11] used a Monte Carlo simulation to compare between 

heteroskedasticity tests. These tests are the Ordinary likelihood ratio test, Conditional likelihood ratio test, 

Modified likelihood ratio test, Residual likelihood ratio test, The Breusch and Pagan's score test, 

Studentized version of Breusch and Pagan test, ans White s score test, and Uyanto [4] presented a power 

comparison of seven heteroskedasticity tests by Monte Carlo simulation (Breusch-Pagan test, Glesjer test, 

Goldfeld-Quandt test, Harvey-Godfrey test, Harrison-McCabe test, Park test, and White test). 

We presented four tests for heteroskedasticity as follows: the Goldfeld-Quandt, Glesjer, White, and 

ARCH tests. In the following lines, we will explain the formula and the details of each test separately. 

 

3.1.  Goldfeld-Quandt Test 

Goldfeld-Quandt [ proposed a test to test if the variances of the residuals are the same across all 

observations (homoscedasticity). This test compares the variances of two groups, one group of high values and 

one group of low values. There are steps of GQ test as follows: 

• Arrange the observations in ascending order (from small to large observations). 

• Divided the observations into three groups (small, middle, large). 

• Drop c middle observations where c is specified as a priori and divide (n - c) observations 

that remain into two groups, (n - c) / 2 observations according to small and large values, 

respectively.  

• Fit a separate regression model for small and large groups, and after that, obtain the 

respective sum of squares 𝑅𝑆𝑆1, 𝑅𝑆𝑆2. 

• Calculate the F test statistic as follows: 

                                                                        F=  
𝑅𝑆𝑆2/𝑑𝑓2

𝑅𝑆𝑆1/𝑑𝑓1
                                                                             (2) 

Where 𝑅𝑆𝑆1 belong to the small values group and 𝑅𝑆𝑆2 belong to the large values group with 𝑑𝑓1=𝑛1- k, 𝑑𝑓2 =
 𝑛2 − 𝑘 degree of freedom, and n is the sample size of the two groups and  k the number of parameters. 

The assumptions of the test,  

    H0: The variances are not different (Homoskedasticity). 

    H1: The variances are different (Heteroskedasticity). 

If F-statistical > F-critical, reject the null hypothesis of Homoskedasticity. 

 GQ test has some problems; it does not consider cases where heteroskedasticity is caused by more 

than one variable, and it is not always suitable for time series data. However, it is a very popular model for the 

simple regression case (with only one explanatory variable) [6].  

 

3.2.  Glesjer Test 

Glejser [13] introduced a new test for heteroskedasticity that regresses the residuals on 

the independent variable that is thought to be related to the heteroskedastic variance; see also, [1], [6]. The 

steps of this test are: 

1. Run the OLS estimation on the regression model (1) and calculate the residuals 𝑢̂𝑖 of OLS. 

2. Run the following auxiliary regression: 

                                                 |𝑢̂𝑖|=𝛾0+𝛾1𝑙𝑛𝑍1𝑖+𝛾2𝑙𝑛𝑍2𝑖+…+𝛾𝑘𝑙𝑛 𝑍𝑘𝑖+𝑣𝑖                                                    (3)   

             Where 𝑍𝑘𝑖 the independent variables of the original regression equation in the model (1) are denoted 

by 𝑋𝑠. 
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3. The test hypotheses are as follows: 

                  The null hypothesis is  𝐻0: 𝛾0 = 𝛾1 = 𝛾2 = …, 𝛾𝑘 = 0. The alternative hypothesis, 𝐻1 is that at least 

one of the 𝛾𝑠different from 0. 

4. Computing the LM = n𝑅2 statistics, where n is the number of observations and 𝑅2 is the coefficient 

of determination for this regression in (3).  

  

3.3.  White Test 

This test is an extremely general test for heteroskedasticity [14]; see also [5], White test is also an LM 

test [3]. The steps of the White test assumed a model with two explanatory variables as follows: 

                                                       𝑌𝑖=𝛽0+𝛽1𝑋1𝑖+𝛽2𝑋2𝑖+𝑢𝑖                                                                            (4) 

• Run the regression model in equation (4) and obtain the residuals 𝑢̂𝑖. 

• Regress the squared residuals on a constant, the independent variables, the squared terms of these 

independent variables, and the cross-product term of each independent variable and run the auxiliary 

regression: 

                                    𝑢̂𝑖
2 = 𝛾0+𝛾1𝑋1𝑖+ 𝛾2𝑋2𝑖+𝛾4𝑋1𝑖

2 + 𝛾5𝑋2𝑖
2 + 𝛾6𝑋1𝑖𝑋2𝑖 + 𝑣𝑖                                             (5) 

• Formulate the null hypothesis is,  𝐻0: 𝛾0 = 𝛾1 = 𝛾2 = … = 𝛾6 = 0, and 𝐻1 is that at least one of the 

𝛾𝑠 different from 0.  

• Computing the test statistic LM = n𝑅2, where the 𝑅2 value is from this auxiliary regression in (5) 

and n is the number of observations. 

 

3.4.  ARCH Test 

ARCH test is proposed by [15] for testing for the ARCH,], the classical methods for detecting the 

ARCH effect are constructed based on two tests: the Lagrange multiplier test of [15] which tests for 

autocorrelation and the portmanteau test which similar to the Ljung-Box test [16]. The ARCH Engle’s test 

supposes that the squared residuals (𝑢𝑡
2) are autocorrelated, and the portmanteau test supposes that if the 

residuals (𝑢𝑡) are heteroscedastic. 

We used the “aTSA” package [17] to conduct the ARCH test. The steps for Engle’s ARCH test are as follows: 

• Estimate the regression equation: 

                              𝑦𝑡 = 𝛽0+𝛽1𝑋1𝑡+𝛽2𝑋2𝑡+…+𝛽𝑘𝑋𝑘𝑡+𝑢𝑡, t=1,…,n                                                                 (6) 

By OLS and obtain the residuals 𝑢̂𝑡. 

• Regress the squared residual 𝑢𝑡
2 against a contrast 𝑢𝑡−1

2 , 𝑢𝑡−2
2 , …. , 𝑢𝑡−𝑝

2 , (the value of p will be 

determined by the order of ARCH (p) being tested for) 

                                                𝑢𝑡
2 = 𝜆0 + 𝜆1𝑢𝑡−1

2 + ⋯ + 𝜆𝑝𝑢𝑡−𝑝
2  +𝜖𝑡                                                             (7) 

• The null hypothesis is 𝐻0: = 𝜆0 =  𝜆1 = ⋯ =  𝜆𝑝 = 0, that there are no ARCH effects, versus the 

alternative hypothesis: 𝐻1: 𝜆𝑖 ≠ 0 (there are ARCH effects).                           

The test statistic for Engle’s ARCH test follows 𝜒2distribution with a degree of freedom p.  

 

4. Simulation Study  

Abonazel [18] proposed a complete algorithm to make professional Monte Carlo simulation studies 

using R software. This algorithm is suitable for creating any simulation study in statistical and econometric 

models and is considered as a practical guide for researchers to conduct simulation studies in statistics and 

econometrics. In this simulation, we compared the performance of four heteroskedasticity tests (Goldfield-

Quandt, Glesjer, White, and ARCH tests) based on the power of each test for the linear regression model 

as follows [19]: 

                                             𝑦𝑖= 𝛽0 + 𝛽1𝑥𝑖 + 𝑢𝑖 , i=1, 2, …, n                                                                 (8) 

Where 𝑢𝑖 are unobservable random errors with mean and variances: E (𝑢𝑖)=0, var (𝑢𝑖) = 𝜎𝑖
2, respectively. 

Heteroskedasticity problem is present, when 𝜎𝑖
2 are different (i.e., not all equal). 

The comparison of the four tests for heteroskedasticity will be in three types of heteroskedasticity as 

follows: 𝜎𝑖
2 =  𝜎2𝑥𝑖

2, 𝜎𝑖
2 = 𝜎2𝑖, 𝜎𝑖

2 =  𝜎2𝑖2, see [20] and [21]. 

Surekha [22] and Kennedy [23], suggested a suitable measure of the degree of heteroskedasticity, which 

is the coefficient of variation (CV) of the variances [24] later used this measure. Uyanto [4] displayed and 

applied this measure. The formula of the CV is  

                                                       CV=√ 1

𝑛−1
∑( 𝜎𝑖

2 −
∑  𝜎𝑖

2

𝑛
)2 /(

1

𝑛
∑  𝜎𝑖

2)                                                                   (9) 
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The coefficient of variation is independent of the unit in which the measurement has been taken, so it is a 

dimensionless number. 

We compared the power of heteroskedasticity tests by using Monte Carlo simulation for three types of 

heteroskedasticity and different sample sizes n = 15, 30, 60, 90, 120, 150, for replication L = 1000, level 

of significance 𝛼 = 0.05, 𝛽0 = 2  𝑎𝑛𝑑 𝛽1 = 3, and calculated 𝜎𝑖
2 for the values of CV. The powers of the 

tests are calculated by the proportion of rejection for the null hypothesis in the total number of replications 

(L). 
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Fig 2. Flow Chart for the Simulation Study 

 

 

 

 

4.1 Simulation Results 

For more accessible interpretations of the tables results, the sample sizes were categorized as  small, moderate, 

and large. Also categorized the coefficient of variation to low, moderate, and high levels as follows:  

• Small sample sizes (n) = 15, 30         Low level (CV) = 0, 0.6 

• Moderate sample sizes (n) = 60, 90         Moderate level (CV) = 0.9, 1.1 

• Large sample sizes (n) = 120, 150         High level (CV) = 1.3, 1.5, 1.7 

 

 

4.1.1  First Type of Heteroskedasticity 𝝈𝒊
𝟐 =  𝝈𝟐𝒙𝒊

𝟐  

The results of the first type are shown in Table 1. 
 1) Goldfeld-Quandt (GQ) Test  

 Goldfeld-Quandt test power was good in all cases of different n, CV.  

           (i) Small sample sizes (n) = 15, 30                low level (CV) = 0, 0.6 

 The power was 0.053 when n = 15 and CV = 0, and by increasing n to 30 and CV to 0.6, the power 

also increased and became 0.83. 

         (ii) Moderate sample sizes (n) = 60, 90                 moderate level (CV) = 0.9, 1.1  

 Goldfeld-Quandt test power clearly increased with moderate n and CV. For example, when n = 60 

and CV = 0.9, the power was 0.996, and by increasing n to 90 and CV to 1.1, the power clearly changed 

and was 1, and this was the most powerful. 

            )iii) Large sample sizes (n) = 120, 150                  high level (CV) = 1.3, 1.5, 1.7 

 The power still increased with large n and high CV. For example, when n = 120 and CV = 1.3, the 

power was 1, and when n = 150, CV = 1.7, the power was 1, and this value of 1 was the most power. 

 The power of Goldfeld-Quandt test was the best for different n and CV, especially in the case of small 

n and low CV and as a result.  

 

2) Glesjer Test  

       The power results of Glesjer test increase by increasing n and CV.  

        (i) Small sample sizes (n) = 15, 30              low level (𝐂𝐕) = 0, 0.6 

          The power was 0.049 when n = 15 and CV = 0, and increased to 0.682 when n was increased to 30 

and CV to 0.6.  

         (ii) Moderate sample sizes (n) = 60, 90             moderate level (𝐂𝐕) = 0.9, 1.1  

         With moderate n and CV, the power increased; when n = 60 and CV = 0.9, the power value was 

0.864 and increased to 0.906 when n was raised to 90 and CV to 1.1. 

        (iii) Large sample sizes (n) = 120, 150                          high level (𝐂𝐕) = 1.3, 1.5, 1.7 

        Still, the Glesjer test power was raised with large n and high CV. When n = 120 and CV = 1.3, the 

power was 0.934, and by increasing n to 150 and CV to 1.7, the power was 0.956. 

        The power of Glesjer test was good for different n and CV, but not the best compared to Goldfeld-

Quandt test power results.  

 

3) White Test  

     White test power was close to the power of the Glesjer test in the case of small sample size and low-

level CV.  

         (i) Small sample sizes (n) = 15, 30              low level (𝐂𝐕) = 0, 0.6 
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         When n = 15 and CV = 0, the power was 0.39 and became 0.426, when n = 30 and CV = 0.6.  

         (ii) Moderate sample sizes (n) = 60, 90             moderate level (𝐂𝐕) = 0.9, 1.1 

         With moderate n and CV, the power increased not much; for example, when n = 60 and CV = 0.9, 

the power value was 0.625, and by increasing n to 90 and CV to 1.1, the power became 0.698. 

       (iii) Large sample sizes (n) = 120, 150                        high level (𝐂𝐕) = 1.3, 1.5, 1.7 

       Still the power increased. For example, when n = 120 and CV = 1.3, the power was 0.736 and became 

0.796 when n = 150 and CV = 1.7. 

       When we compared White test power with Goldfeld-Quandt, Glesjer power tests, White test has less 

power than the power of the Goldfeld-Quandt and Glesjer tests, so Goldfeld-Quandt still the best. 

 

4) ARCH Test  

        i) Small sample sizes (n) = 15, 30            low level (𝐂𝐕) = 0, 0.6 

        The power was 0.007 when n = 15 and  CV = 0 and when it increased n to 30 and CV to 0.6, the 

power value became 0.035.   

         (ii) Moderate sample sizes (n) = 60, 90          moderate level (𝐂𝐕) = 0.9, 1.1 

        The ARCH test power slightly increased by increasing n and CV. For example, when n = 60 and CV 

= 0.9, the power was 0.216, and became 0.338, when we increased n to 90 and CV to 1.1. 

        (iii) Large sample sizes (n) = 120, 150                      high level (𝐂𝐕) = 1.3, 1.5, 1.7 

 With large n and high CV, the power slightly differed; for example, when n = 120 and CV = 1.3, the 

power value was 0.497, and by increasing n to 150 and CV to 1.7, the power value became 0.588. 

 

When comparing the power of ARCH test with Goldfeld-Quandt test, Glesjer test and the White test, 

ARCH test has the least power, and Goldfeld-Quandt test still the best. 

 

4.1.2 Second Type of Heteroscedasticity: 𝝈𝒊
𝟐 = 𝝈𝟐𝒊 

The results of this type are shown in Table 2. 

1) Goldfeld-Quandt Test  

Goldfeld-Quandt test power increased by increasing n and CV. We show the examples of the 

results as follows:  

  (i) Small sample sizes (n) = 15, 30            low level (CV) = 0, 0.6 

The power was 0.054 when n = 15 and CV = 0, and when n was increased to 30 and CV to 0.6, 

the power clearly increased and became 0.996. 

  (ii) Moderate sample sizes (n) = 60, 90       moderate level (CV) = 0.9, 1.1 

      The power still clearly increased with moderate n and CV; when n = 60 and CV = 

0.9, the power was 1, and by increasing n to 90 and CV to 1.1, the power was 1, and 

these values were the most power. 

(iii) Large sample sizes (n) = 120, 150                       high level (CV) = 1.3, 1.5, 1.7       

Goldfeld-Quandt test power also clearly increased with large n and high CV. For example, when 

n = 120 and CV = 1.3, the power was 1 and when we increased n to 150 and CV to 1.7, the power 

also was 1, and this was the most power. 

     We found that Goldfeld-Quandt test has the most power for different n and CV, especially in 

the case of small n and low CV; therefore Goldfeld-Quandt test was the best and has the best 

performance. 

             2) Glesjer Test  

          (i) Small sample sizes (n) = 15, 30                           low level (CV) = 0, 0.6 

          The power was 0.055 when n = 15 and CV = 0 and the power increased but not much when 

we increased n to 30 and CV to 0.6 and became 0.056. 

          (ii) Moderate sample sizes (n) = 60, 90             moderate level (CV) = 0.9, 1.1 
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         In the case of moderate n and CV, the power of the Glesjer test was not differ much. When 

n = 60 and CV = 0.9, the power was 0.066 and became 0.08 when we increased n to 90 and CV 

to 1.1. 

         (iii) Large sample sizes (n) = 120, 150           high level (CV) = 1.3, 1.5, 1.7 

 Still, the power of Glesjer test slightly differed with large n and high CV; when n = 120 and 

CV = 1.3, the power was 0.075, and by increasing n to 150 and CV to 1.7, the power did not 

increase but was least and 0.069. 

 The results of Glesjer test showed that power was low for different n and CV and when we 

compared Glesjer test with Goldfeld-Quandt test, Glesjer had the least power, and Goldfeld-

Quandt was still the best. 

                 3) White Test  

 The power of White test was low and decreased although we increased n, CV.  

            (i) Small sample sizes (n) = 15, 30             low level (CV) = 0, 0.6 

The power was 0.047 when n = 15 and CV = 0 and the power became 0.039 when we increased 

n to 30 and CV to 0.6. 

            (ii) Moderate sample sizes (n) = 60, 90             moderate level (CV) = 0.9, 1.1 

The power did not change much with moderate n and CV; for example, n = 60 and CV = 0.9, the 

power value was 0.049, and by increasing n to 90 and CV to 1.1, the power value became 0.056.  

           (iii) Large sample sizes (n) = 120, 150        high level (CV) = 1.3, 1.5, 1.7 

 When n = 120 and CV = 1.3, the power was 0.056, and when we increased n to 150 and CV 

to 1.7, the power was 0.056. Noticed that the power is still constant although increasing n and 

CV. 

  When compared the power of White test with the power of Goldfeld-Quandt and Glesjer, 

tests, White test has low power such as Glesjer, so Goldfeld-Quandt has the most power.  

 

                    4) ARCH Test  

       ARCH test power increased but not much in the case of small n, low CV, but clearly 

increased in the two cases of moderate, large n and moderate, high CV. We present examples of 

the ARCH power as follows: 

           (i) Small sample sizes (n) = 15, 30                   low level (CV) = 0, 0.6 

 The power was 0.006 when n = 120 and CV = 0 and became 0.206 when n was increased to 

30 and CV to 0.6. 

          (ii) Moderate sample sizes (n) = 60, 90       moderate level (CV) = 0.9, 1.1  

 With moderate n and CV, the power increased much; when n = 60 and CV = 0.9, the power 

was 0.66, and when we increased n to 90 and CV to 1.1, the power also increased and became 

0.861. 

           (iii) Large sample sizes (n) = 120, 150           high level (CV) = 1.3, 1.5, 1.7 

 Still, the ARCH test power increased by increasing n and CV; when n = 120 and CV = 1.3, 

the power was 0.924 and became 0.955 when n =150 and CV = 1.7. 

 

ARCH test power was better than the power of Glesjer and White tests and close to the power of 

Goldfeld-Quandt test but still Goldfeld-Quandt the best. 

 

4.1.3. Third Type of Heteroscedasticity: 𝝈𝒊
𝟐 = 𝝈𝟐𝒊𝟐 

The results of the third type are shown in Table 3. 

The results of the power tests in this type were close to the results of the power tests in the second 

type of heteroskedasticity. Glesjer, White tests have the least power, while Goldfeld-Quandt test 

and ARCH test power results were close to each other, but Goldfeld- quandt test was the best and 

has the most power.  
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Table 1 Power of Heteroskedasticity Tests for First Type 𝜎𝑖
2 =  𝜎2𝑥𝑖

2 

Test CV 

n 0 0.6 0.9 1.1 1.3 1.5 1.7 

Goldfeld-Quandt 15 0.053 0.385 0.368 0.369 0.38 0.364 0.391 

30 0.046 0.83 0.822 0.838 0.833 0.855 0.852 

60 0.049 0.993 0.996 0.997 0.995 0.994 0.999 

90 0.044 1 1 1 1 1 1 

120 0.049 1 1 1 1 1 1 

150 0.045 1 1 1 1 1 1 

Glesjer 15 0.049 0.451 0.42 0.442 0.414 0.422 0.449 

30 0.056 0.682 0.662 0.698 0.689 0.671 0.699 

60 0.046 0.842 0.864 0.834 0.843 0.845 0.854 

90 0.061 0.899 0.913 0.906 0.922 0.915 0.912 

120 0.049 0.945 0.944 0.924 0.934 0.936 0.928 

150 0.046 0.948 0.944 0.949 0.939 0.953 0.956 

White 15 0.39 0.306 0.281 0.271 0.271 0.288 0.0289 

30 0.034 0.426 0.412 0.437 0.431 0.399 0.43 

60 0.041 0.609 0.625 0.612 0.61 0.613 0.595 

90 0.041 0.68 0.696 0.698 0.706 0.701 0.675 

120 0.051 0.776 0.748 0.728 0.736 0.74 0.752 

150 0.047 0.795 0.796 0.783 0.787 0.769 0.796 

ARCH 15 0.007 0.001 0.003 0.002 0.003 0.005 0.005 

30 0.015 0.035 0.037 0.055 0.038 0.033 0.04 

60 0.033 0.23 0.216 0.221 0.25 0.216 0.23 

90 0.034 0.37 0.396 0.388 0.383 0.375 0.371 

120 0.029 0.518 0.53 0.498 0.497 0.504 0.546 

150 0.036 0.6 0.609 0.591 0.592 0.614 0.588 
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Table 2 Power of Heteroskedasticity Tests for Second Type 𝜎𝑖
2 = 𝜎2𝑖 

 

Test 

CV 

n 0 0.6 0.9 1.1 1.3 1.5 1.7 

Goldfeld-Quandt 15 0.054 0.673 0.657 0.654 0.676 0.672 0.651 

30 0.048 0.996 0.997 0.994 0.998 0.993 0.996 

60 0.042 1 1 1 1 1 1 

90 0.058 1 1 1 1 1 1 

120 0.043 1 1 1 1 1 1 

150 0.041 1 1 1 1 1 1 

Glesjer 15 0.055 0.056 0.065 0.072 0.064 0.064 0.054 

30 0.054 0.056 0.048 0.064 0.062 0.061 0.064 

60 0.062 0.065 0.066 0.053 0.069 0.059 0.064 

90 0.045 0.064 0.069 0.08 0.073 0.056 0.064 

120 0.051 0.083 0.06 0.056 0.075 0.077 0.07 

150 0.051 0.08 0.08 0.063 0.065 0.067 0.069 

White 15 0.047 0.061 0.051 0.055 0.041 0.055 0.045 

30 0.047 0.039 0.045 0.063 0.049 0.054 0.066 

60 0.036 0.053 0.049 0.048 0.055 0.052 0.062 

90 0.06 0.053 0.064 0.056 0.057 0.062 0.056 

120 0.037 0.057 0.054 0.038 0.056 0.062 0.042 

150 0.046 0.082 0.052 0.052 0.052 0.061 0.056 

ARCH 15 0.006 0.005 0.007 0.005 0.005 0.002 0.002 

30 0.018 0.206 0.228 0.176 0.228 0.191 0.219 

60 0.023 0.669 0.66 0.667 0.67 0.662 0.675 

90 0.041 0.845 0.832 0.861 0.862 0.839 0.86 

120 0.046 0.917 0.921 0.909 0.924 0.915 0.936 

150 0.039 0.968 0.959 0.954 0.967 0.961 0.955 
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Table 3 Power of Heteroskedasticity Tests for Third Type 𝝈𝒊
𝟐 =  𝝈𝟐𝒊𝟐 

 

Test 

CV 

n 0 0.6 0.9 1.1 1.3 1.5 1.7 

Goldfeld-Quandt 15 0.05 0.879 0.879 0.866 0.864 0.877 0.893 

30 0.052 0.999 1 0.999 1 1 0.998 

60 0.045 1 1 1 1 1 1 

90 0.038 1 1 1 1 1 1 

120 0.047 1 1 1 1 1 1 

150 0.046 1 1 1 1 1 1 

Glesjer 15 0.055 0.068 0.062 0.066 0.065 0.072 0.067 

30 0.046 0.069 0.069 0.067 0.07 0.064 0.069 

60 0.061 0.078 0.076 0.076 0.079 0.064 0.072 

90 0.058 0.067 0.063 0.071 0.06 0.087 0.062 

120 0.041 0.067 0.065 0.083 0.065 0.065 0.063 

150 0.049 0.07 0.062 0.061 0.075 0.065 0.075 

White 15 0.041 0.044 0.061 0.047 0.053 0.067 0.071 

30 0.034 0.062 0.063 0.054 0.063 0.051 0.05 

60 0.049 0.063 0.06 0.063 0.069 0.045 0.056 

90 0.051 0.058 0.064 0.053 0.053 0.046 0.062 

120 0.042 0.056 0.052 0.058 0.047 0.049 0.058 

150 0.04 0.06 0.047 0.053 0.048 0.059 0.062 

ARCH 15 0.008 0.01 0.006 0.012 0.007 0.014 0.006 

30 0.024 0.254 0.27 0.285 0.259 0.236 0.277 

60 0.029 0.703 0.701 0.685 0.711 0.705 0.711 

90 0.033 0.888 0.859 0.843 0.87 0.863 0.855 

120 0.034 0.927 0.912 0.935 0.926 0.915 0.926 

150 0.043 0.965 0.968 0.959 0.953 0.973 0.958 
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 Fig 3: Power curves for Heteroskedasticity Tests for First Heteroskedasticity Type 𝜎𝑖
2 =  𝜎2𝑥𝑖

2 
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Fig 4: Power curves for Heteroskedasticity Tests for Second Heteroskedasticity Type 𝜎𝑖
2 = 𝜎2𝑖  
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Fig 5: Power curves for Heteroskedasticity Tests for Third   Heteroskedasticity Type 𝜎𝑖
2 =  𝜎2𝑖2. 

 

 

• For the first type of heteroskedasticity 𝜎𝑖
2 =  𝜎2𝑥𝑖

2, Goldfeld-Quandt has the most power and the 

best performance.  

• For the second type of heteroskedasticity 𝜎𝑖
2 = 𝜎2𝑖 and the third type of heteroskedasticity 𝜎𝑖

2 =
 𝜎2𝑖2, Goldfeld-Quandt test and ARCH test have better power than Glesjer and White tests, but the 

best test was Goldfeld-Quandt test. 

• Fig 3 shows the power curves for Goldfeld-Quandt, Glesjer, White and ARCH tests for the first type 

of heteroskedasticity with different n = (15, 30, 60, 90, 120, 150) and CV= (0, 0.6, 0.9, 1.1, 1.3, 1.5, 

1.7). The vertical axis points to the power of the four mentioned tests, while the horizontal axis 

points to the value of CV. This Fig contains six plots for six different n, and each plot shows the 
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power curves of the mentioned tests. Notice that the power curve of Goldfeld-Quandt was at the top 

for different value of n, so Goldfeld-Quandt has the best performance. 

• Fig 4 and 5 show the power curves for Goldfeld-Quandt, Glesjer, White and ARCH tests for the first 

type of heteroskedasticity. The curves of Goldfeld-Quandt and ARCH tests were close to each other 

and were at the top compared to other tests, and this is indicated through their curve for different n, 

so they have the best performance. Glesjer and White curves were at the bottom and as follows do 

not have the best performance. 

 

5. CONCLUSION  

In this paper, we examined the performance of four heteroskedasticity tests (Goldfeld-Quandt (GQ), 

Glesjer, White, and ARCH tests) in three types of heteroskedasticity by a Monte Carlo simulation study. In the 

first type of heteroskedasticity, Goldfeld-Quandt test has the best performance. While in the second and third 

types, Goldfeld-Quandt and ARCH tests have the best performance. Therefore, we recommend using Goldfeld-

Quandt and ARCH tests to check the heteroskedasticity problem in linear regression. For future work, we can 

propose to test the heteroskedasticity problem in the presence of outliers and missing data, as an extension of 

[25], and also test the heteroskedasticity problem in the presence of multicollinearity problem as an extension 

of [26]. Furthermore, we propose to develop a new estimator for a count (Poisson) regression model in the 

presence of homoscedasticity with multicollinearity and/or outliers, based on the work of [27, 28]. Test for 

hetreoskedasticity problem in nonparametric regression, as an extension of Kotekal et al. [29]. Study the 

performance of heteroskedasticity tests in high dimension linear regression as an extension of [30, 31]. Test 

for hetreoskedasticity in panel data model, as an extension of [32]. 
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