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Meaning Nature of Heteroscedasticity

CLRM Assumptions

A1: model is linear in parameters
A2: regressors are fixed non-stochastic
A3: the expected value of the error term is zero E (ui |X ) = 0
A4: homoscedastic or constant variance of errors var(ui |X ) = σ2

A5: no autocorrelation, cov(ui , uj) = 0, i 6= j
A6: no multicollinearity; no perfect linear relationships among the X s
A7: no specification bias
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Meaning Nature of Heteroscedasticity

Basic Idea

CLRM assumes the variance of the error term ui is constant A4

this may not be the case especially with cross-section data
the presence of outliers in the data
incorrect functional form of the regression model
incorrect transformation of data
mixing observations with different measures of scale

such as mixing high-income households with low-income households
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Meaning Nature of Heteroscedasticity

Savings Model

consider the two-variable model

Yi = β1 + β2Xi + ui

Y and X represent savings and income, respectively
as income increases, savings on the average also increase
homoscedasticity → the variance of savings remains the same at all
levels of income
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Meaning Nature of Heteroscedasticity

Homoscedastic Disturbances

var(ui ) = E (u2
i |Xi ) = σ2 i.e., constant variance

equal (homo) spread (scedasticity) or equal variance
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Meaning Nature of Heteroscedasticity

Heteroscedastic Disturbances

var(ui ) = E (u2
i |Xi ) = σ2

i

the subscript of σ2 refers to non-constant conditional variances of ui
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Heteroscedastic errors Sources

Example of Heteroscedasticity I

error-learning models: as people learn, their errors of behaviour
become smaller over time (σ2

i is expected to decrease)
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Heteroscedastic errors Sources

Example of Heteroscedasticity II

the presence of outliers

inclusion or exclusion of such an observation, especially if the sample
size is small, can substantially alter the results of regression analysis

chile is an outlier because the given Y and X values are much larger than for the rest of the countries
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Heteroscedastic errors Consequences

Heteroscedasticity and OLS Estimation

if heteroscedasticity exists, several consequences ensue
OLS estimators are still unbiased and consistent
yet they are less efficient
making statistical inference (estimated t values) less reliable
estimators are not BLUE
BLUE estimators are provided by the method of weighted least squares
(WLS)
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Heteroscedastic errors Detection

How to test for Heteroscedasticity

graph histogram of squared residuals
graph squared residuals against predicted Y
Breusch-Pagan (BP) test
White’s test of heteroscedasticity
other tests

Park, Glejser, Spearman’s rank correlation and Goldfeld-Quandt tests
of heteroscedasticity

Dr. Hany Abdel-Latif (2016) ES1004ebe Lecture 5 Heteroscedasticity 10 / 24



Heteroscedastic errors Detection

Example: Abortion

data table5_1.xls abortion rates in 50 US states and other
characteristics
religion, price, laws, funds, educ, income, and picket
regress abortion rate on characteristics [variables] that explain
abortion rate
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Heteroscedastic errors Detection

Example: Abortion - Estimation
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Heteroscedastic errors Detection

Example: Abortion - Graph
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Heteroscedastic errors Detection

Example: Abortion - Graph

Dr. Hany Abdel-Latif (2016) ES1004ebe Lecture 5 Heteroscedasticity 14 / 24



Heteroscedastic errors Detection

Example: Abortion - Graph
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Heteroscedastic errors Detection

Graph
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Heteroscedastic errors Detection

Formal Tests I
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Heteroscedastic errors Detection

Formal Tests II
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Heteroscedastic errors Detection

Breusch-Pagan Godfrey I

estimate OLS regression, and obtain the squared OLS residuals from
this regression
regress the square residuals on k regressors in the model
the null hypothesis: the error variance is homoscedastic
use F statistic from this regression with (k-1) and (n-k) df to test this
hypothesis
if computed F-statistic is statistically significant → reject the
hypothesis of homoscedasticity
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Heteroscedastic errors Detection

Breusch-Pagan Godfrey II
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Heteroscedastic errors Detection

White’s Test I

regress the squared residuals on the regressors, the squared terms of
these regressors, and the pair-wise cross-product term of each
regressor
obtain the R2 value from this regression and multiply it by the
number of observations
the null hypothesis: the error variance is homoscedastic
follows Chi-square distribution with df equal the number of
coefficients estimated
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Heteroscedastic errors Detection

White’s Test II
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Heteroscedastic errors Remedial Measures

How to Remedy for Heteroscedasticity

use method of weighted least squares WLS
divide each observation by the heteroscedastic σi and estimate the
transformed model by OLS [yet true variance is rarely known]
if the true error variance is proportional to the square of one of the
regressors, we can divide both sides of the equation by that variable
and run the transformed regression

take natural log of dependent variable
use White’s heteroscedasticity-consistent standard errors or robust
standard errors [valid in large samples]
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Questions & Answers
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