
9. Dummy Variable Regression Models

In the previous chapter, the dependent and independent variables in our multiple regression models

have had quantitative meaning. For example, the salary of CEO,annual firm sales,return on equity

in percent, and return on firm’s stock. In each case the magnitude of the variable conveys useful

information.

However, in the empirical work, we must also incorporate qualitative factors into regression

models. The gender or race of an individual, the industry of a firm ( manufacturing, retail, and so on),

and the region in Thailand where a city is located ( north, south, west, and so on) are all considered as

the qualitative factors.

9.1 Describing Qualitative Information

Normally, qualitative factors often come in the form of binary information:

Example:

[1] A person is female or male or female.

[2] A firm offers a certain kind of employee pension plan or it does not.

[3] A farm is located nearby the dam or not.

All of these examples, the relevant information can be captured by defining a binary variable
or a zero-one variable.

In econometrics, binary variables are most commonly called dummy variables, although this

name is not especially descriptive.
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In defining a dummy variable, we must decide which event is assigned the value one and which is

assigned the value zero.

Question: Why do we use the the values zero and one to describe qualitative information?

Answer: These values are arbitrary: any two different values would do. The real benefit of

capturing qualitative information using zero-one variable is that it leads to regression models where the

parameters have very natural interpretations.
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9.1.1 A Single Dummy Independent Variable
Suppose we would like to estimate the following simple model of hourly wage determination:

wagei = β0 +δ0female+β1edu+ui
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Figure 9.1: Graph of Wage
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Now, we added more variables into the wage model. Taking males as the base group, a model that

controls for experience and tenure in addition to education is

wagei = β0 +δ0female+β1edu+β2exper+β3tenure+ui

If edu, expert, and tenure are all relevant productivity characteristics, the null hypothesis of no

difference between men and women (No wage discrimination) is:

In table 9.1, it represents the partial listing of the sample data of wage model. We see that Person 1 is

female, Person 2 is female , Person 3 is male, and so on.

Table 9.1: A Partial Listing of the Wage Data.
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Table 9.2: The command function to estimate the wage model in STATA program
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Table 9.3: wagei = β0 +δ0female+β1edu+β2exper+β3tenure+ui

Example: the Hourly Wage Equation:

ŵage = −1.5679−1.8109 female+0.5715 edu+0.025 exper+0.141 tenure

= (0.7246) (0.2648) (0.0493) (0.0116) (0.0212)

(9.1)

R2 = 0.3635 n = 526

Interpret the model:

The intercept:
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Table 9.4:wagei = β0 +δ0female+ui

The coefficient on female

It is informative to compare the coefficient on female in the above equation to the estimate we

get when all other explanatory variables are dropped from the equation:

ŵage = 7.0995−2.5118 female

se = (0.2100) (0.3034)

(9.2)

R2 = 0.1157 n = 526
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9.2 Interpreting Coefficients on Dummy Explanatory Variables When the Depen-
dent Variable is log(y)
In this section, we will study a model that has the dependent variable appearing in logarithmic form,

with one or more dummy variables approving as independent variables.

Question: How do we interpret the dummy variable coefficients in this case?

Answer: Not surprisingly, the coefficients have a percentage interpretation.

Let us reestimate the wage equation , using log (wage) as the dependent variable and adding

quadratics in expert and tenure:

log(wagei) = β0 +δ0 f emale+β1edu+β2exper+β3exper2 +β4tenure+β5tenure2 +ui

The Stata result is shown in table 9.5.

Table 9.5:
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Example: Log Hourly Wage Equation:

̂log(wage) = 0.4167−0.2965 female+0.0802 edu+0.0294 exper−0.0006 exper2

(0.0989) (0.0358) (0.0068) (0.0050) (0.0001)

+0.0317 tenure−0.0006 tenure2

(0.0068) (0.0002)

(9.3)

R2 = 0.4408 n = 526

Interpret the model:

The coefficient on female
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9.3 Using Dummy Variables for Multiple Categories
We can use several dummy independent variables in the same equation. For example, we could add the

dummy variable married to the wage model.

The previous model:

log(wagei) = β0 +δ0 f emale+β1edu+β2exper+β3exper2 +β4tenure+β5tenure2 +ui

Now, Let us estimate a model that allows for wage differences among four groups:

[1.] Married Men

[2] Married Women



9.3 Using Dummy Variables for Multiple Categories 163

[3] Single Men

[4] Single Women
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To do this, we must select a base group:

Now, we need to define dummy variables for each of the remaining groups.

Therefore, our model is:

log(wagei) = β0 +δ0marrmale+δ1marr f em++δ2sing f em+

β1edu+β2exper+β3exper2 +β4tenure+β5tenure2 +ui

We of course drop the dummy variable (female). (Why?)
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Table 9.5:

̂log(wage) = 0.3214+0.2127 marrmale−0.1983 marrfem−0.1104 sing f em

(0.1000) (0.0554) (0.0578) (0.0557)

+0.0789 edu+0.0268 exper−0.0005 exper2 +0.0291 tenure−0.0005 tenure2

(0.0067) (0.0268) (0.0001) (0.0068)+ (0.0002)

(9.4)

R2 = 0.4609 n = 526
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Interpret the model:
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9.3.1 Interactions Involving Dummy Variables
8.5.1 The Interactions Among Dummy Variables:

We can recast the model by adding an interaction term between female and married to the model

where female and married appear separately. This allows the marriage premium to depend on gender.

The estimated model with the female-married interaction term is :

̂log(wage) = 0.321−0.110 female+0.213 married

(0.100) (0.056) (0.055)

+0.301 f emale ·married + ...,

(0.072)

(9.5)
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8.5.2 The interaction between Dummy Variable/s and Explanatory Variable/s: the Allowing
for the Different Slopes

There are also occasions for interacting dummy variables with explanatory variables that are not

dummy variables to allow for a difference in slope.

To see the interaction between female and edu, we can rewrite the model as follow:

wagei = β0 +δ0female+β1edu+δ1 f emale · edu+ui

Men Group we plug female =0

Therefore:

Women Group we plug female =1

Therefore:
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Figure 9.2: Graph of the Wage Model with an Interaction between female and education
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Example

Table 9.5:

̂log(wage) = 0.3889−0.2268 female+0.082 edu−0.0056 f emale · edu

(0.1187) (0.1675) (0.0085) (0.0131)

+0.0293 exper−0.0006 exper2 +0.0319 tenure−0.00059 tenure2

(0.0050) (0.0001) (0.0069)+ (0.0002)

(9.6)

R2 = 0.4410 n = 526
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