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Multiple Regression Analysis with
Qualitative Information:

1 Outline

! Describing qualitative information

! Using a single dummy independent variable

! Using dummy variables for multiple categories

! Interactions involving dummy variables

! A binary dependent variable (Y variable): The linear probability model

2 Describing Qualitative Information

! "Female" and "Married" are qualitative variable.

! We arbitarily assign a dummy variable to decribe them.

famale =

!
1 if female
0 otherwise (or if male)

married =

!
1 if married
0 otherwise (of if single)




















































































































82 8. Multiple Regression Analysis with Qualitative Information:

3 Models with a single dummy independent variable

Consider

wage = +0 + ,0female+ +1educ+ u:

where

famale =

!
1 if female
0 otherwise (or if male)

In this case, the ,0 notation is used to highlight the interpretation of the parameters
multiplying dummy variables. In other cases, we can use any notation that is the most
convenient.
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4 It is not possible to include all of the dummy alternatives in the same
model

! If we include all alternatives of a dummy variable in the same model, we will face
the "perfect collinearity" problem.

For example:

1 = female+male

female = male+ 1

or

1 = winter + spring + summer + fall

winter = 1" spring " summer " fall

! At least one alternative has to be dropped. We treat the dropped alternative as
the "BASE GROUP" or "BASELINE" or "BENCHMARK GROUP".


















































































































aslongasthereistheinterceptinthemodel

wage poxotsofemaletpeduct8male tu4intercept H n b

id female male Xo
Xo X t b I I O l

2 I O l
3 O 1 I
4 0 I l

If thereare n categories i i i

weomit i categorytoavoid 99
multicollinearity X
winter fi ifwinter id winter spring summer fall xo

otherwise I 1 O O O 1
spring f ifspring 2 O l O 0 I

otherwise 3 O l O O I
4 O O l O 1

inthiscasemale
murmur

oitantermwaikse Ya or
giemaleotherwise o

ummmmm interceptly
intercept so

Femaleworkersare munn
expectedtohave
lesswagecompared
tomaleworkers
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5 Using dummy variables for multiple categories

Case 1 We can use many dummy variables in the same model
Consider a model which includes 2 dummy variablesñ female and married:

log(wage) = +0 + ,0female+ ,1married+ +1educ+ +2 exp er + +3 exp er
2

++4tenure+ +5tenure
2 + u:

Comments:


















































































































f iffemaleifotherwise
f ifmarriedotherwise

www mmmm

it
1 Someasuretheexpecteddifferencebetweenfemale maleworkersgiventhesame
maritalstatusandotherfactors
alogwage 1 dwage 0.29
afemale wage

ofemale
noo watgedwage

noof 0.29
ofemale
owage 29.02
ofemale

femaleworkersareexpectedtoearnlessthanmaleworkersby29.02 holdingotherfactorsthesame

2 8 measuretheimpactofbemarried marriagepremium
Butsince IttC1.96 or p 0.05 wedonotrejectHoofnoimpact
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Consider a model which includes dummy variables for each gender/marital status
combinationñ marrmale; marrfem and singfem:

log(wage) = +0 + ,0marrmale+ ,1marrfem+ ,3singfem+ +1educ+ +2exper

++3exper
2 + +4tenure+ +5tenure

2 + u: (8.1)

Comments:
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marr marrtem marrmale Basecase
sing singtem singmale

www orsingmale usedasthebasecase

so

it
Theregressionisnotthesameasthepreviousone Itused singleMale asthebasegroup
Thepreviousoneusemale singleas 2basegroups

Someasurestheexpecteddiffinwageofmarriedmaleascomparedwithsinglemates
holdingotherfactorsconstant

8 measurestheexpecteddiffinwageofmarriedfemaleascomparedwithsinglemates
holdingotherfactorsconstant

82nosame rationale intercept1wage marriedmale s Bot 80 0.327t 0.2127
singlemale Bo 0.321
singlefemale s pot82 0.321 t l 0.1101
marriedfemale s Bot Si 0.321tCo798

educ
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Case 2 We can use dummy variables to represent multiple categories of a variable
Consider the relationship between law school rankings and starting salaries

log(salary) = +0 + ,0top10 + ,1r11_25 + ,3r26_40 + ,4r41_60 + +1LSAT

++2GPA+ +3 log(libvol) + +4 log(cost) + u:

where top10; r11_25; r26_40; r41_60 would be equal to 1 when the variable rank falls
into the appropriate range.
** Rank below 60 would be the base case.

Comments:
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