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6 Interactions involving dummy variables

Case 1 Interactions among dummies
**We can use interactions among dummies to account for the e§ect of each combination

of dummies as well:
A di§erent way to estimate eq.(8.1) is

log(wage) = %0 + &0female+ &1married+ &3female !married+ %1educ
+%2exper + %3exper

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

where female!married = female"married:

Comments:

f- to itonermwaikse
p

= { 1 if marriedo otherwise

x x
.

×
.

×
. O O

Xy Xs Xs - - -

n

Io
&

§o
This type of regression can estimate
specific impact of being a married female

→ Sometimes the impact of one variable depends
on the value of a dummy variable .

In this case
, we suspect that the impact of

" being married " may not be the same for
male S female

,

assume that the impact of married
b

so
,
instead of 1wage = pot dofemale to ,

married + other Vari .
we can add an interaction

is the same for E , e,

I wage = pot dofemalet d , married to,female . marriedt..
impact on §
-

Es additional
I wage if married for# of impact of married

on female I



log(wage) = pot eternal etc,married tczfemale.

intercept for
marr

.

single male (singmale) = Po = 0.321

singfemale = pot do = 0.321 - 0.11
Marrmale = pot di = 0.3211-0.213
Marrfemale = pot do to , -18g = 0.321-0.11-10.213 - 0.301

* calculate the intercepts . They should be the same
as the ones on page 85

But for this type of model , we can see
the impact of being married for the
female group more explicitly .
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Case 2 Interaction between a dummy and a continuous variable

log(wage) = %0 + &0female+ %1educ+ &1female ! educ+ %2exper
+%3exper

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

Comments:

[
The slope of
YS the interacted
-

Continuous variable
is going to be

different for
different

dummy
Y Xi Xz Xs . - . groups .

dy
s .-
pi-

* sometimes the impact of one variable
depends on the value of a dummy variable .
e.g . impact of educ on wage may be
different for male S female .

E[ logcwagel female-1 , x. , . . . X.] = pot door -113 ,educt or,educt. . . tu
c-i

= Pototpduct
. . - tu

-
constant slope

E- [ loglwagel female -- O, Xi . . . . Xk] = pot do . Ot 13 ,educt d , O .educt
. .. the

Alogcwag ) a pot pie duct . . . .
t U

cmtstant " slope .

*
#

ma"

- * If the coeff. are significantly
different from Zero ( assume )

,#
female

→

Pitch then
, q workers would hatepo¥-

educ lgeYumsexpfyedeauyaaq.hn? lower
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7 Testing for Di§erences in Regression Functions across Groups

# Is it reasonable to believe that the population regression function that explains the
dependent variable is the same across subsamples of populations?

# For example, is it reasonable to believe that the function that explains "GPA of
college athlete" is the same for male and female students?

Consider

cumgpa = %0 + %1sat+ %2hsperc+ %3tothrs+ u;

where
cumgpa = cummulative GPA
sat = SAT score
hsperc = high school rank percentile
tothrs = total hours of college courses

# If we want to test whether "male" students and "female" students have the same
values of %0; %1; %2; %3 we can estimate the following model

cumgpa = %0 + &0female+ %1sat+ &1female ! sat+ %2hsperc+ &2female ! hsperc
+%3tothrs+ &3female ! tothrs+ u;

and the null hypothesis would be

H0 : &0 = &1 = &2 = &3 = 0 (8.2)

Ha : otherwise (at least one &j = 0)

We can use the F-test to test this type of null hypothesis:

1. The restricted model (r)

In this
case female S SAT will allow us to

'

test
the interaction

between
whether being a female contributes

If 8,40 to any different impact
of

SAT on 6pA as compared with
→ impact of SAT on CUMOPA male students .

would be

←
interaction no impact of onedifferent-8 variable may depend on thebetween

y J Tao'Fanother
.£

, F Taif at least one of these
or is to ⇒ we need to

use separate models
we can use →
Same model for , of different values of
all group. the slopes intercept)

for 0-7 S f
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2. The unrestricted model (ur)

Comments:

7.1 We can use the "Chow statistics" to test this type of hypothesis as well

# When there are many variables in the model, adding an interaction for every ex-
planatory variable would make the regression analysis messy.

# In which case, we can use the "Chow test" or "Chow statistic" to test the hypothesis
expressed in (8.2).

# Chow statistic is a type of F-statistic.

F =
SSRp $ (SSR1 + SSR2)

SSR1 + SSR2
!
[n$ 2(k + 1)]

k + 1
;

where n is the total number of observations.
SSRp = SSR from the pooled model (include observations from both subsamples)

O C O O

F = (SSRr - SS Rur)/q
a -

uses To Sig . level SsRurkn-K- t)
Fy,a

= 2.37
= (547.36 - 534.3114

TTr.ie#E.F=we reject Ho of same model for 8, f
so
, we will need different models fagot ,

+
college athletes .

↳Test for
different models .
We don't need
to create
interactions

.

But
,
we will

need to estimate

3 models .
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SSR1 = SSR from subsample 1
SSR2 = SSR from subsample 2

Comments:

e.g .
male athletes in the previous
- female- example .

- f include only samples .

° %)""
-
← include only f samples
-

o

f- = SS Rp - ( SSR ,
+SSR)

• ( n - 21K ti ))
--

SSR , t SS Rz K t I

= 547.36 - (390.621-143.69)
.
( 732-2/3-11))-
-

( 390.62 -1743.69 ) 3+1

= 4.42

→ Since Fy
,
, atsyo

= 2.37
,
we reject

Ho because 4.423 2.37
⇒ We need different models for diff beeps

.



ii. Regression Result 

 (1) (2) (3) 
VARIABLES gpax gpax gpax 
    
female 0.129** 0.112* 0.0389 
 (0.0549) (0.0580) (0.162) 
hs_gpax 0.415*** 0.409*** 0.416*** 
 (0.0622) (0.0637) (0.0623) 
edu_dad -0.000535 -0.00168 -0.000472 
 (0.00858) (0.00878) (0.00855) 
edu_mom -0.0105 -0.0107 -0.0102 
 (0.00808) (0.00841) (0.00824) 
time_sm -0.0295*** -0.0346*** -0.0510*** 
 (0.0109) (0.0117) (0.0161) 
time_smedu 0.0436** 0.0456** 0.0674** 
 (0.0189) (0.0193) (0.0338) 
time_edu 0.0127 0.00992 0.0160 
 (0.0243) (0.0246) (0.0350) 
time_eduexam 0.0107 0.00953 0.00942 
 (0.0118) (0.0120) (0.0217) 
communicate  -0.00638  
  (0.0955)  
update  0.00807  
  (0.0540)  
news  -0.0782  
  (0.0631)  
edu  0.0363  
  (0.0666)  
star  0.0293  
  (0.0627)  
shopping  0.0538  
  (0.0584)  
femalextime_sm   0.0327 
   (0.0215) 
femalextime_smedu   -0.0344 
   (0.0403) 
femalextime_edu   -0.00574 
   (0.0475) 
femalextime_eduexam   -0.000853 
   (0.0260) 
Constant 1.733*** 1.821*** 1.788*** 
 (0.244) (0.263) (0.261) 
    
Observations 269 269 269 
R-squared 0.217 0.226 0.222 

Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

Table 2: Regression Result

Example from a past seminar paper .

-

f coefficients
I 45,8 ,
- ← Std

.
errs

.

-

Effing
-

-

social ,

media
;

By only looking at"m÷¥f{ ttoanfme.ee#nesuEmhpaoI the coefficients
,

of social media do you thinkpurposes ftp.o the effects of
Ha globo.rwweised.my reject

#top ?#me spent on
-

✓, fff) reject social mediaTgif!!] - ofi¥- is different

media - %,
°4=O .

for for

" interact qq.gg
,

' ' - O'""" 269 -I different

genders ? ?with
female

(Gender ,
O O

reject look D 39 These p- values are
solo P M rejrejteoo"for testing Ho ! 13=0÷÷i#H:i÷i:ii÷÷÷. :c:*:*.

Htt PC 0.01 ** PCO .05 * pco.no ( 1040 significant
( strongly significant effect ) (weakly sig ) level )
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8 A Binary Dependent Variable (y variable): The Linear Probability
Model

# So far, our Y variables are continuous.

# What if we are interested in explaining a qualitative Y variable (that is, Y is a
dummy variable)?

Consider

y = %0 + %1x1 + :::+ %kxk + u

E(yjx) = %0 + %1x1 + :::+ %kxk;

where x denotes all of the explanatory variables (x1; :::; xk):

RY variable is

I
be continuous or 0,1

q #
could

Y e { 1 if rain y.gl covidt ,y = { , if using iPad for note-taking
0 if no rain , o if not O if not

← Vector of X. . Xz , . . . Xk
Ely 1*1 = Prob ( Y =L 1*1 = 13 . -113 , X,

-1 Bzxzt . . . + PKXK
If this is done in a normal Linear regression
⇒ we can have Prob ( 4=11*1 71 or C O

- *= Y
- ( =L if covidt P not realistic for probs 1,I = Prob ( 4=1 ) = o if not ) -

÷gE:÷i:
"

f
"

Linear Probability model

"fitting: test
°
← But the linear probability can
also give us some unrealistic
prediction .

• It is possible for 4 to be Tiago . Here are some

options is Linear probability Model ⇒ imqtion
7 AS OLS but treat ya = Prob ( 4=1 )

.

However
,
this can give ya > 1

,
co ⇒ unrealistic¥2, ,t models ? will force I

to be I E Io , i ] ⇒
don't get unrealistic
results .
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where
inlf = 1 if the woman reports working for a wage outside the home at some point

during the year, zero otherwise.
nwifeinc = husbandís earnings (in thousands of dollars)
educ = years of education
exper = past years of labor market experience
age = age
kidslt6 = number of children less than 6 years old
kidsage6 = number of kinds between 6 - 18 years old

doing a linear regression (OLS )
f y x ,

Pr (inH=i )

Tps↳pa
↳ Because

in the labor 0 Pexperlt)
force C working ) Peiper' C - )
to
Xi

^

A

problinlf-IXX.nl/k)--potfgnwifeinctT3zeductT3zexper . . .
= 0.586 - 0.003 nwifeinc -10.038 educt

. .

-
• I Prob ( in tf - I IX. , . . -Xk ) = § ,

= - 0.003

d¥ic → every USD1,000 increase in

the husband 's income would

decrease the prob that the
wife works by 0.003 .

• dprobcinlf-FX.hr/=pkidsH6 = - 0.262
-

dkidsttb
up Each additional kid under

6 years old
would decrease

the prob that the wife works by 0.262
( 26%1



This is page 95
Printer: Opaque this

Heteroscedasticity Problem

1 Nature and Consequences of heteroscedasticity for OLS

# Heteroskedasticity (broadly) -

# Heteroskedasticity (in econometrics) -

1.1 Nature of Heteroskedasticity

1.2 Consequences of Heteroskedasticity

1. Does not a§ect the biasedness of the OLS estimators

different sub - population /
sub - samples have different variability from
others .

variance of the error
term ( U) ( unobserved factors ) changes across
different sub- populations ( or changes according

' to different values of X variables

• Y - wage ÷÷ wage.| ← Heteroske dash ' city ?

I

oily x ( years of education

Varlulxzdytvarlulxe.az/t.--.VarCulXedu-- 121¥ . . .

Heteroskedasticityivarcuilxnil-Y.TW
variance depends on the
value of X

•
We only need assumption MLR l

- 4 to be satisfied
.

Hetero skedasticity problem violates ass. MLR 5 .

So
,
as long as MLRI - 4 are satisfied , Bas will

be unbiased .



Borrowed from Aj . Wasin 's note
please insert between p . 95 - 96

:
O

X Y



✓ Some values that are far - off from expected values
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2. Does not a§ect the value of R2 and adj:R2

3. Make the estimated value of V ar(b%OLS) wrong

4. A§ect the correctness of our inference

1.3 How can the estimated value of V ar(b%OLS) be wrong?

Suppose

yi = %0 + %1xi + ui

Given that assumption 1 to 4 are true, but assumption 5 (homoskedasticity) is violated.
Thus,

V ar(uijxi) =

And from the OLS estimation steps, we can write

%̂1 = %1+

We can still refer to R2
, Adj . R2

R2 -

- offs = i - Esses ai - take's
Variance of

the Whole
dataset
( all samples)
so
,
are not

affected by
the difference of

62
,
across groups .

→ And because tarpans ) is wrong , our
estimate for varcps.IS , = std . err.

will be

wrong

it:*:* ..÷¥÷÷÷÷÷i÷÷i÷÷÷÷We cannot rely on outE⑥ stated cnoynpgtheisiaseasbnnantgihnealidwell
.

at

Ha:p , to }

indicates heterosK.
2 because it says
Gif that variance

depends on the
value of X;

look up F O
varies - o + Var



①
proxy of 62

increases z

if -0 Homosk
,

with x

the value
2-

of U-2 -

does not ^ ' depends
vary Chas

4

no relationship,
on x →

with X)
,

then we don't
have heteroskedasticity .
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1.4 Two types of remedies

1. Passive

using assumption 4
,
X is conditional upon cis given)
G Jo

( MLR , SLR ) 6
We get constant .

for each
✓ are fit =⇐÷*p,]

-

var xi - Etui] observation

= [ far [Cx , -XTU , tfxz-I )Uzt . . -
+ (XIX)UK]

5?←HeterosK .54
= cxixivartie.it#xiTarTu.it . . . . ..]

Varcp%=yZcxi-x5o2underheteroskedaslicilz
Varys , = = under homoskedaslicity

SSTX

*
If we have heterosK

.

,
we cannot usethe

usual OLS calculation for Var Cps ) , Var Cps )
9
Std

. err .
i - we do not fix or alter the data used

for estimation
.
We only employ the correct

calculation for the Std
. err

.÷÷*t¥÷÷:*. ÷:
¥ EX : Y -- pot B.X, tpcxatpzxztu

estimator Var lp's) = Zi ( Xi - Issei- -

iZi¥eF"eredoskedasticity-robusssf.tl '-9.3'(Std . err. ) g spy. Std
.
err

.

from X
,
= Got f. X. tfzxzt

where Tig. = ith residual from regressing X; on all other ex!!
iii =- y on all x! not Y )

( from the main regression )
SSRj = SSR from regressing Xj on all other Xs .

STATA Command : regress y X , Xz . . . Xk, robust
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2. Active

2 Testing for heteroskedasticity

# The main point -

Suppose

y = %0 + %1x1 + %2x2 + :::+ %kxk + u

Assume that assumption 1 to 4 are true. Our hypotheses to test for heteroskeroskedas-
ticity would be

We know that V ar(ujx) = E(u2jx)$[E(ujx)]2: But ____________________
according to assumption 4. Thus, H0 and Ha can be written as

- manipulate ( change latter I transform) the
data so that we will have the homoske .

pattern in the dataset . ⇒ use the usual

OLS Std . err.

→ use methods such as weighted - least.
Squares .

Heteros kedasticity happens when

Vari Uil x; ) = 6? → variance depends on X

However
,
for the heterosK

.

test
,
we don't know

the true value of 87 .
So
,
we are going to

use ie? as a proxy for 6? ?

←
want to test

if Var ( UIX , .Xk )
is constant .

-

Bs are unbiased .

Ho:Var , Xz , . . . . Xia ) = 62 Tip !
be

Ha ! Ho is not true → Heteros .

with Ho

( ⇒freject Ho ⇐ owe auf×YEtF{ fury ,-

#
° Ho ! E ( U2 I X.

,
Xz . . .

XK ) = 62
Ha ! Ho is not true
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2.1 Breusch-Pagan test (BP test)

To perform the Breusch-Pagan Test in STATA
STATA commands (in case k = 4):
regress y x1 x2 x3 x4
predict u_hat, residual
generate u_hat_sq = u_hat^2
regress u_hat_sq x1 x2 x3 x4
** Then, check the F-statistic on the top right-hand corner of the result table.
Example: Finding the determinants of GPA.

To test the above hypothesis , we follow
these steps .
g) We need to find out whether U2 is correlated

latiwnith X -
This can be done by regressing

Fppadrame = 8. t d
,
X
,
t . . . dkxkt error

but! retahfffor
farm a joint - hypothesis testing for

Ho : 8 , = So = 8
,
=
.
. .

= d
,
= O ( homos k . )

against Ha ! Ho is not true .

So
,
if at least one

of the 8*0
,
we already have heterosK .

2) We don't know the true
value of u? So

,

we use viz instead .

RFI is U2 = do t 8 ,
X ,
t

. . .
t d ,X. terror

Cl )

the Then
,
use F - test

R2 from f *
# of obserati on

this kin - K - i =[R2az/kµ , - penny
regression # of regressorsince ) email

or use the Lagrange -
multiplier test ( LM)

LM~ XZK
LM = no Rtu
if
LM> critical
value in

the I -distribution
,

we reject
pfcix) Ho

¥¥ea .


