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4 Testing Hypotheses about a Single Linear Combination of the
Parameter

Consider

log(wage) = &0 + &1jc+ &2univ + &3 exp er + u

where jc = number of years attending a two-year college
univ = number of years at a four-year college
exp er = months in the workforce.
We want to test whether &1 = &2:

take log to make it [
linear

better R2

experience -2

wage

we want to see whether the reward from JC equal to Uni

-

→ if the returns from a more year of edu at JC is the same as

1 More year of the Uni .

Ho : B , = Bz to Ho : B , - Bz
= O

Ha : Br t pz -o Ha : By - Pz ¥ O

z tailed test

Flt )
, f (Z)

re.ie#Eh
" it, zlanea = Significant

Z

e = (Bn-Bz
→ we

compute this t statistic and
S.e. ( Ba - Bz) compare with the critical value !

-
where s . e. ( pi - Ba ) =/ var ( pi - Ba)

T when Bn and § are correlated → we have covariance
not very straight forward

=# ,to calculate → we use vavTpi ) tvaup , - z Cov (Briz
a variable transformation trick

see note!
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another possible hypothesis test (one-tailed alternative)

5 Computing p-Values for t-Tests

# What is the signiÖcance level given the computed t-statistics?

# p-value : P (jT j > jtj)

Ho : Bn = Bz =D Ho : By - Po = O

Ha : Br L Bz ⇒ Ho : Bn - pas o
T

l more Y . at Jo gives lesser w

° it is assumed that for would not be more than Bz

(return to JC would less than returns to Uni )

f-IT)

ie'r e=cei-e
s.e.ci. - einO

t f-
area = significant level * Then , go to the extra note

to find sie . (pi - pi)

Flt)

" shaded "
"

in the
rejection

region

-1%6
, is the p-

value .

T

t -- B; - p;
-

Flt)
s.e.ph;

z - tail test reject-

iiiii

"-"H¥¥""
T = t - distributed random variable with d. f. = h -K - 7

t = computed t- statistic

-o p - value = prob that aiamdom value will be greater (in l l term )

than our t in the Hypothesis test

( Hol



In class exercise

In multiple regression model , assume MLR n - 6 are statistical .

Y = pot Bnxr t Bzxztpzxzt U

You would like to test the Ho : By - 302=1
Ha : otherwise is true

1) write the t statistic for testing Ho

t = (§-3f
S.e. ( B , - 362)

* 2) Define f, = In - 3Bz =D Ho = fr = n

Ha = An t t

( " .

- e: ::c:*:c:÷i:
"

STATA OR OLS estimation

will automatically give

✓ I
,
& se . E ,

now ,
In = I

,
-13%2

OR Bn = En t 3 Bz

sub in main regression and get

y = Bo t Cf , -1302) Xi t Pz Xztpzxz t
U

= Bo t f, X , t 392×1 t 82×2 t 83×3 th

Y = pot fax, t Bz (Xz t 3×1 ) t Pzxz t U

Now , the explanatory variables are going to be

Xi r XL + 3X, and Xz

^

we can calculate q = f , -7
-n
S.e. Q ,



6. Multiple Regression Analysis (Inference) 69

Example 1: H0 : &j & 0; Ha : &j < 0; d.f.= 140:

suppose the calculated t/̂j = $2:75

# From the z-table, the value -2.75 corresponds to area = _ _ _ _ _ _ _ _ _ _ _
_.

# Thus, p-value = _ _ _ _ _ _ _ _ _ _.

# Would we reject H0 if we use the signiÖcance level = 5%?

Example 2: H0 : &j = aj; Ha : &j 6= aj; d.f.= 18:

suppose the calculated t/̂j = $2:18

# From the t-table, the value -2.18 corresponds to area = _ _ _ _ _ _ _ _ _ _ _
_.

# Thus, p-value = _ _ _ _ _ _ _ _ _ _.

# Would we reject H0 if we use the signiÖcance level = 5%?

6 ConÖdence Intervals (CI)

# ConÖdence Intervales for the POPULATION PARAMETER (&j)

# A 95% CI of &j is given by

-02 table !

reject! FIT)
, f- ( z )

N P value = what should be the

T significant level given

f.= - 2.75 ctiticalvalueof-2.75_? ?
P value I

fo: 9" " Y**µ¥¥¥am# ⇒ And the shaded area :

-
T,Z

O

→

"
meaning that we did tBj=s!?p,

0.003

0.003

Yes !

* * Rule ! we reject Ho if p value C Sig - level

→ t table

T constant
""" ""

. "

- 2 - 18

0.02 to 0.05

btw 0.02 - O .
05

Yes ! reject Ho because the area is less than
0.05 or P C 0.05

the range of values that would capture the true BJ at a cist . chance.

€339 "

we capture the true value that we
want

④-1g asf . of the time .
"

ExumXX# w ←
this one

is intern

of t ! we
want

in term
of B

reject reject
← → CI⇒ PTI Cx s. e. (Bj )mN#¥%

,

t
→
noo - as feminist's.ae ! iii. name.

T C is the 1€51 percentile in the look at the table !

1-I total area = 5-t. t - distribution with h- K -I d.f .95 -t.CI



inference Hypothesis testing about
" B " the true parameter.

- -

wage = pot Bnedcu 1- Bz experience -1
. .
.tw

we want to test
f
the true impact ( B) of each × variables

(educ, exper) on the dependent variable CY)

BUT we dont know what the true B are . So, we use B (estimator) and
5. e. (f) to test the hypothesis .

ftp. ) i) test if p = Some number
reject
← : , reject

e
- 9 - Pj = 0 to Xj has no

i '→

impact on y
i i n

" p Bj = n → n unit T in x j
p = a Hypothesized value

arrestpond to 1 unit T in Yex. p=o , B = n etc .
( now some numbers ⇒ ! it

,

i

↳ change this n

+0 t stadarize Pj - pj
- N tdf

.

FIE)
S.e. ( §; )

reject reject
←I t,
"
N##"

T
O Bj - p; F
-

5.e. ( pi; )

st.significah-leve.IT
= total area in rejection region .

ass. d.f
.
100

area = 2×(0.5-0.4803) a suppose . we calculate a
= 0.0394 f-(t) .

-t - statistic = Bi. - Bt = 2.06"

p - value! -
5.e. ( Bj )

reject reject
in St . reject ← , i-7

I 0 Suppose , we are Testing
region .

pua, ne Ho :p; -- Owerejectitfo.li ' ' i
# Ha : Pj ¥0

C -5 > 0.03g q
- 2.06 O f = 2.06

2 tail test = total shaded area.Tsim@SUIT 2 !

p.ua#s;gnifican+ieue1whichwewillreject-heHo0RProb-ha-weWlrejects
if p- value a significant level ⇒ reject Ho ( regardless the # tail : ))
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Example 1: 95% CI

Example 2: 99% CI

f-IT)

#¥¥t¥"nue
of a , .su percentile in the ers distribution

- 2.06

The 95.1 . CI for Bj = [BY - 2.06 ° S . e. (Bj) , Bj -12.06 o S . e. ( B; ))

T

it's a range !
1-I

d. f.= 25

f-(T)

aveaj-o.ws#rea=o.oo,
innit I'%,

at percentile of 99.5
- 2.787 2.787

or area
of 1 - O- 005=0.995

* t table dont care about the pentile but 2 does!

The 99.1 . CI for Bj = (BY - o S
- e. (Bj) , B; t o s. e. ( pi; ))

2.787 2.787



l l l l r

-ie
,

- yest
,7otivat.ioIiIremweBsotiI0addtneminour0f@daA.a

.ae Gr for

→ we want to test the significance of a group of Hypothesis (multiple Hypotheses )

Grade
zz ,

= Go tB1#timeS_fr0#tmktB3hr- study + pg past - GPA + Bs gender + U
L

entire equation Ho : seat position doesnot have impact on @ PA

= unrestricted

By = 0 and Bz = O ⇒ p , = Bz = 0
one w/o seating =

restricted .

Ha : seat position does matters

Br # O and BIO
• R

Br to and BIO } at least n of the
OR

B 7=0 and BIO
B '

o Bz I 0
.

we are testing whether we want to include pi and Bz in our model

( s@r-sspcTYoaYsithansaslomweIeYa.a better explained
-

so ssrur C Sspr it always ①qF E-
SSRur
-

(n- K - n )
T d.f. of the

" ur " model

④ - more x
→ better explained
→ pit
→ SSRI

T
→ But varianceT

l

hard to predict perq.sn
,

all of B
L

everytime we add n more x
, var ( Bns ) will increase

, making the prediction
of P less precise , so we only keep the additional Xs if it 1 they can-improve the model enough
#
can tr R2

,
I SSR enough



f- ( f)

Ho : Bz = Bz = .
. .

= O

→ reject
Ha : Ho is not true€÷÷÷÷÷÷÷÷÷÷::* .

"
41/1/1/1111111

" ' ' F
O l

C (critical value )

- always n tailed test

- rejection region always away from o

we reject Ho of jointly ing eitmtaeut,
if
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7 Testing Multiple Linear Restrictions: The F-test

Suppose the model is speciÖed by

y = &0 + &1x1 + &2x2 + &3x3 + u

H0 : &1 = 0 and &2 = 0

H1 : H0 is not true

We can use the F-test to test this type of "multiple hypotheses".

1. Our full model is called the "unrestricted" model (ur). Suppose it can be expressed
as:

y = &0 + &1x1 + &2x2 + &3x3 + :::+ &kxk + u

2. The model which takes out x (which we think its associated & = 0) is called the
restricted model (r):

qq Gg → want to test if Xp and Xz

Both have no impact on y !
Ha
,

2 models we can use !

Big model -2

Y = pot By Xp t B2×2 t B3Xzt U
L is true ! =D Reject Ho

to K number

small model -7

y= BothXi tu - is true =D do not reject Holess than K

which one to use ? g

suppose there are
"
9 " number of p that we would like to perform

a joint - test of = O

Y = pot Bn X 7 t U

c. g . in this mode our 9=2

y = Go 1- By X , t B2×2 t . . . Bk- q Xk-as the

Prism veto
Ho : Bk-qtr = Bk- qtz = . . . =p ,, = o

so
,
we test whether

we want to include

( the last or po = O)

Ha : Ho is not .me .

Iii: Fm: it.

V

Y = Go + Bi Xi + P2 Xzt
. . . Pk- q XK-q

t Bk
-q+, Xk-qtr -1 Bk - as tz×k- as -12 + . .

+Bkxkt Urestricted model .

unrestricted model .
x

f- test is
testing

do we
need to

include all

variables or not !
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3. Some useful facts

4. Other ways to calculate the F-statistics:

Example: Suppose we are interested in understanding the determinant of a baseball
playerís salary.
salary = season salary
years = years in major leagues
gamesyr = games per year in the league
bavg = career batting average
hrunsyr = homeruns per year
rbisyr = runs batted in per year

# the unrestricted model (ur) is deÖned by

① plur ) R! because additional X will increase R2 ( improve fit)
r

↳ -0 SSR ur C SS Rr

② By including more x , the model is certainly explained . However,
we wanna reject Ho if the inclusion of extra variables

does not improve the model enough

- Rss

-0 from R2 = y - SSI
SST - TSS

we have f E (R2ur-e
of C- # of B that set to O
-

(n - Nur )
-

n-K-Eiht.
T T#Slope of B
#of observation

if we want to test the overall significant of the model1-

Ho : p, = Bz = 93 = . . -
= Bk = O

, Ha : otherwise
f always - R

'

of the model = URgiven 'd
f = R4k the '' r ' ' model has no X at all !-

7-Ryun-K- t )

we want to test that x can explain the model !

(Y )

if we want to test whether

• {§ toerag:Yaar;?
has any impact

inooicpaetfoma"e{ Ho : Bbaug = Phrunsyr = prbisyr = o

Ha : otherwise is true .
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# the restricted model (r) is deÖned by

Now, our H0 and Ha becomes

we
model

x x
x

-

3

Sse *

T

UR
has higher

RZ

(as
this

SO
, each of themrower - -

cannot explain salary
- ↳

° base on our method e
- o

'

⇒ f - ¥
, "ai:#wie: ites.

-
o wether they can jointly

- o explain Y -of test.
§
s -Dif joinly ①

each of them dont excess 1.96 we include in the

← model model
. lur ?? )none of them has a significant

y
y

y im ,,g, a, g.,. , we ,annoy me, e , µ , ,µ, ,a,

§
, so,

{see ①
①

⇒ " " """ "" " " " "" " "" """

SST

R2 from UR

HW :

F=iss:;÷::¥ ÷E*
F E (193.327472-183.186327)/3 /

± ? ?

L
- I9.55
183.186327/353 - S - y

f-(f)
since f- = 9. 5572.6, we reject Ho at 5 -s . level

5-I ' level of significant and conclude that pro form anees have joint

effects on salary .this:
-0Fz , ⇒ C = 2.6
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8 How the Hypothesis Testing is done in Practice

1. Check the values of t $ statistic reported by the statistical software (i.e. STATA,
SPSS, SAS)

) These t$ statistics are to test H0 : &i = 0

) If the d.f. > 30; then when t > 1.96, we can reject H0

)When t > 1.96, we can say that &i is statistically signiÖcant at 5% level.
(value of &i 6= 0)

) When t < 1.96 we can say that &i is not statistically signiÖcant at 5%
level.

) If t < 1.96 we can drop xi from the model

) After we drop xi; we estimate the new regression function and obtain a new set
of &̂:

2. We can also perform other hypothesis testings of interest.

e.g. H0 : &i = &j

or H0 : &i = 5 etc.

or perform an F-test for testing multiple linear restrictions

3. Usually, in economics, the estimation results are reported using this form

← z-table

with 5 -I . sign . level- -

ist. significant level

usually we keep these X in model

s . -1 . People dont put it on model

drop dc . it is not show significant impact on explaining y

IF VR of f -0 Compare see or RZ

we have 3 models
,
but which one to use?

O O
sales → -

- → value of B

changes

one

. inane
CEO charasteristics{ } impact on S ""

( depend
on

direction
of
bias )

I# year work with compa . )

l l

most unrestricted
restricted

like a simple regression

( only n x )
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Multiple Regression Analysis : Further
Issues

1 Data scaling on OLS statistics

When we change the unit of measurment of a variable, the value of estimators would
chance accordingly. For example

\bweght = b&0 + b&1cigs+ b&2famin c;

where
bwght = child birth weight, in grams.
cigs = number of cigarettes smoked by the mother while pregnant, per day.
famin c = annual family income, in thousands of dollars.

weight

→ ex. currency

x x x

g

what if we use bweght in kilograms ?

1 kg. = 11000 g

n -
= bweghtg = Bo + By Cigs tpz faminebweghtieg - - - -

7,000 11000 11000 71000

= To -1 In Cigs t Iz famine

n
n n

n

do = Io d
, = I ^dz-_I

7000 I 7000 I 7000

a" intercept and slope will be less than the old one by

a thousand time.

what if we Use famine in USO (instead of 1,000 USO)

bwegTtg = Bo + In Cigs tpfamincuso
7000 T

the value of this variable is
n going to be 1000 times larger

⇒ EE fare
effect will be lesser

lol. We
Use I dollar

in other words £2 = impact of 1450T income

pnw=u- 'l 7,000USD T income



What if we use bweght in kg & income in THO

n n n

Bo Br Cigs t P2 famine -1µgbweghtfg = - t- -
1000 1000 7000 /
-

301000 this value is going to be

£ 301000 times more than

effect get famine
(nkuso)smaller Io

'

change in unit of measurement will not change t - stat
p- value

implication
significant } will notchange

.
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2 More on functional forms

# Logarithmic Functional Form

log(y) = &0 + &1 log(x1) + &2x2 + u

# Models with Quadratics

Example : E§ects of Pullution on Housing Prices

log(price) = &0 + &1 log(nox) + &2 log(dist) + &3rooms+ &4room
2 + &5stratio+ u

←usually means natural log

Pi = dlogcy)
- Bz = 4109 ly)

-

410g (Xp dxz

= # dy
-

=
I

n y dy
*
DX, -

d ' d Xz

÷::÷.=¥÷. I =÷÷
.

= # (Y, - Yz )
-

if we want the upper term to be 100's . Change
¥ (x, - Xz ) then
I

100 BL = 700¥ Oy
=
yoo

× # OY -

- 0×2
100 X I DX

X 100 Bz =
t- OY
-

= ← elasticity 0×2
i. OX 100 Bz = - l . O in Ywith the log y & log X format , the Coffieht is elasticity given that Xz T by a unit

.(y , elasticity yfy )
p Qdemand

( sqares)

→ capture increasing 1 decreasing marginal effects ( slope of the relationship btw x and y isnot constant?

Decreasing in marginal effect
.

COULD -19 example
Y= Bot Byxtpzxtu profit lit)

YC# cases) Y= Bot Bix tpzxztu

dy dx

µ ai:S't:*: I IF" :c :%÷%:: "
d IT fill , Pzl-I

F.O - C Iq = 0 = 9-0 - 28

- X (days,
# unital )

9¥
same x !



7. Multiple Regression Analysis : Further Issues 77

where
price = housing price
nox = level of pollution
dist = distance from downtown
rooms = number of rooms
stratio = average student per teacher ratio
The estimation result is given by

Consider the e§ect of "room"

What wold be the % change in price when the number of room increases from 5 to 6?

00

( low → good school → P
. of Houtses)

log (price
)

\

log
(HOX) -

Itt > 1.96£ t

p C O - 05
all variables are we can rejectsignificant

.

at g.,. level of significantS
.

d log (price )
= pztzpg rooms = - 0.553 -121- 0.062 ) rooms

d rooms

Good At How many rooms109C Prices ) does 1 additional room
has a positive impact on log price ?

O =
- 0.553 -1210.062) rooms

rooms = 4.4

mom,
a, a, mom , a , more #

? 5
.

N 5 rooms OR more
4. 4

*

→410g ( Price )
- = - 0.553 t 210.062 ) o r00M#
d rooms

700 o 1-
price Price

= goof- 0.553) t 100 (210.062))
' ( 5)

-

d rooms

= 700×0.067 = 6-7 'l - increase

what about t. in price when # rooms increases 5 to 7 ? ?

'I - o price = 100C - 0.553 t 210.062706 ) = 19.7
-l .

Total impact : total t . 0in price when # T from 5 to 7 is

6.7 t 79.7 = 25.8 -l.
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3 Models with Interaction Terms

Consider

price = &0 + &1sqrft+ &2bdrms+ &3sqrft' bdrms+ &4bthrms+ u

where
price = housing price
sqrft = house size (square feet)
bdrms = number of bedrooms
bthrms = number of bathrooms

→ used when the impact of one variable

depends one the value ( values of

another variable .

X3

-

Xy Xz Xy XZ Xp

edroom → in price

g
,
t i

add b

4 Price = pztpzsqrft ← also the size of the House 60%2520
-

Higher Price .clbdrms it's ④ so if ④ bedroom sin 9W Big Houele →

→ if P2 >0 then , an additional
bedroom would I price more for the larger house .

Price

large house

- mall house↳
eg.am
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4 More on the Goodness-of-Fit and Selection of Regressors

# Adding more regressors ALWAYS improve Öt

Using adjusted R-squared to choose between non-nested models (one model is not a
subset of another).
Consider Model 1

\salary
=

830:63

(223:90)

+0:0163sales

(0:0089)

+19:63roe

(11:08)

n = 209; R2 = 0:029; 6R2 = 0:020

Consider Model 2

\log(salary)
=

4:36

(0:29)

+0:2751 log(sales)

(0:033)

+0:0179roe

(0:004)

n = 209; R2 = 0:282; 6R2 = 0:275

* * → R2 always increases

" "

Trade off ; we lose the degree of freedom

(d.f . = free data point used to est
.
the parameter)

→ 1 data point is sacrificed everytime we estimate the parameter.

• Using R2 would not punish
"

Having too many regressions"

• we use adjusted R
'
or f-

2

where we want to punish
"

Having too many regressions"

R2 = g - SSR = y - 55814
- -

SST SST

1h11
-
SSR Icu- K - I )

adj . R2 = ¥-17
we have more K , d.f . =h - K- n 4

SSRI Ch - K- 1) T
, adj RZT

-
27.5-1 . of varia tio in y
is explained , this is better

p
model !

the second is better
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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)

✓
Malet female
- seasons

T

what happen if Y is still qualitative

dummyvariable
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3 Models with a single dummy independent variable

Consider

wage = &0 + Y0female+ &1educ+ u:

where

famale =

"
1 if female
0 otherwise (or if male)

In this case, the Y0 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.

(1)

- th
w' v

-

gemmy"" O

① E ( wage 1 female , educ) = E ( pot So female t p , educ + U l female
, educ)

= Bo t So female t Br educt E ( UI female , educ)
+

All ML R = O

1 - a

Statisfy
= Bo t Sofemale t foeduc

② Thus

f : E ( wage 1 female =p , educ ) = pot So Cl) T B , educ = Bo t So + Pn educ
.

-

on : E ( wage 1 male = o ,
educ ) = pot Solo) T B , educ = Bo Tfn educ .

= o

80 = E ( wage 1 female = n , educ )
- E ( wage 1 male = o ,

educ )

OR So = E ( wage 1 female , educ ) - E ( wage 1 male , educ )

* given the same value of educ ( same educ level ) ,

80 is the diffence in the expected wage of females and males .

y = wage

wage = Both educ

#
Male :

Srp,

female : wage = pot So t educ
w-Lrp, interceptthese

. .. .÷:÷÷÷÷÷÷÷:÷÷÷÷÷Ct÷..
female variable give a constant impact on wage !
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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".

( as long as there is an intercept in the model )

it always
add Up

to 1
!

When value of 2 Variable are exactly the same
.

e/L P in $ and 81 n you have to choose 1 .

I n O 7

2 I 0 7

" →

"

in::÷÷: "÷÷:
"

::*:c:":*:/;~ .

multiple if there are n categories, we omit y category
categories . to avoid multi Collinearity. .

99
Xo

v V V

O X
'
om it fall to
dont have perfect

id winter / Spring/summer fan To Collin@arity ,winter = {no if winter-otherwise ' 1 o o o 1 ( it might add up to o
Z n o if we in fall season

. ,
spin. ;¥÷.÷÷:÷/:/÷ :/
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O O n in this case, male
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, { no
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>
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:
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being
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have
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compare

to
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-
workers .



84 8. Multiple Regression Analysis with Qualitative Information:

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 + Y0female+ Y1married+ &1educ+ &2 exp er + &3 exp er
2

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

Comments:

rt: ::::: .co :c:::ie:

80

T
not reject
Ho
/

£

27 G measures the impact
of being married

(marriage premium) But since I -4 C 1.96 or p> O - 05
,
we do not reject Ho of

marriage has no impact .

1) So measures the expected difference btw female & male workers given then

same marital status and other factors .

d 1091 wage)
= Ige d wage = -o . za
- -

dfemale d. female
4 thx = I g. change
-

x xDX
= watgeed wage

= noo
o - 0.29
- -d thx = ¥¢x d female d female

= -l - o wage = 29 - 02 -l.
-

dfemale

female workers are expected to earn less than male workers

by 29
. 02-l - holding other factors the same .
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Consider a model which includes dummy variables for each gender/marital status
combinationñ marrmale; marrfem and singfem:

log(wage) = &0 + Y0marrmale+ Y1marrfem+ Y3singfem+ &1educ+ &2exper

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

2 + u: (8.1)

Comments:

÷: meine

(or Sigma le ← used as
the base case )

no sig male→÷

me

as

.es/
T

us case,

Just intecept that change This regression arenotthesameas-hepreviousane.IEqualitative breakdown ) It uses
"

single male
" as the base group . (the prevous one

use male & single as 2 base group ! )

• So measures the expected diff . in wage of married male as compared with

single males
, holding other factors constants

.

• 81 measures the expected diff . in wage of married female as compared with

single males
, holding other factors constants

.

• 82 measures the expected diff . in wage of single female as compared with

single males
, holding other factors constants

.

toy wage Ied male ( int spot So = 0.327 t O . 272 t )

#
Marr

le male ( intercept : potato c-0=0.321)#
Sing

0.534

°-32µs """ """"e "" " + " = ° ' "" """

i ed female ( int : pot 8, = 0.322- 0.198 )0.277

a. izz
#

Marr

O
-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 + Y0top10 + Y1r11_25 + Y3r26_40 + Y4r41_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:

- ranking -
/ I

* In many cases the
" rage of value " serve as a better explanatory variable than

" value" itself

eg . age

may explain the

model better if spite

in to generation
like

young co - 15 )

genz ( lo - 29)
etc .

:
82

baseline is ranking - s'

6Th and worse

1) go measure the difference in expected
baseline

log (salary) of law-school grad from top no u-
Rank top no top 17 - 25 top 26-40 etc

.

compare to expected
-

r
y o o log (salary) of law-school grad from Glth→ worse

2 O O
7 O O

z n o o 2) Sins use the same rational !1 - .
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