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4 Testing Hypotheses about a Single Linear Combination of the

Parameter
take log to wmake it [“"‘Cq‘f

Consider bettev RZ

log(wage) = By + Bijc + Pyuniv + Byexper + u

where jc = number of years attending a two-year college
univ = number of years at a four-year college
expeviewce™ exper = months in the workforce.
We want to test whether 8, = f,.

wn
we wanf to See whether the leward from TC i

2 the retuvns Gom \ wore Yedr of edy Of JC IS the Same ag

1 morg Year of the umi.

Mo @ B = Pz & Ho' By=8s =0

Bg @ @1 # B2 Ha: Bq - P # 0

2 taileqd  test
£(e), £()

reject

T2

= Significant jevel
2

A N
t = (P'I"’@z)—o
N N
se. (G- 62)

A N
where  S.e.(fa-8,) = m

- N\ PP P
- \) vav (g + vae (p’;_) ~2(ov (#1/82)



68 6. Multiple Regression Analysis (Inference)

another possible hypothesis test (one-tailed alternative)

Bo ‘& =62 Ho: By -~Po =0
Ha : £1 < @ Ho: fa-g2<o0

® it is assumed that By would not be more thaw B2
(return to JC  would less thaw refavms to Uwi)

(0
’ o T se. (g, " 62)

5 Computing p-Values for t-Tests

e What is the significance level given the computed t-statistics?

€(%)
t - tail test
T,
tep;-8;
L.0.
£(e) sy
- tai| test
. © 7

e p-value : P(|T] > [t])

T= £- Jistibuted random vaviable with d.€ =w —k=-1

t= Computed t- Statisfic
P-value = pob that 4 ramdomT value will be greater (i 1) term)
an OWr t jn the Hypothe Sis  fest
(Ho)



b Closs exeveise

n multiple regression model , assSume MLE 1-6 ave Statisfied.

Y= Bo tPaXatBaxat PaXat U

You would like to test e Ho ' Py- 3Pz =1
Ha * otherwise is true

1) wvite e b Statistic fov festing Ho

Lo (3|'3$z_)—’\
n [,
s.e. (e, - 382)

A A
) Pefine By = Ba-3Pr P Ho = 041
Haq = @4 &1
[\
t= 01_1\
— A
5e. (0,)

A N A
wow, Ba = o, +362

o 01 =064+ 36,

sub in wmain Ve gvession and 9et
ye Bo + (0% 3f) Xy + P Xt Paxat U
=P t 6 x 132X+ @2XoL 4+ BaX3 +
Y= Bo 0,4 P2 (X +3x)+B3x;
Now, the explanator¥ Vvariabples ave gop +to be

Xy Xy +3X and (X

A
we Cam Calculate ¢ o §,-1
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Example 1: Hy:f; >0, H,:8; <0, df=140. =2 e/

@ find tue chaded dvea!

flD), £(2)
A
i Tz
-.38 0
+ suppose the calculated 5 = —2.75 ((?J‘ﬁ')
J v J

weaning that we did té= se. ((5”5)
e From the z-table, the value -2.75 corresponds to area =

e Thus, p-value =

e Would we reject Hj if we use the significance level = 5%7?

Example 2: Hy: 3; =a;, H,:B;#a;, df=18.

T
. il tot (nstant

l

[}
—21g L

suppose the calculated t; = —2.18
J

T

e From the t-table, the value -2.18 corresponds to area = 0.02 o

e Thus, p-value = btw 0.02 - 0. 05

e Would we reject Hj if we use the significance level = 5%7

K ot P 0.05
Yes! vejedt wo becCause twe orea s (€33 thaw 0.0S

6 Confidence Intervals (CI)

e Confidence Intervales for the POPULATION PARAMETER (§3;)

e A 95% CI of j3, is given by

A
cz= ;4 Cx s.e. (B))

0 94%.5



[]
Hypotwesis testing about "B' the true Parameter.

\“feyenle
wWage = @o+ Pqedcu + Py experiente + ...+ 1
We want to test the +tue impact (g) OF eqch y varnaqbles
(educ, exper) ow +we depen dent vaviable Cy)
BVT we dwt mow what e true g ave. S0, we use @ (estimator) and
I\
S-e.(B) to test e hypotnesis,
£68) ) 1Sf if = Some numper
rejlet
) ='Bje(f g. PJ S0 - XJ haes No
§ iMpy ¢+ on Y
|
o Biz a2 A unit d inx
= /]
B2 & Myeodmesized value Corcestpond €0 1unit D in y
- $20, 824 ege. R,
(W Some number) Dot test ! 2
e vy °
Change Hnis “-.. ,
lL'fa t stgydorire s_f,__( P’&; ~ tde
) Y
reject rejec
l
{ l/
[(51-_sieniticant level)
= total areq in rejection regiow.
ass. df 400
area = 2x (0.5- 9.4.80)) * SUppose ., wue Caltuiste q
=(0.0394 f(E) t-Statistic a p; -8 < 200
o-value! s.e. (&,)
n S1. veject / ¢ Suprse, we AV Testing
yeso\ﬂh.
Quﬂ\“‘ N\ Pvalue Ho : Byz0
‘ . ] !
- 208 o t =

05> 0.03q¢
Wy oswrsal

T tail test = <+¢ofaql shaded avea.

re )ttt -

\:— Value = signifeant leve] which we will reject e Ho oR prob that we w“'}

1 P-valug < Sigwni€icant fevel Drejers Ho (vegradless the # il )
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Example 1: 95% CI
£07)

-l.'ob ° 2.06 = value of q3 5™ pevcentile in the ty5 distribution

N o A A
™e 95)- CI fov PJ s [p;i '1-“'$.e.(3‘i), B t2.0b © s_e‘(sj)]

2
it's a rqv\ge_l
—
Example 2: 99% CI d.£.=%
£
. 0005
ae® 20 aréa = 0.004
\ /
/ , _
] P} [ at pereewtile of qa.s
—las?‘ 2.‘e;‘ ot orea * 1-0.008 = 0.qq5

% ¢ taple dowt care aboy¢ me powtile but Z does!

™ fo 8 [8 s.e (a) a é
Q). CI fov Py = J - »s.e.(@; i+ . S.e.
¢ Y 2.98% Vs B S aes (8»)



\\l"t,

~ € - fest motivation - QN P1 Po=0
A I I e we Stiil adg them w sur Ve ?
bk k kN T

2 we want o test e Signiicane of & group of Hypotmesis (wultigle Hypotneses)

Gradyq, o= Po *@ # Himes _ front +p2# times_ b@fﬁz hr_Study + B4 Past-GPa + Bg gendev +u

J
onfirs eqen fiown Ho: seat position doesnot have impact on GPA
= wnveseicked
Br=0 And B, = 0 P =P, =0

mo wlo Seating

roygsct €4,

Ho: Seat positiow does matters

02 Ba#o0 and (‘)z#o

o¢ By = b1 .82 £ 0
150 and (#0 :

2 |
o ove +esting whetner We want *0 jntlade P1 and #xin ouv wode
N

always nwas lower w )be(-lev- ex plained

(EED - Gy * |t o movex!

% S0 GSRw £ SSRy it always ®

SSﬁuy-
(n-k -1 |
 df.o0f e wr! mdel

@- move X

2 beger explained

s ety
D SSRV "
2 Put vaviamce P
I
) A}
havd to predict pe.qﬂy all of P
"2

evevy 4 . .
yHwme we aqdq 4 Wore x, vav (Bs)  will incvedse, wmaking e prediction

of 8
. less precise, $o we omly Keep te additional xs € £/ fhey can
mpeove ™18 wodel emow gn

can U RY §SSR enougy



(2

Ho' fo=f3=-..320

© Ho 1§ ot tWae
—veject Ha - Ho 1& Mo

df. o€ tne
BN Ro,naq-k € W model
*

# Of jon Hypotuesis
being tosted

//////////////// 77 77

]
C Ccridical volue)

_ qwayS A +ailed test
- vrejettion rgg'(OV\ always gqway fom 0

W& roje(t Ho of jointly wo péect it

(a0 imact)
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7 Testing Multiple Linear Restrictions: The F-test

Suppose the model is specified by

y = Bo+ Bix1+ Byxe + Byrs +u

HO N zzoand ,83:0 9 wont to test ¥ Xq and xp
. BoTH Wave Wo impact ow y !
Ha , Hy : Hp is not true L

We can use the F-test to test this type of "multiple hypotheses".
Twmodels we @ we!

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

as: yz e,of@.lx.,+§lxzf33x3+u,
y =By + 0171 + Boxo + Pz + ... + Brar +u

SWall mogdel> 2. The model which takes out x (which we think its associated 5 = 0) is called the
restricted model (r).

Y= fo+BaXyty

which one 4o use! <y

suppose theve ave “q' pumper of & et We would like to perform

O joiny - fost of =o0
Y= fot fax1t w

e‘g. n ‘HﬂiS V\o\ode oW q:z

Yz PotPa Xot B2Xat | B o Xe-g +W

SO, we test whethev
we wqh{ 40 .V\C“l\de

Xk-ogka Xr-0t2,. .. Xy
vaviatie w ow wodel

Y= o"'@‘lx‘l"'@lx +
. EP PreqXrea T B Micanat g aea + . PRt W

warestritted wodel.
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3. Some useful facts

LS . L
Q R?{,,, > R, because additionql x witt incvease € (iwprove #t)

- $SRyr < SSRv

® By induding move X, sme wodel is (eviauinly explained. However,

we wihng reject Ho it e inlusion of erpn vaviab(es

alogsnot improve the wodel enougly

4. Other ways to calculate the F-statistics:

= 1o

we wave f = (Rur-@r)
q‘

(4 - &)

n-t-1

¥ we wont fo teit twe ovevall sigwificant of fue wodel

Ho :{1.’91"'9;'—'-.- =¢|<=0

¢ = P}/K
J
1-R*/{w-1-1)

,Hq

: other wije

Example: Suppose we are interested in understanding the determinant of a baseball

player’s salary.

salary = season salary
years = years in major leagues
gamesyr = games per year in the league
bavg = career batting average
_\“{\w*::l ,,\o.v“e‘ hrunsyr = homeruns per year
ot rbisyr = runs batted in per year

e the unrestricted model (ur) is defined by

€ we want fo test whether,
ng(gnmamtﬁ has Gwy impact

ow JSqlary.

Ho: pbqvg = Prrunsyy = P rblsyr = O

Ho: OBfnevwWe is frue.
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3¢
N Y X
regress log salary years gamesyr bavg hrunsyr rbisyr
Source SS df M5 D Number of obs = 353
F( 5, 347) = 117.06
Model 308.989208 5 61.7978416 Prob > F = 0.0000
SS & Residual 183.186327 347 .527914487 R-squared = 0.6278
Adj R-squared = 0.6224
Total 492.175535 352 1.39822595 Root MSE = .72658
log_salary Coef. Std. Err. (_06 t B>|t] [95% Conf. Interval]
/\*
years .0688626 .0121145 .0450355 .0926898
~— gamesyr .0125521 .0026468 .0073464 .0177578
s — bavg .0009786 .0011035 .0011918 .003149
= = hrunsyr .0144295 .016057 .0171518 .0460107
—rbisyr .0107657 .007175 .0033462 .0248776
— _cons 11.19242 .2888229 10.62435 11.76048
"B W\Ode»\

Y}

>

regress log salary years gamesyr

e the restricted model/ér) is defined by

= When ¢

level.

73

P
N L
wighev
ve was W9

So,eadh of thenm
_—————-—-‘

Aot explain salary
basg on owv wtthode

(camnot ve)eLt Ho

but we want b fest
wetwer tuey can jOtnty
explainy £ test.
i joinly @

we incude in the
model. (yg??)

We tamnot reject Ho (£hat say Holf =0)

< 1.96 we can say that 3, is not statistically significant at 5%

Source 55 MS Number of obs = 353
F( 2, 350) = 259.32
Sse Model 293.864058 2 146.932029 Prob > F = 0.0000
SS& Residual 198.311477 350 .566604221 R-squared = 0.5971
Adj R-squared = 0.5948
§ST Total 492.175535 352 1.39822595 Root MSE = .75273
log_salary Coef. S5td. Err. t P>|t] [95% Conf. Interval]
years .071318 .012505 5.70 0.000 .0467236 .0959124
gamesyr .0201745 .0013429 15.02 0.000 .0175334 .0228156
_cons 11.2238 .108312 103.62 0.000 11.01078 11.43683
Now, our Hy and H, becomes HW:
2
F = (sse,-ssey)/ % Fz R/%
1-2 /n-t-1
SSRuy / M- k-1
= ¢
e = (193.3119%3- 183.180323}) / 3
o
v 9 55

183 13,32% /353 -§-1

51 level o€ SHuificant

£=9.55

|
F'), oo C=126

Sime F=9.55> 2.6, we rejet Ho ot Sv. |evel

angd

on Snlqry.

Condyde tat proform anes
efre s

have Joint
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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 Hy: 5, =0

= If the d.f. > 30, then when ¢t > 1.96, we can reject Hy Wif, 5. sign. Jew)

= When ¢t > 1.96, we can say that (3, is statistically significant at 5% level.
(value of 3; # 0) wually we Keep these X in mode|

= When ¢t < 1.96 we can say that [, is not statistically significant at 5%

level. $+. POAC downt put it o madel
drop dc. it ‘s mot Show Signifitant impalt on explaining y

= Ift < 1.96 we can drop x; from the model
= After we drop x;, we estimate the new regression function and obtain a new set

of B

. We can also perform other hypothesis testings of interest.
or Hy:[B,=5 etc

or perform an F-test for testing multiple linear restrictions
'\J’ Uk o¢ & — (Compave Sgp OF g

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

we have 3 wodels, but whith e to uged

Dependent Variable: log(salary)
Independent Variables @ @ @
log(sales) 224 158 188 volue of @
s — L -
al es 5 (.027) (.040) (.040) g canges
log(mktval) e 112 .100
ofwev cown . (.050) (.049)
poviormance profmarg — —.0023 —.0022
(.0022) (.0021)
ceoten R e 8(1);; T " JRL
CEo chavas fovistics (o) o ¢
comten — —_— —.0092 Q.“\&
(# year Work with Compa, ) (0033) | (03&_{@“
intercept 4.94 4.62 4.57
(0.20) 0.25) (0.25)
Observations 177 177 177
R-squared 281 304 353
1 \
most un restvitteq
restAct @3

ke o Simple regrossion
(only 1 x)
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Multiple Regression Analysis : Further
Issues

1 Data scaling on OLS statistics eiant
A& cwreney
When we change the unit of measurment of a variable, the value of estimators would

chance accordingly. For example

bweghts: Bo + Bicigs + By faminc,

where

bwght = child birth weight, in grams.

cigs = number of cigarettes smoked by the mother while pregnant, per day.
famin ¢ = annual family income, in thousands of dollars.

what if we use bwegh+ im Kilograms?

1 K. = vooo g

VAN N A A A
buvegr, - bwegntg = Po 4 B1Ciss + Pafaming
J 1000 4000 11000 1,000
A AL A
= oo+ O\ Cigs + Ry faming
A A
A A n A
%o = o = B diy= B’-_
1000 2000 / 1000

what if we Use famine v USD (instead of 1,000 USD)

A A
bwe"""’s = 60 + B4098 + P2 faming

N
A
P 0,= B2
4,000 tnme effeLt will be 1e5se,v
oL, We use dol\av

“ .
n oter wordS G 5 impatt of 1WHDT  mume
N 4 —U 1000 USD T intome

(2"



what f we use bweght in kg & intome ih THB

)
n n )
igs +  f2 fawminc .
bweght = o + Ba___ cigs v
€3 41000 1000 A000 /

301000 (s value i 991Ny fo be
\[ 30,000 times Wore +than

efcect get fqm‘me.(,m vi)

Smailer $°

thange W unt o Measurement will wnot change t -Star

P- value

will wnop

implicurtio n }
thang e,

5;9‘4 ih nt
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2  More on functional forms

e Logarithmic Functional Form

7. Multiple Regression Analysis : Further Issues

gWuwally means natwql log
log(y) = By + By log(z1) + Byz2 + u

_ A

= y&-n)
i (x4 - x2)
X1

1

100"y 2y

100X le
X

{]

7.4

& elasticity

-
-

with, the log ¥ & log X

e Models with Quadratic;>
(sqares)

—> Gpture incveqsing/ decreasing  wgvginal effects (slope ot +4ue reldionshi

Wot Constqan+)
Decveajing in Warging) eécecs.
CvID —q ampie 6 2 4 ()
Y(tcases) Y= Bot Byx+Paxtu wofi Y= Pot Gox ¢ axteu
dy dy
ax = Pt 262 x ar = B1t2eax
- - = +) (= w =(P-mc)q , mcz(o
+ d )
) (+)days : U = (190-9-10) O
: L a,g. mz _ P2
0.¢ = = o
! dy o 90 %
X (dﬁ)rs) —q‘ m unit(q)
Same x!

{

AXy

8%
format, fhe (offient is elasticly
()/(, elasticity <}<—Y)

Ode'”“md

if wWe want fne Upper tevm to be 100/. Chang
they,
100 o = 1°°1Ay
—_y
ax,
100 62 = /-4y
A X,
1008, = . A
=7 A MY ogjven

P btw x angy |s

Example : Effects of Pullution on Housing Prices

log(price) = B, + B, log(nox) + By log(dist) + Bsrooms + B,room? + Bsstratio + u

(]

unit,
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where log(price) = By + B, log(nox) + 5, log(dist) +++ Bsstratio + u

price = housing price

nox = level of pollution

dist = distance from downtown

rooms = number of rooms "
stratio = average student per teacher ratio (low 2 900d school > Fo¢ Houses)
The estimation result is given by

regress Jlprice Tnox dist rooms rooms_sq stratio

source SS df MS Number of obs = 506
FC 5, 500) = 155.62
Model 51.4933152 5 10. 298663 Prob > F = 0.0000
Residual 33.0889098 500 .06617782 R-squared = 0.6088
Adj R-squared = 0.6049
Total 84.582225 505 .167489554 ROOT MSE = .25725
o ()
\Yoo-=%
N\ lprice coef. std. Err. t P>|t] [95% conf. Intervall]
\o (wox) = Tnox —-.9767545 . 0995938 -9.81 0.000 -1.172429 —-.7810806
9 dist -.0321972 .0094013 -3.42 0.001 -. 050668 -.0137264
rooms -. 5528032 .1612965 -3.43 0.001 —. 8697056 —. 2359007
rooms_sq . 0624697 .0124867 5.00 0.000 .0379368 . 0870025
stratio -. 0486667 .0058131 -8.37 0.000 —-. 0600879 -.0372455
_cons 13.59154 - 5650901 24.05 0.000 12.4813 14.70178
L
11> 1.95¢ v
all vaviqy) p < 0.0S
]
signicicant. C  We Can vgject

. at 5+ fev Signi &
Consider the effect of "room" eve| of Sighiftants,

d fog Cpvice) -

B3t 284 vooms = ~0.553 T 2(0.062) rooms
d rooms

o3¢ Prites) & At How many rooms does 4 addifiong] room
Wa> @ possitive impac+ on 109 price 7

0= _-0.553+2 (0.062) roowmg

room$ = 44

vooms 0t 4.4 ro9ms oR more g
v5 r0oms op wmore

*
PO f-

“f What wold be the % change in price when the number of room increases from(5 to 67

dlog (Price )

= -0.553 + 2(0.062)srooms
d rooms

100 o '—1'_ P'ite

price 100 (-0.553) + 100 (2(0-062M (5)

d VODMS
= 900 x 0.063 = b-F /- intrease

Wwhat about 7- in pricc Whewn # vooms imcreases 5 to ¥ Pl
7-apvice = 100(-0.553 t 2(0.062)e6) = 1917/

total impatt - total /- Ain PHe WIBW H D fom S F03F IS
6%+ + 19.14 = 25.8 /
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3 Models with Interaction Terms + used whew +he impact of ome Wariable

depends ane the value (yaiue) of
Consider Anotver variable.

X3

price = By + B1sqrft + Bybdrms + Bssqr ft x bdrms + ,0thrms + u
Xq XZ_ X1 Xl Xq.

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

. . add bedvoam 2 4 prite

dorice - €,S+ B Srét € also e spe of e Houle WwIEW ‘
Jbd rms #'s @ So i @ bedroow NI 0is Houere ) Hidher Price.

S ¢ .20 then, aw additiowal bedroom would T price more for the lavger house.

Price

lavge houge

Small house

- bed room
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4 More on the Goodness-of-Fit and Selection of Regressors
*k % e Adding more regressors ALWAYS improve fit > ¢* qiway; neases
\ 1]
Trade ofe ; We lose  the, degree of freedom
(d-{-‘. = free data P°i"+ used to est. twe pqrame+ev-)
"7 1 data point is Socvified everytime we 6Etimgte the parameter.
® using & woud wot P\—\his‘n“ Having fo0 Many regressovs!

2 —Z
* We wye adjujfed € (I'N [ where we want to fums

! anivxg fo@ Many regves.sovs‘"

2L

Rr= ¢-S55¢ =a- SS&/4
sST SST/HA
ad. a¥= 1 - gsp/(n-tk-1)

SST /(w-1) if we have more k, d.f. =n-f- 4 Y

SR/ (n-k-1) 1, ad; &0

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

Consider Model 1

salary  830.63 +0.0163sales +19.63r0¢
T (223.90)  (0.0089)  (11.08)
n = 209, R*>=0.029, R?=0.020

Consider Model 2

o —

log(salary) 4.36 +0.2751log(sales) +0.0179roe

029) (008) (000 L e niako 1
1\ Node"

the Secomd iS5 beye,
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Multiple Regression Analysis with
Qualitative Information:

1 Outline

. c e . . ™alel Fe
e Describing qualitative information < male

™ Seasons

e 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
3

What hagpew i€ ¥ 8 STl Qudlitative
2 Describing Qualitative Information

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

e We arbitarily assign a dummy variable to decribe them.

mw\‘l .
i 1 if female
Nfamale = ) )
0 otherwise (or if male)
, 1 if married
married = . o
0 otherwise (of if single)
A Partial Listing of the Data in WAGE1.RAW
person wage educ exper female married
1 3.10 11 2 1 0
2 3.24 12 22 1 1
3 3.00 11 2 0 0
4 6.00 8 44 0 1
5 5.30 12 7 0 1
525 11.56 16 5 0 1
526 3.50 14 5 1 0

+

This is page 8
Printer: Opaq



82 8. Multiple Regression Analysis with Qualitative Information:

3 Models with a single dummy independent variable

Consider
wage = B + 0o female + Beduc + u. (1)
where
@0, famale = { 1 if fem.ale '
&i««d 0 otherwise (or if male)

In this case, thenotation 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.
® ECWﬂse,l female , educ) = B (Po+ S, fewae + @ educ +«u |\ fermale, edue)
= 8o t S,female + Bq €dUC + E (wl fomate, educ)
= @ t S,€emale + poedut
@ Thus
?: E(wage| female =1, edut) = R+ §(0) T gredut =Po t8c +8educ.
J: Elwage] male =0 ,educ) = @o+ S0 t greduc =po +8educ,
o

S = € (wage | female =1,ed4C) = € (wage | male = 0 ,educ)

or 8o =g (wage | female,edut) - € (waoe | male , educ)

* gvew twe Same Vvalwe of edur [Same edwc fevel)

8o iS fne digfente in Hnae expected Wage of fewwmaes and wales,

¥= wage

/ Mo‘(& : e :ﬁo +@’ ed“c
£

o

mpact of qualjtative variable ($p)
Wil change +ne 'lh"'er(ee-fl
X = educ :

( other will be ne s‘ame’ slope no ¢+ C"\“”SE

Fewale variable 9ive o congrant impact on wage!
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4 It is not possible to include all of the dummy alternatives in the same
model ras long as +heve & aw inferrept ih the model)

e If we include all alternatives of a dummy variable in the same model, we will face

the "perfect collinearity" problem. o e
Whew vatue of 2 vaviable are @xactly +he Same.
Id fewmale | mMone /
LPinsdand ¢ . ; " 7
For example: wage - 2 1 o "
'po xo + 6 feh\ﬂ‘el + (?,.‘ educ 3 0 1 1
v (x4) k2> (x3) + 0 1 ,
1 = female + male ' A o ,
female = male+1
—\J
Catagories. to aveid  muki collinearity.
99
XO v v v
@ = winter + spring + summer + fall
winter = 1— spring — summer — fall Nowmit fall to
: doh:f have perfect
wintew = J1 i€ wintew id | winter [Spring |summe] €al X FOIl‘“QQV‘+7~
° oterwise | ' | o o 0 1 (it wight add up fo o
2 1 o if we I fall segson,
5?"'\3 1 e epi 3 @ (v 1 )
= i€ SPring ? o 1 o
0 otverwise 4 o : 1
. (¢} o
o 1
eﬂ- . o 1 o 0 1
. o 0 1 h this qse, male
L— ¢ (emale i§ dummy)

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

1 Qun . ¥
{1 if femalp {1 i€ wmale Jd
i€ wale .
() o l(—,—f——-"/) 0 it fewmale
. regress lwage female male married educ exper
note: male omitted because of collinearity wt
X
Source 55 df MS Number of obs = 526
F( 4, 521) = 75.27
Model 54.3265253 4 13.5816313 Prob > F = 0.0000
Residual 94.0032262 521 .180428457 R-squared = 0.3663
Adj R-squared = 0.3614
Total 148.329751 525 .28253286 Root MSE = .42477
wo(KE"S
L e
> ecked “Q:& WA Jwage Coef. Std. Err. t P>|t| [95% Conf. Interval]
ro QREE- o
o S wkg?/ \\-

() “Q;(s. female -.3251146 .0377061 -8.62 0.000 -.3991892 -.25104

wo¥ male 0 (omitted)
married .1380145 .0411197 3.36 0.001 .0572338 .2187953
educ .0872644 .0071554 12.20 0.000 .0732075 .1013213
exper .0076213 .0015314 4.98 0.000 .0046129 .0106297
_cons .4690918 .1040575 4.51 0.000 .264668 .6735156




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 variables— female and married.

{" I¥ fewale 2 if wmarried
R .
r otuer wise o otnerwise

log(wage) = fg+ 6ofemale + Simarried 4 3 educ + By exp er + B4 exp er?
+B tenure + Bytenure® + u.

regress lwage female married educ exper expersqg tenure tenursqg

Source 55 df MS Number of obs = 526
F( 7, 518) = 58.76
Model 65.6482326 7 9.37831895 Prob > F = 0.0000
Residual 82.6815188 518 .159616832 R-squared = 0.4426
Adj R-squared = 0.4351
Total 148.329751 525 .28253286 Root MSE = .39952
lwage Coef. Std. Err. t P>|t] [95% Conf. Interval]
= Tesedt
female -.2901838 .0361121 -8.04 0.000 , W 3611279 -.2192396
married .0529219 .0407561 1.30 0.195 -.0271456 .1329894
educ .0791547 .0068003 11.64 0.000 .0657952 .0925143
exper .0269535 .0053258 5.06 0.000 .0164907 .0374163
expersq -.0005399 .0001122 -4.81 0.000 -.0007603 -.0003196
tenure .0312962 .0068482 4.57 0.000 .0178426 .0447499
tenursq -.0005744 .0002347 -2.45 0.015 -.0010355 -.0001134
_cons .4177837 .0988662 4.23 0.000 .2235557 .6120116

21 6, measures twe wmpact ©of being mavried

(Warriage preminm) But since ¢ <14, o P2O-05,  we do wot veject Ho of

Comments:
mayriag e W o impact.

) S, wmeasuvet twe expected diffevente w fomale & male  workers gven fagn

some, wiarital status and ofher qcfors.

dlog(wase) _ —'_wa:.‘ged“_mia_ =
d femgle d female

=0.29

.
= o0~ W“«sedque = 100 °—6 .29

d fewmale d female

- o whge = 29.027.
d femgle

favalg wovkKers Qve Cxpected fo €avw 105 4wqunn wale workers
by 249.0L1-Wolding othe v fctors +ae Syme.
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Consider a model which includes dummy variables for each gender/marital status
combination— marrmale, marr fem and singfem.

log(wage) = B, + domarrmale + §ymarr fem + d3sing fem + Beduc + fyexper

+Bsexper? + Bytenure + Bstenure® + u. (ov sigmale & used as

e base case )

regress lwage marrmale marrfem singfem educ exper expersq tenure tenursqg

Source 55 df M5 Number of obs = 526
F( &  517) = 55.25
Model 68.3617623 8 8.54522029 Prob > F = 0.0000
Residual 79.9679891 517 .154676961 R-squared = 0.4609
Adj R-squared = 0.4525
Total 148.329751 525  .28253286 Root MSE = .39329
lwage Coef. S5td. Err. t P>|t| [95% Conf. Interval]
marrmale (2126757) .0553572 3.84| 0.000 .103923 .3214284
marrfem .0578355 -3.43| 0.001 -.311889 -.0846462
no sigmale —2 singfem | (£.1103502° .0557421 -1.98 | 0.048 -.219859  -.0008414
educ .0789103  .0066945 11.79 0.000 .0657585 .092062
exper .0268006  .0052428 5.11 0.000 .0165007 .0371005
expersq -.0005352 .0001104 -4.85 0.000 -.0007522 -.0003183
tenure .0290875 .006762 4.30 0.000 .0158031 .0423719
tenursg -.0005331  .0002312 -2.31 0.022 -.0009874 -.0000789
_cons .3213781 .100009 3.21  0.001 .1249041 .5178521

Twis regression ave Wot the _same, as the preyious one.

It uses “gingle wale " as e base group. (the prevous one

Comments:

uwd& wale & smgle g3 2 pase group!)

single W‘q\e% holdiv\s othev factors LonStanys,

(8.

1)

S Weaduves tue expected diff. in wage of mavried wmale as Compared with

81 weadyuwres 'H'Ie e)‘?@bfﬁd d:fFE. (n Wﬂye of Ma\f"ied few\“le, as CWPU\-VGd wH-(,\

single W\Q\ESJ holdiqy other factors LonStanss,

single wales, holding other factors LonStanys,

0.534
0.321

0.1

0.123

Single  fomale (jy . Bo+ &, = 0.321-0.1%0)

?

married wale Ciwt : ot S,

0,329+ 0.292%)

Single male (intevcept: g, toro co = 0.324)

mavried @mgre U"""'ﬁof s
: Az

(o]

-

0.324- 0.148)

S'LVV\e.Qb\A,V'Es the EXPEb'l‘eol difE. (wn weaye of Sihgle &Wa‘& as CO’V\PRVGd wd-(,\
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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) = By + dotopl0 + 61711 25+ 63126 40 + d4r41 60 + 5, LSAT
+B8,GPA + B4log(libvol) 4 S, log(cost) + u.
¥ Tn many (gses e Nvage of value! sevve as a better explanatory variable twaw “valug! itserr
where top10, 711 25, 72640, r41 60 would be equal to 1 when the variable rank falls ®3- *3¢
into the appropriate range. M?\L/e’::(o;‘:::: -
** Rank below 60 would be the base case. ::ui:\QZiva*iom tike

yowwng (o—IS)

V\ -
. regress lsalary topl0 rll 25 r26_40 r4l_ 60 LSAT GPA 1llibvol lcost 9en2 (1b-2)

etr.
Source 55 df MS Number of obs = 136
F( 8, 127) = 120.15
Model 9.16538532 8 1.14567316 Prob > F = 0.0000
Residual 1.2109665 127 .009535169 R-squared = 0.8833
Adj R-squared = 0.8759
Total 10.3763518 135 .076861865 Root MSE = .09765
lsalary Coef. Std. Err. t P>|t| [95% Conf. Interval]
topl0 .5393428 % .053542 10.07 0.000 .4333927 .6452928
rll 25 .4716199%1 .0390921 12.06 0.000 .3942637 .548976
e '\S rankin r26_40 .2790977°2 .0346972 8.04 0.000 .2104383 .3477571
\Oqsf’“ e 3 — r4l 60 .182382 €3 .0283098 6.44 0.000 .126362 .238402
G\* GV\()\ Wov“{ LSAT .0060482 .0034919 1.73 0.086 -.0008616 .012958
GPA .1305893 .0818678 1.60 0.113 -.0314122 .2925908
1libvol .0725522 .0289213 2.51 0.013 .0153221 .1297824
lcost .0249169 .0283224 0.88 0.381 -.031128 .0809619
_cons 8.363103 .4457314 18.76 0.000 7.481081 9.245125
Comments:
) N 8 measuve e differente n expecteo
ase W
v log (salary) of law~Sthool grgd fom top 10 u
Rang fop 10 fop 11-25 | fop 2e~40  Etc, compave €0 erxpetted
; ; - 3 log (salary) of law-sthool graqd from 61 Wovse
o
2 1 o o 2)
3 ! 0 © 8173 wse the Same vafional |
o 0
10 1 (o} 0
11 [¢] 1 (¢]
o 1 g
4 o
z o 9 o
. o , o
s (o} a 0
(v} ] ]
2
b Q o 1
) 1
0
. . 1
40 0 0 1'




