st,nu-H.\ P:, anand
blo 464 16)
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4 Testing Hypotheses about a Single Linear Combination of the
Parameter

Consider

log(wage) = By + Byjc + Byuniv + Byexper +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 3, = 35,72 T8 4ne «ete® brom 1 row ye o dduc. ot o
Junier 0'"(&1(— is the same as thad of He uni

Hy P.‘Pz” Ho: pl—p.po
agm'ns’:
Ho @ P17 Ba? Mo By- Py 70

2 dailed Hest
OSSN
4:-\7,4 )

rtj‘“ﬁ hd regest area = b‘jﬂl-hcn'\“ level
' -
2

12 BB 70 11 L compitt this - stadistic and
s.¢ ‘ﬁ- - az‘

Cg-npcuc wit\h e cri"':cﬁl VO-‘UL

’J V“"E\’ 61)

_ /'\\ " aa
voreB) +NorcB,) - 2eov (B By)

where 5.0 (R, '31)

"
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another possible hypothesis test (one-tailed alternative)

Ho @ Ba= Py” Mot Bi-fy=®

ot o b2 Mt BRSO
e T s ossomed ot B, wwld be wt mer dhen By

(redurns 4o & 1-yr coledqe wevid be never be mor duon

relurnd 4o universidy cducalion)
L N
n.')“\ i: ta'-Pf-) -0
- buwresres
' s.e <F- - Fl‘
7

0 ~
area = sisnihcw\k level

-“\L'\,%o Yo ke exira note.

5 Computing p-Values for t-Tests
e What is the significance level given the computed t-statistics?

1 '}Ailf.d LeT)y

— reject

|
Vs,

° 1= 858
Z‘}Aikd feT) W

— reject
\.;-
'
(P
° 1= 8585

¢ B
e p-value : P(|T] > |t|)

T d- distibied tondom varioble with A& e -kl

7

K= com pﬂco\ 1- stedi stic
> p-valie = ?*obo.b.‘l:‘L, el o rondom T wlve il o,
greater  Cin the ) tkeem ) dhan our 1 tn He W dest



EXTRA NoOTES

In class exercise

consider dhe mubhiple Yeqrosion weder, Gssume mMuRi-b are sedisfied
Y= Po TBX t BaXy 4 PyXyt U

You would like 4o dest dhe Wo ! P3Py =1

1) wate the 4o statistic b desling W,

4= (g 3B
s.e (B, - 38y

1"‘) D,_-(:nc el =§|~3‘P\2 N WMo 6.:1, \'\a=e|*1

2 8y =1 5 we need our cegression tg Pove 9, In i}
9.¢ 37
% 59, SYATA or o3 estimotien will aviomaticaly

g 8, g sed,

Now, Bi= 6+ 3,
or Br= 913,
Sehy  in dhe wmain reqression  ond Qd
Y: Bot (B1t3B)%, +Bi%g 4 PyXqr U
S Bot ©.% '.'{@,_X‘ 4 PaXyt Bary e
= PoTOX, 1Py (X4 3% ¢t BaRy v W
“Now, the explanalory variables ar going lo be %, %X, + 3%, and x,

- wWe con caleviade {:= 6|~1
s.¢. 9,
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Example 1: Ho:3; >0, H,:0;<0, d.tf=140.

fexy, fen) —» p-valve = whal shald b the Sijni-‘-icanf level,
given ne evidical valve oF ~2.78 1
0.3-0.““1'-'0.93 — findh 4ue shadedk ovea?
Q.u%
Y
-2.7% o T,

suppose the calculated ty = —2.75 » g (B B)

v B.U.L—p\i)

e From the z-table, the value -2.75 corresponds to area = 0.03

e Thus, p-value = 0.03

e Would we reject Hy if we use the significance level = 5%7 V&3
* RULE ¥ we fcjgt.-" Ho it p-value & ﬁe“r\;-‘:cm‘\‘ \evel

Example 2: Hy: (3; =a;, H,:B3;#a;, df=18.

$¢™

il

-2.% 4] 2.1%

suppose the calculated ¢; = —2.18 » Vst - {able
J

e From the t-table, the value -2.18 corresponds to area = 0.92 40 9,05

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

6 Confidence Intervals (CI)

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

[ ] A 95% CI Of ﬁj iS m The to.nﬂ(_ o"- val\:es 'H’\o\-l ww\A

N ch\ capture the deve By o o A5 chance
'\'o_&n‘_;vw\ - /f'
-4 = ——vr fejec
e, I 1
| C i AW :] pevcent ¢
| : in the 4 b bdion
W\‘-H’\ n- k -1
/s
-




70 6. Multiple Regression Analysis (Inference)

Example 1: 95% CI
e

//// /////

-2.0p ° 2.9b

-
valve of aystt
pereentile in dlu
n ~ ~ A 4. dosdeibdion
The Ay L1 for B; - [(33‘1.“5' LBy, B 110 'S.UEJ‘)]

Example 2: 99% CI

£(T]
9a.5 - f.fcml.-\g or ovea |- 0,005
anea = \v. . 0,0'; 0.00y
/ 1 2
2 777, i
~2.7%7 o 1.1!7= valve o{ @, S'""

pereentile ja dhg
R . - e Aistribdion
Tae 937 01 for By [ B A st ), Py T 5 0 c§;))

: 0945



Inference  — Hypotnesis testing about [5" the {rve parameten

Wage = B, * P, edvc + B, expedence 4.+ W

We wont 4o test hlg‘xﬂhe,se,s obout dhe rue impact (B) of each X variokles (educ, experience )
on {he dependent Variadle L\)

BUT, We dond Unow what 1he drue P ore. So, we ure p (esfimotor) and S.e. (ﬁ) 1o foit hypotheses.

{®
reject | ;
ia ‘ | reject 1) Testif B = Some vumber
| ! = . ;
| | tg By =0 = LS has ho impock on Y-
L)Y
[ [ : .
P = o hypothesizeq vm\\uD P p) 2 — ! unit # in X carresPahd
g & p=0oc Bxchc. to 1 uwit tip Y.
e Tas!

fL)‘LtL ’ -f_1¢51‘ A = Hoqu_()_

reject =
-— P i~ 4y,
Se)
7/l 77

0= pi- b N

5 ¢ ¢Bj)

|5;q,\;{;cq,\1 level - Jotal area in Jhe fe\jzdiab\ mjzo/\

f(m)
leelad
@55, d.4. 100 pras 20 (0.5-0.4g03)  * SOPPOse, we  calcelate o
-steadisiic < R--p
54 fejicd g =1x%001a7 = 0.03ay- r-w\\t?m.‘ ste B; PJ = 2.0b
* :u
e
5 7. rzjce" 5. (5)
/ * Suppoit we are +L5+l’nj
/ . ~ H, ;=0, Hat B540
7 T i pi) or Bieo, Heits
-1.0% s} 1:2.9% g 'L'ﬁj 2 dailed +est

o p-vale cdotdl chagud anea

P-valve = signiSicant level which we will reject

dhe Ho or prob Hhal we rLjLA the Mo

[
G

I‘( P- valve < Sf%niliu\'\‘, IA\:z‘ =5 N]cc‘i‘ Ho
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7 Testing Multiple Linear Restrictions: The F-test

Suppose the model is specified by

y = Lo+ Bix1+ Bowa + B33 +u
Hy : py=0and pB,=0» want 4o dest L %, and ¥,

. bedh have no {mpact ony
Ha,H, : Hjisnot true P

We can use the F-test to test this type of "multiple hypotheses".
7 Biq wmodel
1. Our full model is called the "unrestricted" model (ur). Suppose it can be expressed
as:

s N P‘ e P‘xl * Pl”lf p,xs «w 3 drve W gtjtd Yo

v

y = By + B1x1 + Boxa + B3xs + ... + Brrr + u

2. The model which takes out = (which we think its associated § = 0) is called the
restricted model (r).
> SMmall meodel

Y Pet BiX t s drue » do not rcjl.t\' Ho

« Juppast Yhere oL “q" number o 3 Mo wWe wend \ike %o ?uﬁovn o 3,‘.#-*«.5& od <o
e.q in this model q =2
M= Poa PiXt Ba¥gteo. T Proq ¥e-g
Ho * Broga, = Pw-qag =... % Bx=0
Cdhe \ast q Bs=0)
Ha: Hgo is not deue

Yz BotPixit...4 Pr-a%w-qt pn-q,-nxndt*l * g"—1."'l.x““l."lf"' PuXet U

N— ~

——
oy
L _ﬂwf —
Lre




Ve This is always ()
b.c. SSRuy <SSR ¢

F = (SSR¢ -SSRur) Every time you add 1 more X,
% the wodel will be better explained

SSR wr

(n-K-1 “«
&, d.f.0f the “ur” model

*So,if everytime you add 1 more x variable ,the SSRy and R*4,

Why don't we Just keep the additional x inthe model??

> because every time we add 1 more x,vurcﬁs) will inCrease,
making the prediction of g less precise.

So,we only keep the addition Xg if jt/they can improve the model enough

- — )

can ¢ SSR (R°4) €nough.

can sighificantly 4 ssg and R* ¢

£(FA
1 Ho ! Ba=By= ...z 0
reject Ha : Ho i5 not true,
— o d-f.0f the

F"'F% sn-Kk-1 Wr model

# of joint Hypothesis
being tested
> F

0 A e 2
C (Critical value)
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3. Some useful facts

o1 : Lo $ivy
1) Kluf 2 gif becovse ory additionol x wou)d incveast R Cimprove

V) sShur < SSRy
2) By including  more K,'“-x model i3 cerdainly better explained.

HW..VLV, wt woud ike o (L:)LC" Me iF Mo faclusion of cxdea

veriables does nob improve the  model mw]"-

4. Other ways to calculate the F-statistics:

RSS
Feom R = A - SSR
SsT ~ T3S

We howe F = CR'ur = @Y%)
%

Cy - klur)

n-k -1

% If we wont Yo test flu overall s-'v\i“c-'\u. of 4t model

Ho : PlEP'l:P}-"' *Pr=o, Vo = otherwise

F = 3

Example: Suppose we are interested in understanding the determinant of a baseball
player’s salary.

Y salary = season salary T8 s werl bo dol dhedhe puformance
years = years in major leagues has any impact on salary
o | gamesyr = games per year in the league Mot Bbavg = Brnmsye * Pruisye =0
bavg = career batting average Hat otherwise s dee
hrunsyr = homeruns per year
rbisyr = runs batted in per year

e the unrestricted model (ur) is defined by
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model
¥ y %
(~¢ . regress log salary years gamesyr bavg hrunsyr rbisyr
Source S5 df MS Number of obs = 353
F( 5, 347) = 117.06
Model 308.989208 5 61.7978416 Prob > F = 0.0000
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. S5td. Err. t B>t [95% Conf. Interval]
years: .0688626 .0121145 5.68 0.000 .0450355 .0926898
gamesyr? .0125521 .0026468 4.74 0.000 .0073464 .0177578
bavg 3 .0009786 .0011035 0.89 0.376 -.0011918 .003149
Q=3 hrunsyr4 .0144295 .016057 0.90 0.369 -.0171518 .0460107
rbisyr?$ .0107657 .007175 1.50 0.134 -.0033462 .0248776
_consiafe.  11.19242 .2888229 38.75 0.000 10.62435 11.76048
]
When  considering each of 4 performaence

e the restricted model (r)

is defined by

X one-by - one, none ol them has

o siu...-.(;e.,d impact of 5

Y %

regress log salary years gamesyr
Source SS df MS Number of obs = SL&s
F( 2, 350) = 259.32
SsE Model 293.864058 2 146.932029 Prob > F = 0.0000
ssSR 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. Std. 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

F = 9S%R¢- 55“w

q
SSQ wr
n-k-|

= \a%.3 - 183, %b

3 © a.ss
199. (%b
353 -5-)

fe®?

‘gi‘b‘ O-I' s.
—

1T,

c:ab  ©

Fao

e But when ‘;gchvhinJ an F-iady

petformonces hove joimt {mpact.

Hw
F= &'
“a

(- at

n-k-|
=1

73

ginct € =455 2126, M rejedt Ho ot ST i level

and cmcludg that ?u(ofnu\us have 507""

effects on solnry
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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 : 3, =0
/- 2 - fable
= If the d.f. > 30, then when ¢ > 1.96, we can reject Hy with s 7. sig level

= When ¢t > 1.96, we can say that (3, is statistically significant at 5% level.
(value of 3, # 0)

= When t < 1.96 we can say that (3, is not statistically significant at 5%
level.

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

of B

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

or Hy:[B,=5 etc.

or perform an F-test for testing multiple linear restrictions

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

Dependent Variable: log(salary)
Independent Variables (1) (2) A3)
so\eS___y [ 1og(sales) 224 158 188
(.027) (.040) (.040)
log(mktval) s 112 .100
other compery (.050) (.049)
pecformance profmarg —_— —.0023 —.0022
(.0022) (.0021)
ceoten e —— .0171
CEO chavacterisite (.0055)
comten _— —— —.0092
(.0033)
intercept 4.94 4.62 4.57
(0.20) 0.25) (0.25)
Observations 177 177 177
R-squared 281 304 353

like o simple
n-guuioﬁ wia 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

bwt = Bo + 6107;95 + 32]0@ minc,

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.

v what § we vse bwdsm- tn \d\oafams‘),
1 ka . IODDJ

P N A ~
b"“"l"*k: : b"""'l"',l = Po 4+ B cigqs + B2

*ar\:l\g
1000 10900 190900 1000
~ ~
T oy + B, ciqy + Rplamine
A A~ A PN ~
AL AN N TERC N
1090 1000 ) tooo

o Whal (i we vse Samince  fn 030 Cinstead o 1000 u3P)

buu:h&a s ?o + ﬁ, ciss + Sl-fo.-m\c Ush

{-mb votwt of Mo vorioble 15 gotng
2y @ * 31_ Jo by 1900 dimes \erger dhon Seminc

1000

in other  woeds 31 - iﬂrag* o 4AusD t in lacome
B. impact ot 1009 usD & i income

o what i we uUSse buuﬁ’k* in k: bk income in ThB

bu-l,\& ) = %o + B, ciqs + T‘:%) farmine
10 00 109 o r
190 0

This volue s qoing to be

30,000 dimey move thenn Seminc



@iy e
g0 Sl Inc  (c>0)
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(L (s QO
2  More on functional forms

—

e Logarithmic Functional Form

=3
e
d
b
|

® oy (>0, c#1)

=

—— dink . 1

usually means natural log %lnx = % (x>0) “dx x
log(y) = By + B log(1) + Byz2 +u = diln(xy= 1 dx
Dins| = 1 X
BY = Y,-Y2 *
BRy= Xy~ Xn %xx = x*(1+Inx)
\-——y——/
1
cB,=dlogin) = Tdv ) %I_AY _ 100»‘%&/ oy
d. 109 (x) Ta — X
| Yo RS eemioaxy 2 X

X1 . .
with the log yg logx format the coefficient ;S going to be the @lasticity !l
(X, elasticity of ¥
¥

(price) (dem:mi)
ady A oy
. Bl= d‘og(‘l) = Y - Yy
dxz dx,_ Axl

>»>1¥ we want the uppen term to be 7. change then

1008, = 1001 BY
Yy

AXa

100 8, /- bY

OX,

. 1009B,; =/.in ¥ givep that X, Imcreases by 1 whit,
e Models with Quadratics (Squares)

» capture increasing /decreasing marginal effects (slope of the relationship between
X&Y IS not Constant)

CoviD-19 eXxample > y=Bo+ B X+ pzxz-t w Decreasing returns.
Y(#of cases) dy B v 22k profit (m) ”‘“%*h*nﬁ;ﬁ*u
— =% 2
dx dY . Bar2Bax
?r—>~ | X (1 ¢
]
xcdays) |
' > wnit(g)
¥ -
T=(P-morg 5 ASSum€ mg =210
TT=(100-0‘-10)%, demand 1 P-100- %
F.0.cs W _0=90-2q
. . . 0%
Example : Effects of Pullution on Housing Prices

log(price) = B, + B, log(nox) + B4 log(dist) + Bsrooms + B,room* + Bsstratio + u
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where
price = housing price
nox = level of pollution
dist = distance from downtown Ta Ane v or
rooms = number of rooms Jo sehool in 4he area Wo having to dake omy hast:
stratio = average student per teacher ratio
The estimation result is given by

many other covmiries stv derls can 6"""’

So, Yhe bwer s*vo.'\“o,""* better schoo |

regress Iprice Tnox dist rooms rooms_sq stratio

source SS df MS Number of obs = 506
F(C 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
loy pricc ——» Tprice coef. std. Err. t P>t [95% conf. Interval]
"3 Cnox) Tnox | —.9767545 . 0995938 -9.81 0.000 -1.172429 -.7810806
dist [P, —.0321972 .0094013 -3.42 0.001 -. 050668 -.0137264
rooms | g» —. 5528032 .1612965 -3.43 0.001 -. 8697056 —. 2359007
rooms_sq | s .0624697 .0124867 5.00 0.000 .0379368 . 0870025
stratio |ps —. 0486667 .0058131 -8.37 0.000 -. 0600879 -.0372455
_cons 13.59154 . 5650901 24.05 0.000 12.4813 14.70178
h

Wi all <005
W al veriables ace 1i1nih<-\-

[

Consider the effect of "room"

d log Cpriced Byt 1pu (ooms T T 9.553 T 2(2.0b2) = fooms

o roo™s
it eporct
log (price) » ot how many vooms does A ahdidional oo™ hos o positive 4mp
A4
on \oq cpricey .
9z -059Y 2 (0.0b1) foo™MS

s rogss fo0m S = 4 4

Yopms ANS o} u.U yooms or ™oL

4y W5 ems e ot

What wold be the % change in price when the number of room increasesfrom 5 to 67

| .
A logCRnie) 4 553 4 2.00.061) womms
o foo™s
\0ox |\ &pfl‘fl
pace = 190 (-9.553t 2C0 0p2)*5)
O voor s I L dotal ) p ia F'i‘L when B roows 1

= (00 % 0,067 = 6. incveast feom & $59 55 o7t 1L =

» whadl sbovt 7. ia Prict when # (0omS imcreast fugm 5 o 9

KA r'iﬂé = 100 (-0.55D ¢ 2(0-962) +6) = (A | ¥
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. . ' 4 Voriobe depend
3  Models with Interaction Terms 7) e when impact of en pends en

N e clevely ob ensther wvoviebt
Consider ¢ vevE el

K3

fw_/%
price = By + Bisqrft + Bybdrms + Bssqr ft x bdrms + [,bthrms + u
b , L *, * % 2 e N
where
price = housing price price
sqr ft = house size (square feet) dk
bdrms = number of bedrooms

bthrms = number of bathrooms

Small house
d price | Bz v Ps sqedd /

S bed rooms
D bdvms 7

9 i B> 0 den , an odd ¢ Jis nal

bedroom would facreaSt price wmore doe a.\cwgq house
ON P
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4 More on the Goodness-of-Fit and Selection of Regressors
e Adding more regressors ALWAYS improve fit 2? Rt dways 1
v Bt we \ose dne ™ degeee of feeedom”
caf = dree dedor point osed do esdimaie the pmmr\v‘u)
» 1 data poiat ts sacrMiced verylime we o estinate & povaneler
¢ using @F wovtd ot punish * haviag oo mory veqressec”

2 A.JA;"J o mony l:alcssw

ish
e we yse Ao\Jv;-‘J ~a¥ or 7 when we wert Yo punis

+

Q=2 Vv- SR = |- s
5T o
a5T
—
i
v |- S5@
adj L= 0-k-|
S5T
A=

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

Consider Model 1 1 we have wet kAR = m-b-n ‘7-}_5—;_—" y ady R4
salary 830.63 +0.0163sales +19.63roe

(223.90)  (0.0089) (11.08)
n = 209, R*=0.029, R?=0.020

Consider Model 2

—

log(salary)  4.36 +0.27511og(sales) +0.0179roe

(020)  (0.033) (0.004)
n = 209, R*=0.282, R?> =0.275> 11.5% o} veriodion in o i explined
Do, Fhis rodel is betler
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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
e "Female" and "Married" are qualitative variable.

e We arbitarily assign a dummy variable to decribe them.

1 if female
famale = . .
0 otherwise (or if male)
] 1 if married
married = . e
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
Printer: Ope
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3 Models with a single dummy independent variable

Consider

wage = B, + 0o female + B educ + u.
where

1 if femal
famale = { if female

0 otherwise (or if male)

In this case, the dy 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) € CWage | ';LH&\C, edv )

“

E CPo t 8, 8emate + p,edo w | female, edu)

Po t $ female + Boredot e<ulh~au’odu)

=0
o 3 Fermale + i «dy
) “Thyg

2 H (V‘*JL | 'L.HA\G'\,LAU) = Po + So(" * Pltdu

Bo +/S,+ P edv

P° ¥ Pl edv
$, * Ecwage Lhemale = 1, edu) — EGueqetfimale 20, edu)
or &,

J . € cu&ﬂgl_“n&h:o,gdu) = po *84(0)1 P(‘d‘o

n

B ewage\fmade, edv) - E (waqe | male edv)

X ﬂ}vcn Hae sant A 0" ¢du (sant Ldugw‘ion \;v;\), So 9 dhe differince a o

execchd- weqe ob Semoleg Gnd meles

y=wage
AN Male : Po*F,Qd‘*
(2
femate: Byt 5o+, edu
e
B, intercept
(assume §0<0
. }8o+s
otdo
> X =edu

» B,, e way v

model Yhis segression Svachion * female” s 9209 o

g’V a con stant ir«facJ o woqe, rc.aa.rd‘tss ot fle level of edv
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4 Tt is not possible to include all of the dummy alternatives in the same
model (as tong &3 Hew is on tntereept in Mt model)

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

W aﬂ( = (%‘)\,1 S, -‘:.Mc-\l- 4 ﬁl QAU + S,\Mc‘ll t W id. female | male Xo
X (x (x 1 1 ) 1
For example: t ) 1 2) >) 2 1 ° 1
\n'\uu—r * 3 0 1 1
4 o 1 1
- * <] 1 1
Ko = A 1 5(} ° 1 1
1 ] 1
1 = female+ male 1 o 1
female = male+1
29

or
T4 Ner( aren’ odgﬁcrus’ we omit 4/ cé&aoﬂ o owpid
J “ o‘ . J d. J
My 3 colnenrity @ = winter 4 spring + summer + m “
winter = 1— spring — summer — fall
Winter = {1 b WimCR 1d  winter SPring Suwmmer fan Xo
0 otherwise 1 1 o 2 o 1
. 2 1 o o o
Sor 1 1f Spring 0 5 !
rhq =
P 3 { o otherwise ! ° !
0 o 0 . o .
XIS © 1 0 1
o 1 o o 1
e At least one alternative has to be dropped. We treat the dropped alternative as
the "BASE GROUP" or "BASELINE" or "BENCHMARK GROUP". s 1, 4., case  male
Y
1 1§ dfemale 1 id eale
G b "
2
regress lwage female male married educ exper
note: male omitted because of collinearity "\te"CQPt{ {intercepts So .
()
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
lwage Coef. Std. Err. t P>|t] [95% Conf. Interval]
Femalt workers ———— female -.3251146 .0377061 -8.62 0.000 -.3991892 -.25104
are expected {0 have male 0 (omitted)
less waqL cpom pares married .1380145 .0411197 3.36 0.001 .0572338 .2187953
to mele worler 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.

S vl female 1 1 it fomete

(
0 1§ eale 0 if malt

log(wage) = f,+ dofemale H S married + B educ + By exp er + B4 exp er?
+B,tenure + Bstenure® + 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
Coef. Std. Err. t P>|t| [95% Conf. Interval]
female -.2901838  .0361121 -8.04 0.000 -.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
Comments:

1) 3 MCASY LS -J-k ;xrdt‘- Jl&‘uu‘cg \gg"wu.n -‘t."‘*‘f. b eale "‘"L"
o

qiven e same wortal Hadus and gllee faclors

\

—_— (A
Rlgerast) L oTam UMY L e
4 4""&‘( dLemale
a 00 «_\_ dwaqe

weqt = 100(-0.22)
9 fermalt
= P bene a0
9 L_'-a‘t

. Xuval(_ wovrkers oave axpicted do ecvn \es§ Man male “orkess

o"\m 4\4!(\75 cecn 5'|hn<|.

by 1M.007, holding

’

1) § 4 me&sures te tmpact oF be mevrics



?

moarr

marrfem

marrmale

sing

Singfem

Singmale

becavse

8. Multiple Regression Analysis with Qualitative Information:

85

Consider a model which includes dummy variables for each gender/marital status

combination— marrmale, marr fem and singfem.

log(wage) = B+ domarrmale + dymarr fem + d3sing fem + Beduc + Byexper
(8.1)

+Bseaper? + By tenure + Bstenure® + u.

regress lwage marrmale marrfem singfem educ exper expersqg tenure tenursqg

Source 55 df M5 Number of obs = 526

F( 8, 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. 5td. Err. t P>|t| [95% Conf. Interval]

% [ marrmale .2126757 .0553572 3.84 0.000 .103923 .3214284
& marrfem -.1982676 .0578355 -3.43 0.001 -.311889 -.0846462
52 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
tenursq -.0005331 .0002312 -2.31 0.022 -.0009874 -.0000789
_cons .3213781 .100009 3.21 0.001 .1249041 .5178521

Comments: This "Ljuss\or\ s not 4le come as e previovs o,

TH wses siaJ‘a. male ' @ He bese 5"0VP- ¢ T f’"-"iws

e Ut male ) 9:»0\4. s L base 3«;095)

* 30 measures the expected %fFf. in wage 0f married male a5 Compared

With single maies,holding other foctors constant.

+ &1 measures the expected diff.in wage Of morried female oS Compared

With Single males holding other foctors constany.

« $2 O Some rationale

intercept.
married male 2 B +0.2127 = 0.321+0.2127

WSS S;ng\e male 28,
0.534 Single female » B,+ §, =0.321-0.10
0.321 married female - Bo+ §y = 0.321-0.198
0.211
0.123

> edu




86 8. Multiple Regression Analysis with Qualitative Information:

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

log(salary) = [, +@otopl0+ 61711 25+ §5726 40 + d4741 60+ 5, LSAT
+08,GPA + B4log(libvol) + B, log(cost) + u.

where topl0, r11 25, r26 40, 741 60 would be equal to 1 when the variable rank falls
into the appropriate range.
** Rank below 60 would be the base case.

. regress lsalary topl0 rll 25 r26_40 r4l 60 LSAT GPA 1llibvol lcost
In many case Al

*canqe of W valve! Source 55 df MS Number of obs = 136
Serve @5 a beltey F( 8, 127) = 120.15
Model 9.16538532 8 1.14567316 Prob > F = 0.0000
ex plana'\ory vout okl Residual 1.2109665 127 .009535169 R-squared = 0.8833
an Ho® veloe Wsell” Adj R-squared = 0.8759
Total 10.3763518 135 .076861865 Root MSE = .09765
g gt m&y explain
Mo model Lty of
5?“ e 5¢.um~«\ion lsalary Coef. 5td. Err. t P>|t] [95% Conf. Interval]
‘IWV\J 9-\y
%en e 24 ghe topl0 |v .5393428 .053542 10.07 0.000 .4333927 .6452928
: rll 25 |~ .4716199 .0390921 12.06 0.000 .3942637 .548976
r26_40 |» .2790977 .0346972 8.04 0.000 .2104383 .3477571
r4l 60 |~ .182382 .0283098 6.44 0.000 .126362 .238402
/ LSAT .0060482 .0034919 1.73 0.086 -.0008616 .012958
GPA .1305893 .0818678 1.60 0.113 -.0314122 .2925908
e Sasling iy 1libvol .0725522 .0289213 2.51 0.013 .0153221 .1297824
mn\u,..l o™ Grd wone lcost .0249169 .0283224 0.88 0.381 -.031128 .0809619
_cons 8.363103 .4457314 18.76 0.000 7.481081 9.245125
Comments:

1) §o measures the difference in expected log(salary)

of o law-scChool graduate from o tOp 10 University

ank ) Y11 -25/r26-40
’ kop 10 28 LA comPo.red. to expected log(Sm\mry) of those who
1 o
) : = graduated from the school ranked 61" and worse,
o o
3 1 5 - 2) 84 2 use the Same rqtionale.
# 1 [\ o
. h ‘ b
10 1 3 0
1 o) o [¢]
12 [e] 1 (o]
2 1 0
: 0 1 0
25 0 1 o
26 o 1 (o}
. o 1
o 1
o] 1
40 o 1




