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4 Testing Hypotheses about a Single Linear Combination of the
Parameter

Consider

log(wage) = By + P1jc + Pyuniv + Byexper +u
Junior colle ge

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 8, = 3,. |f the returng from 4 more year of eclycation af o Juhior clleye
I the Jome uy that of tht university

o Pr=fa + Ho ' pr-poo

q%m‘nﬁ
Ho @ Py 7 — Ho @ pr-prvo
Ltailed fegt te (fa-f2) -0
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whk L. (f1-g3) - ’vu@)
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another possible hypothesis test (one-tailed alternative)

Ho o P1xp2 = Ho: pr-f2 =0
Ho 1< pu =+ Hot py-po <0

ltiv adsumed that p1 would not be mort than By (returni o o 2-year coiese would htuer be moH than retvrns to
uhl'ver.rj}Y tdveation)

t - [[?1 'p/\z\ -0
{LT) 4.C. [p1, —p"ﬂ

reject § Then , 90 10 the extra note.

/J///‘ i ;
ared = §iy. level \,L J\}HI)U"Q\J“

5 Computing p-Values for t-Tests

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

fct)
t-tailed
4 EIELY i shoded dvtw in the
rejechion W the p-valve
7
v M,L f(t)
L. pﬂ‘)l 5 -tailed
tolgl aveq from 2
S,
1
# p-value : P(|T| > |t]) C%mpurw t:m
5.E 6

1= 1 -distrivted random varigole with d.f. = h-k-|
t e compured t-gratidiie

p-valut = probubility that o cantiom T vglue will jt greater (intht (1 term)
than ovr { in the Ho tesi,



condider the multiple regredsion model , mdsume mLK 16 are Jatisfied.

Ve o tfrkgd podetpaty tu

You wovld [ike o telk the  Ho @ pr-3p, 1
Jdep v Ha ¢ othtrwivt js trug
@ write the t-stabistiC for feiting Ho
b (p-3fa) -1
J.t-(Ppr-3pe)
@ defint 017 fq-3p3 + Ho! By =
Ho @ 69 #1
A
t=_6y-1
L. (1)
N 2
how, P1 = b1t
or P17 B tgp
vhstitwion in the math reqrdiion and get
1x pot (B HIp2) ket pake fPika tU
T o t o1k H3paxy Thukat fary ty
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4.L(8)
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extr hote )
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atptndent variable (V)

Dt we don't Wngw what the frvt Bat. v, we e P4 CeoNmutor) and. f'('-(f?) fy fet The hypo thess
1) Test if p=damt number
vg. r;J--.o <+ Kj hag no impacken y
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)T by
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Example 1: Ho:3; 7,0, H,:p; <0, df.=140. = 2- fable

(1), 1(3)
so‘r"ﬁ

0 suppose the calculated tg, =~ 275 — § p’\j : p,\j N
Cryeot SE )
# From the z-table, the value -2.75 corresponds to area = 0.00J

[,2

# Thus, p-value = 0.009

# Would we reject H, if we use the significance level = 5%?7
‘ICJ/ thiv cqat ig o " rule” we pject Ho jf p-valve <y, level
Example 2: Hy: (3; =a;, H,:B3; #a;, df=18.

1l Tuse t- table
~LI8 L1f
7 | %
/A 2 T

suppose the calculated 5 = -2.18
J

0.0 10 0.0F

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

# Thus, p-value — [ btlween 0.07-0.0%

# Would we reject Hj if we use the significance level = 5%?
Yoo reject Noodecavit the aven tv less than 0.0% or VA< .08
6 Confidence Intervals (CI)

# Confidence Intervales for the POPULATION PARAMETER. (§;)

e e
# A 95% CI of 3, is gm;gy\;w rangL of values fhat wovld cupturs tho true i 0F o 157 change
[ = |3J 1 (/"J‘f,.(pj)
1) 7
Uiy the @ Perientile in the U -disty by bo)
T A it with n-y -1 df.

a5 j \
////| e

I, b
fL’r/ RN AL TNy

L.§
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Example 1: 95% CI df =25
£1)
7/ | o
S 0 =2.06 < yaye of 935 pertentile (n the Cor di dhviy Hon

The a7, (I for(,l\d : f@'-wb'J.G-(f;ﬂ , pa 1204 L4.(§)))

Example 2: 99% CI

d.f.=2r5

()
what percentle L 49.5
ar gren 1-0.005 7045

a0 - __,_/' < 0_'0' - 0.00f
1 .

/ T

<1911 0 1.}t

N

The a4y, ¢1 for p} =Lp -z.m's.e.pﬂj, |§j*2.9h'J.ﬂ,PAjJ

F-fert motivabon  can't uie tor 2 tesk av they have many Factors [variyiies
- we wanhi g jedt the dynificance of a grovp of hypotheJiv (mulkple hypotheses)

C—rqde,us : Pot Bynofimes_front +puno. times _back + Ps hr_stvey # pepact - ¢PA + p gender + u

Ho © deat po/ition dotsn’t have impact on ¢PA
Prz=0 and pr=o + py=p2=0
Ha © seat povition matters Pr#o and pLyo
oF P o . P30 .} ot leust one of the fr, P 0
ok m=0 w Prto




6. Multiple Regression Analysis (Inference) 71

7 Testing Multiple Linear Restrictions: The F-test

Suppose the model is specified by

HulH1 . Hj is not true

as:

restricted model (r).

Yo potpktu i vt  donot reject Ho

y = Bo+ Bix1+ Byxe + Byws +u
Hy : pBy=0and B3g=0

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

Vo= Botpady 1 Butet pgks tu ig Bk P vefect Ho
y = Bo+ Bix1 + Bowa + Baxz + ...+ Brag +u

2. The model which takes out = (which we think its associated § = 0) is called the

fuppost, there are/ 4" humber of B that we would kg fo ptrform g joint-tedt of = 0

63- in adove model §:2
Y= o tpaky fpuret |

Ho - Pr-yh = Byqu = .
Hqo . Ho is not trye

s Bo tp K 4 + K- Kx-
Y pwx AL SIL/STILY e NI

unn,Jtricied

this is always @
(p P —JJQM” e SRy, < SER

T CuLry fime you add 1 MoVt X,
F - the model wovlg be betier txplained
LTS
(h-k-1)

Catr. of the “ur” mout

+
. ﬁk—?ka-%‘fm

. +PKXkTV1

-

o= Pr =0 (the lask § ps=0)

+ doif every time you aciot 1 more x variabls

the iR ¥ gnd Kl’l‘l why don't we jut keep
the additional X in the mode| 1

- bven fime Wt odd Y morx | var(5)wil 7

making the predicrioh of less precive.
Jo, we ohly weep the adaition x i it/ they
tun_improve, tht mode) enguyh

Y can & 75k (TRY) enovph
or

Lah Jignificantly & 5k and T RE



f(F)

Ho ' Pz =pa=...=0
B orjech Ha ' Ho 17 not trve
FeF o, neka
2 » F

G coribical valuy )

We rtect o of jointly no effect if F7¢
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3. Some useful facts
® KZ\M 7 £ bl Qny adoitional x would T k% Cim prove fit)
"Ry < IS8Ry

@ l'3y mcfludinglmore X, the model i Lertainly bener 64 plained. However, we woulg like 1o reject Ho
If the includion of eIy variables ooed not I'Mpral/t the mode| ensvgh.

4. Other ways to calculate the F-statistics:
From Kb 1-49K

T
(K$r~xﬁ)
we hoye F - ¥
(1 'Klw\)
nk-
I we want to test the overan siynificunce, of th mod el
HU ;F1:p1:p3:'-':Pk=0 Liqlwm;uiucn
Hy * othtrwist
Ll
Fo_ K
(1- kY
h-k-1

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

player’s salary. it we want to tedt whtther perfovmance hay any

N salary = season salary '
years = years in major leagues Mpact on Jdjavy
gamesyr = games per year in the league Ho . R
bavg = career batting average P oy _ phr‘unlyy Prb”"' 0
hrunsyr = homeruns per year Ho . otherwide 7 e
rbisyr = runs batted in per year

# the unrestricted model (ur) is defined by
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¢

regress log salary years gamesyr bavg hrunsyr rbisyr n

Source 55 df MS Number of obs
F( 5, 347 .06
Model 308.989208 JKM,S 61.7978416 Prob > F = 0.0000
Residua].( 183.186321;> 347 .527914487 R-squared = 0.6278 RL
Adj R-squared = 0.6224
Total 492.175535 352 1.39822595 Root MSE = .72658
log_salary Coef. Std. Err. t B>|t]| [95% Conf. Interval]
years .0688626 .0121145 5.68 0.000 .0450355 .0926898
k gamesyr .0125521 .0026468 4.74 0.000 .0073464 .0177578
S - bavg .0009786 .0011035 0.89 0.376 -.0011918 .003149
\ qu hrunsyr .0144295 .016057 0.90 0.369 -.0171518 .0460107
rbisyr .0107657 .007175 1.50 0.134 -.0033462 .0248776
_con 11.19242 .2888229 38.75 0.000 10.62435 11.76048
Inderoet
# the restricted model (r) is defined by
regress log salary years gamesyr /7 /
Source 55 df MS Number of obs ’
Model 293'86405855kh 2 146.932029 Prob > F = 0.0000
Residual <:398.311477 :)350 .566604221 R-squared = 0.5971
Adj R-squared = 0.5948
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
¢ 4
0y
Now, our Hy and H, becomes F:(RY %)
(1-RE) /n-k -1
S5Ry = 5§ Ry 138.31 - 143. 144 .
— 3 [
F = ) = v 9.§%
{Skyr 183.1%6
h-h -1 W35
fCF) let's uge §7- level of Jignificynce

Sofine Feqs5 7 206, we rejtet Ho ot §7 level and conclude that

performances have joint effect on {ulary.
reject at §7.
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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

— % -tatle
/ If the d.f. > 30, then when ¢ > 1.96, we can reject Hy with ¢y, “‘3 nificunce, (eve)

— —_—
—

/ When t > 1.96, we can say that (3, is statistically significant at 5% level.
(value of 8, #0)

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

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

offi’.

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

e.g. Ho: B, =p;
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) 3)
log(sales) 224 158 .188
(.027) (.040) (.040)
log(mktval) — 112 .100
(.050) (.049)
profmarg — —.0023 —.0022
(.0022) (.0021)
ceoten e s 0171
(.0055)
comten —_ e —.0092
(.0033)
intercept 4.94 4.62 4.57
(0.20) 0.25) (0.25)
Observations 177 177 177
R-squared 281 304 353
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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

bﬁg\htoz Bo + Bycigs + Bypfamine,

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 1 we uge bweght in lilog rgma 7

Ty = 1000 g
N
bwe’ hl_ _ /\ A 1 . 1
Mg = bweahty = B0 B1ovigd 4 P2 famine
1000 looo 4000 1000 from iny
. . , | when vling STATA 7
- dO t o\quod‘{. A2 fmw‘ln(l © pen bwgh}-\‘)‘lvwghl"(lr.w
A o A n a 98N bwght. ke = bght_ g /
. X A 9 9ht- 9 / 1000
+ 4 _M g A = P 1 A2 _& "YU bwgnt ()i faming,
[000 1000 1000

© e avUll |wghi_nJ W9l faming
*what 1f we yie faming in wp CGndtoael of 1000 ud0)
bweghty - p%+ f1 Clas + fa faming 0

[000 when wing STATA

" 3th faming _uid = faming x 1000
" orbyredl bwokt_ g Cigd famine
* regresd bwaht_g cigi famint (usd

[ .
> Pot faU9 t 62 fumincusy

. }} in other words GL : lmpnot ot Yusot in income
000 pl lmpnct of 1000 WOT in income

0fSUMG 30 THE = 1WID

when wing JTATA
* 3t FaminG - thb = faming 30000
©reg bwyht_g cigd famine
' reg bwght_ky cigs famine _ th

* What (Fwe it bweght in kg und income, In TH3
bueghty, - fo + 01 vigd + B2 famine

1000 000 'Y, THD
30,000
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2  More on functional forms

# Logarithmic Functional Form

* p'\ = 0“03("” H

L )
)| Y
d log (x) % i 1
1 X

Cohs gy L Gy

1
v Y|
42

dxa AXy

100 o = IOOK\;”
dx

oo pr = 70y
AxL

# Models with Quadratics (§quarts)

' Capture thertaging 1 dbeitaiing mavgingl effects
Covid - 13 ekam ple

3 4 l
Y ok eagea) V= Pospakt fuxteu
W - ]
M Pr12par
X tdays)

Example : Effects of Pullution on Housing Prices

: Further Issues

A1 - \{1-\,L
8= Ky - Xy

log(y) = By + By log(z1) + Byz2 + u j

100 x L:!A‘/ AN

oo x 1oy, 78X
K

(Flopt of the rtlationship beiween X and y is hot constant)

Detretiing veturng .

n Yo ot paktpyxieu
LI
T Priafud

whit(4)
%l

= (P-MeYg 5 M= 100, demang ; P=100-09
M =(100-9-10)g,

F.OC 91 . o . g
W.0-:)0 b

log(price) = B, + B, log(nox) + B, log(dist) + Bsrooms + Byroom* + Bsstratio + u
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dLna) = 44y

K
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

regress Jlprice 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
Tprice Coef. std. Err. t P>|t] [95% conf. Interval]
Tnox -.9767545 . 0995938 -9.81 0.000 -1.172429 -.7810806
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

Consider the effect of "room"

d:\,( MO o 3t 2Py rooms = - 0.5534 2(0.062)-roomy
reomg

at how many rooms dogy 4 udolitional room hus o @g‘m,uct on logCphce) 1
0= -0.§83+200.062) vooms
foomy = 4.4

logCprict)

Y

Andwer + at ¢.¢ roomy oy mort
ak § poomd of more

) roomd

What wold be the % change in price when the number of room increases fro

dlog (price) . ¢ 543 $2(0.062) voomy

droomy
Z. Total % gin prict when #rooms T from
0px A A - . .
100 _»‘_prce,dp 100 (-0.4d3 t2¢0.002))§) St 6 W6 t1097 05 2547,
d rodmg S 100 x0.06

617 incrtadt

what about 7. in price when # voowy intreast from ¢ 40 6 !

7 Apritt = 100 (-0.463 $200.062)- 6
19 7 facrgadt



78 7. Multiple Regression Analysis : Further Issues

3 Models with Interaction Terms

Consider
K3
price = By + Bsqrft + Bybdrms + Basqrft * bdrms + B,bthrms + u
1l v X X1 XL
where pf'ice,

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

bthrms = number of bathrooms /

PAPHIR 0yt gy gy
d bdrms

Jmall house

) bed roomy

if P10 then an adlditional bedroom wold inry it price mort) for a larger hovge
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4 More on the Goodness-of-Fit and Selection of Regressors

# Adding more regressors ALWAYS improve fit 4 Rz- alworys 1

* But wy, loit the “degree of freedom
Vdata point if Jacrificd every tme Wt eitimate 0 parameter
*Wiing R* would not punish * having too many ety rtisors "

v We wit wdjuited - R ov R Nhen wo want to ponich ndding too many rtgrtssors
R = 1-40R < 1- SeR/n
T HT/n

Wi kY = g siny ke
H1/ th-1)
if we have mort ko, p-k-1 ¥

{IR
h-k-q

/ ndj- gLy

/

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

Consider Model 2

—_—

log(salary) ~ 4.36 +0.27511og(sales) +0.017970e

(0.29) (0.033) (0.004)
n = 209, R*>=0.282, R?>=10.275

V23,57 of variation in Y
I ¢ plai hed

{o, the model i beftep
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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.

1 if female
famale = . .
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
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3 Models with a single dummy independent variable

Consider
wage = By + dofemale + Beduc + u.
where
Famale = { 1 if female
0  otherwise (or if male)

In this case, the dg 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.

ECwage | female, edug) = E (o t §female t predue t u tfemale, cdvt )
*Pot Sofemaie ¢ predve t £ (U female, edve)
ot dyfemale 1 p,edue

Thue

Q . Elwasel femalt 1,edue) = fot §o (1) t pedue - ﬁo*’f fredvi
o - F (wnat ) Female =o,(,dlvo] = Pot folo) ¢ predve = pot predvo
bo Elwadt | femaie =1, edue) - AT femalt =0 eguo)

or o : €(wagt Ifemalt , edut) - € (wage | male , educ)

dven the dame valve of edve (rume, edueation level ), fo is the dibference in the thpected wil gt
of fomales una wolyts

Y=waye
walt ¢ * B e 2. {emale, i7 going 1o give a constant impact on wage,,
rRyArdltss of the Ievel of edug .
femalt - o + o tp1 edve
/ LY
Intercept
Po (afivme Jo <)

}Po ’r&o

3 X = edv(
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4 Tt 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.

wade = Poko + doftmale t fedvet famaly +y

For example:

Ko = X1+ 4
1 = female+ male

female = male+1

or

if thevt are """ tute govits, we omit 4" cateyory to avoid mylt eolli b by
\
@ = winter + spring + summer + fall

winter = 1- spring -summer - fall

winier = 4 1 IF winter o winley gpring - sommer fall o

0 ghtrwige, 1\ \ 0 0 6!

z 1 0 0 0 !

fring < 4 iF gpring 10 1 0!
0 Othtrwl g, ¢ 0 0 1 0 1

: 0 0 0 o

0 1 0 0 |

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

1 if female -
(’to it male 1\ if male o

‘_‘___4,/" 0 if lemaly ///////,/”//
. regress lwage female male married educ exper $
note: male omitted because of collinearity hkﬂ&ﬂ &/ﬁ{,//ijjz////
intertty )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
lwage Coef. Std. Err. t B>|t| [95% Conf. Interval]
female worhers
Hhetxﬂ&h*fﬂ —~— female -.3251146 .0377061 -8.62 0.000 -.3991892 -.25104
have 104 Wagt male 0 (omitted)
quw&dilMﬂW married .1380145 .0411197 3.36 0.001 .0572338 .2187953
wrkers 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
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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 variables— female and married.

log(wage) = f,+ dofemale + Symarried + B educ + [y exp er + 5 exp er?
+Bytenure + Bstenure® + u.

regress lwage female married educ exper expersq 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]
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

41 meufurey the impagt of be mowried . Lmdrriag, premivm)

but aince, 11 <1.av or p20.05 wt don't reject Ho of no impack.

1) §o meadures the vpoited oifferenet between femalt 4 male worlers yvtn the Jame marital Jtates and
ofht v factord

dlog wige) gy e,
d female o female .
100- 1 __dwage
wagt 00 g0 (-0.09)
d female
LAwags ey
dwage

S female workers an tkpected o tarn loss thn male, workery by 29.007. , hoI(A.‘nJ other favtors the Jame
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fingfem | dingmale

Consider a model which includes dummy variables for each gender/marital status
combination— marrmale, marr fem and singfem. (g Jinymale — wied ) the bt et )

log(wage) = By + dgmarrmale + dymarr fem + dzsing fem + [educ + [yexper
+Bseaper? + Bytenure + Bstenure® + u. (8.1)

regress lwage marrmale marrfem singfem educ exper expersq tenure tenursg

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. S5td. 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
singfem -.1103502 .0557421 -1.98 0.048 -.219859 -.0008414
educ .0789103 .0066945 11.79 0.000 .0657585 .092062

A exper .0268006 .0052428 5.11 0.000 .0165007 .0371005
p expersq -.0005352 .0001104 -4.85 0.000 -.0007522 -.0003183
tenure .0290875 .006762 4.30 0.000 .0158031 .0423719
tenursqg -.0005331 .0002312 -2.31 0.022 -.0009874 -.0000789
_cons .3213781 .100009 3.21 0.001 .1249041 .5178521

(the, previous ont st malle, 4 single ws 2 base Irovps)

O fo meaures the ekpected diff. 10 wilge of murried male 08 compared with Singtt miles, holding other fagtory
Lnitant.

@ }y measwrs the ehpecten oiff,
Lonstant.

@ {1 same rahangte

i wugt of married femyig g compared with Jingle maits | holding other fattors

wagl,
married malg - PO tdo = 0.02140.21%
angle mule & po
0.53¢4 murricd female © ot i1 = 0,321 - .35
0.3
0.nd

) Llvo
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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) = [y + dotopl0+ 6171l 254 53126 40 + d4rdl 60 + 5, LSAT
+5,GPA + 5log(libvol) + 5, 1og(cost) + w.

where topl10, 711 25, r26 40, r41 60 would be equal to 1 when the variable rank falls
into the appropriate range. In many taied the, < rangt of v " jervt o nigher explanatory variaple fhan
*% Rank below 60 would be the base case. M "valw”ititlf. ey g Moy expiain the, model dehier if split info 9t mHons
youny o-1§, yeni lb-29, ¢,

. regress lsalary topl0 rll 25 r26 40 r4l 60 LSAT GPA 1llibvol lcost

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. S5td. Err. t P>|t] [95% Conf. Interval]

topl0 .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

The, bW{/“'hf, /—'_’ LSAT .0060482 .0034919 1.73 0.086 -.0008616 .012958
. . GPR .1305893 .0818678 1.60 0.113 -.0314122 .2925908
IJ ra““*"’ 1libvol .0725522 .0289213 2.51 0.013 .0153221 .1297824
6\ th anel worH  1cost .0249169  .0283224 0.88 0.381 -.031128 .0809619
_cons 8.363103 .4457314 18.76 0.000 7.481081 9.245125

@ 0 medures the dithrenge in expethed 1ogLinlary) of o taw -§choo) qmdvmfe from o

fop 10 umiverirly Compartel to Lkpotked logCiulary) of thort, who grpdvuted from
the, sohool ranked 61th gne worre,

Q 1 un the fame ruronate
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