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4  Testing Hypotheses about a Single Linear Combination of the
Parameter

Consider

log(wage) = By + f1jc + Pyuniv + Byexper +u
Junior colle 9o

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; = 8,." (F the teturng from 1 more year of eolycation ab o Juhior college,
W the Jome uy that of tht university

o Pr=pa + Ho 't pr-poo
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another possible hypothesis test (one-tailed alternative)

Ho ' P13 p2 =+ Ho pr-p2 =0
Ho o pr<pu+ Hat py-po <0

It i adsumed that p1 would not be more than po (rekurni to o 2-year coiege wold htver be mort than rturns fo
Mm'vem}y edveation)

t: [[?1 ’p/‘z\ -0
{cr) J.e. [p", —p";_]

reject q Then ) 90 10 the extra note.

/g///( i ’
ared = fiy. level VL N”bv"asdf“

5 Computing p-Values for t-Tests

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

fct)
t-tailed
A rejett this shadedd dita in the
7 rejechioh 1 the p-ualve
% .
b M f(t)
&b, Fi‘)l 3 -tailed
botgl wven from 2
Jrdg,
1
# p-value : P(|T| > |t]) cfo’m;wrf,d t=M
XX

T= t ~distributed random vorigble with d.f, = h-k-|
t = compured {-sratidii

p-valut < probability that @ candom T value will §t greater (intht (1 term)
than ovr t, in the Ho fest,
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Example 1: Hy: f3; 3,0, H,:f8; <0, dtf=140. = Z-fablg

(1), 1(3)
504‘\}

[,2
o suppose the calculated t =-275 =+ ¢ qu . an_ ]
Creitt” AT
# From the z-table, the value -2.75 corresponds to area = 0_ (7_ OJ_ ______
# Thus, p-value = 0.009

# Would we reject Hj if we use the significance level = 5%?7
Vey, thiv cqut id o " rvle” we pject Ho if p-value <y, leve]
Example 2: Hy: (; =a;, H,:B; #a;, d.f=18.

(1 Tuse t- table
2“‘ L1f
W/
/7!/ T :

suppose the calculated ty, = -2.18

002 to 0.0y

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

# Thus, p-value — [ btlween 0.07-0.0Y%

# Would we reject Hj if we use the significance level = 5%?7
Ve wject Mo becavst the qrin i 1gss than 0.0) or p-vawe< 0.0f
6 Confidence Intervals (CI)

# Confidence Intervales for the POPULATION PARAMETER (53;)

Confidence Intervales |
# A 95% CI of 3; is glve;/b;r\"TM rtnge of valuty frat would caphivs fhe broc i aF & 157, chane
Ly dordt(f))
) ?
Cigthe [Tng] perientilt ihthe ©-difdysytion
Tt rt) vith noh-t o

Y a1 b
,L/V_/_} L o615 sy
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Example 1: 95% CI df =25
£CT)
7/ | P
-7 0b 0 0.0 vape of 935t pereentilt i tht Cor didtrisy bon

Th 852 L for p; - CQ-Z.DI,'J.&-H;N : PJ P06 1.L(f)))
Example 2: 99% CI

(1)
what percentls L 49.5
ar gren 170005 70495

i~ _1_7' < 0;0' - 0.00f
z }

/ T

=19t 0 1.}y

A

WthuFwﬁi[m-MH4&0@7@+Lﬁrﬁb@J

F-lert motivabon  can't use tor 2 tesk as they have many Factors [variyilus
- we want g jedt the dynificance of a grovp of hypotheJiv (mulkple hypotheses)

C—rqde,us : Poth no.times_ front tpL no. times _back + Ps hr_dvely + pe past - ¢PA + psaender # u

Ho © deat position aotsn't have impact on ¢PA
pr=0 and pr=o + py=pz=0
Ho © deat povition matters Py #0 und Prgo
oF prio w PL0 }' ot least one of the By P2 £
ok R0 Pro
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7 Testing Multiple Linear Restrictions: The F-test

Suppose the model is specified by

y = Bo+ B+ Boze + Byrz +u
Hy : pBy=0and B3g=0
HulH1 . Hjy 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

s Y= fotpaky + Buket piks tu s e P et Ho
y = Bo+ Bix1 + Bowa + Baxs + ... + Brap +u

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

Yo potpkytu i vt £ do not reject Ho

fuppost there art/ " g" number of B that we would kg fo ptriorm g jointtedt of = 0
63- in above model ¢:=2

Y= potprky fpuret | _+/$k_?rxk_%+v|

o b Py < Pryia < .

o= Px =0 (the lagt § pr=o0)
Ha o Ho is not trye

PP i Baket. .t PreyAr

N~

unn,Jtricied
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3. Some useful facts
0 szr 7 kY. e any additiona! k would T g% Cim prove fit)
’ J\JRMI’ < JSKY‘

@ By mcl.udinslmor% X, the model i Lertainly bener ¢4 plained. However, we wovly ikt to reject Ho
It the inclusion of exiry variables wots not impravt the model envugh.

4. Other ways to calculate the F-statistics:
From KEe 1- 89K

T
(le ‘Kzr)
we have F - ¥
(1-8%r)
nek -1
IF wt want to test the overan fiynificance of the mode|
to "P“Pl‘p“---:flkw L‘lQIwu\;JgiWn
Hy o othtrwist
it
P X
(1- kY
h-k-1

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

player’s salary. i we want fo test whether perfovmonce hay any

N salary = season salary '
years = years in major leagues Mpact on Jajary
gamesyr = games per year in the league Ho . R
bavg = career batting average Mwa . Phr‘unlyy Prbuyv 0
hrunsyr = homeruns per year Ho o otherwide 7 e
rbisyr = runs batted in per year

# the unrestricted model (ur) is defined by
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X

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].(\\\153;iffffz;> 347 .527914487 R-squared = 0.6278 —t kL

Adj R-squared = 0.6224

Total 492.175535 352 1.39822595 Root MSE = .72658

log_salary Coef. Std. Err. t P>|t]| [95% Conf. Interval]

years .0688626 .0121145 5.68 0.000 .0450355 .0926898

gamesyr .0125521 .0026468 4.74 0.000 .0073464 .0177578

bavg .0009786 .0011035 0.89 0.376 -.0011918 .003149

\J :1f 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

Inderobpt
# the restricted model (r) is defined by
regress log salary years gamesyr /7

Source 35 df MS Number of obs ’

Model 293.8640585‘5““ 2 146.932029 Prob > F = 0.0000
Residual 98.311477 350 .566604221 R-squared = 0.5971
Adj R-squared = 0.5948
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

My
Now, our Hy and H, becomes F:(RY )

O-RY)/nk-1
$5Ry = 5§ Ry 13§.311 - 113116 2,
3 - L
F =z ¥ = v 9.5%
SRy 183116
h=k -1 W3-57
fCF) let's uge §7. tevel of Jignificance
Codince Feass oy 16 we rejeet Ho ot 57 level and wholude that
perfurmances haye joint effects on {ulary.
pefett at §7.
/. ‘T_F
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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 t > 1.96, we can reject Hy with ¢, J.‘a pificunce (eve)

JE— —_—
—_—

/ 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 x; from the model
| After we drop z;, we estimate the new regression function and obtain a new set

ofB.

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

e.g. Hy: B3, =p;
or Hy:(,=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 @ 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 s 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

b@t{)_ Bo + Blcigs + Bzfa min c,

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.

e What 1 we we bweght in lilog rgme ?

1y = 1000 g
bweght, - 17 > 3 SR !
Mg = bweghty = Po o p1 s 4 Pr famine
1600 looo 4000 1000 from inlo
" e | when wing (TATA i
Todgt o\qUJJ‘f A2 fMW\lﬂ(: « gen bwght. 9 = bwght x 213y
n R 1 a a A ‘ﬂﬁn bw h+-—h— =b h /
a i ) " Y-y = biwght- 9 /1000
- 0 Eg g & = E'\ ) AL = EZ " VI bWyt )elss faming
(000 j000 1000

eyt fwoht_g)tigd faming
* what 1f we yie faming in wp Cindipael of 1000 ud0)
bweghty = (ot g1 Clag + B2 fami
1 1aming
3 7 for froiy Tfo_o W0 when wing STATA
" ath faming _uid = faming % 1000
" orbyredd bwght_ g (igd famint
o reyresi bwyht_g cigi famint usd
] |
> ot fi\q“ﬂJ t 61 famincugsp

* =_4& in other worde G = impact of 1usot in income
vst ﬁl : impnct of 1000 WOT in income
QdSume 30 THY = 1wiD
when wing JTATA
* 300 faminG - thh = qufnc,x(soloao
©rey bwyht_g gy famime
' reg bwght_kg cigs faminc  thb

* What (Fwe it bweght i kg und intome In TH3

bweah*k H § { ] A
I L AN YT B famne
1000 005 ! s THD

ao,ooo
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2 More on functional forms

# Logarithmic Functional Form

A1 : ‘{1-11
8Ky - Kn - X

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

SR T ) P L I Y

100 x 58 oy

-

4 log (x) %‘d’(’\ %( AXq

R T TC) AL VI W'
4K Axy Ak

100 By = 100 % 0y
0 X
oo g = 70y

ax

# Models with Quadratics (§qvares )

0o x 1oy /8%
Ky

" Captur ihereaging 1 dectading mavgingl effects (ilopt of e relationship beiween X and y is not constant)

Covid -1 ekam ple . 2
y(#ofm”’n 1"‘”“"“‘[“‘”"“

%YX_ » pri2pa

X (days)

Detresing veturng .
1 Y= fotpaXepaxedd

%; Prt2pul

whit (4)
%l

= (p-me)q ) mMO: 100, demang ; P=100-09
M= (100 -9 -10) g,
F.O.0. 31 o g0-

W.o = 30-2

Example : Effects of Pullution on Housing Prices

log(price) = By + B, log(nox) + B4 log(dist) + Bsrooms + Byroom* + Bsstratio + u



Note | d 2
ﬁ(lmﬂ 2

ALY = 4y 7. Multiple Regression Analysis : Further Issues 7
X
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"
dlog Cpricel . B3 +2psrooms = -0.553 4 2(0.062) - roomy
droomg
at how many rooms does 1 adlitional room hs o ® impuct on logCphce) !

0=-0.8§34+2(0.062) voomd
romg = 4.4

logCprice)

\S_Iioy/
: Andwer + at ¢.¢ roomy or mort
4.4 at § yoomy or mon,

Y roomd

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

dlog (price) . -g¢. 643 +2(0.062) -voomy

drgomy
Z. Total % 8in prict when & rooms T from
1 et z - ’ ]
moxmap 100 (-0.443+2¢0.062))§) St06 6YEIR17 i 2587,
Troome = 100 % 0.06%

68X 7 incrtadt

what abovt 7. in price when # roowy intrenst from 7 o 6 !

4 APk = 100 (-0.463 +100.062)" 6
197 daceadt



78 7. Multiple Regression Analysis : Further Issues

3 Models with Interaction Terms

Consider
X3
price = By + Bysqrft + Bybdrms + Bssqrft * bdrms + [,bthrms + u
X1 4 X X1 XL
where pr'ice,

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

Jmall house
bthrms = number of bathrooms /
dprict . prtpaiqrit 3 bed rooimg
o bdrms

if P20 1hen, an additional bedroom wovld incr,ait price morg) for o 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- alwiyd T

* Dot we, loib the " degree of freedom "
1 data point if Jacrificd every tme wt eitimate o parumeter
*Wing R would not punich " having to0 many regrtsion

Y We Wit mdjuited - R ov R when wo want to punich adding tor many regrtssors

RY =1 -8R = 1- SeR/n
I T/m
iKY = q - gin/ (ko)
HT1/ (h-1)
it we hove mort ko f. :p-g-n {

IR
h-k-1

/ 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 +19.63roc
~(223.90)  (0.0089) (11.08)
n = 209, R*=0.029, R?=0.020

Consider Model 2

—

log(salary) 4.36 +0.2751log(sales) +0.0179r0e

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

t 3.5 7. of variation in Y
i§ ¢xplarhed
fo, the model 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.

f ) 1 if female
amate = . .
0  otherwise (or if male)
» 1 if married
marrie = . e s
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 + B educ + u.
where

f Jo — 1 if female
e 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 | femdle, edug ) = E Bo t Gyfemale + predue t u (female, edut)

g

Bot Gofemate ¢ prede t € (u female , gve)

(3]

Pot dofemale tp, edue
Thuy

Q. Elwagel femalt 1 edue) = fot §o (1) ¢ Predve = P *" f edve
o © FE(waye ) Female 0 tdue) = ot fo (o) 4 predve = fot pyedvo

o ELwage | femaie =1, edue) - € (wagy) femalt =0, egue)

or  fo 7 € wagy IFemalt, edut) - & (wage | male | educ )

Jven the fame valve of el (Same edvoation level ), b0 ivthe difference in the thpected wugt
of femaled tnd wolyes

Y=wayt

malg ¢ o * 1 edvs o {emale, it going fo give a constomt impact N wage
rRyarditi of the Ieve) of edug .
female - o+ fo tp1 edve
Intreept

(Gfivmb o <)
1! Po tho

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.

wagt = Poko + doftmalt t fedvet jamaly ¢y

For example:

Ko = X1+ X
1

= female + male

female = male+1

or

If thevt are """ eate govits, we omit 4" cateyory to avoid mylt ol nbanity

\
@ = winter + spring + summer + fall

winter = 1- spring -summer - fall

wintty < g 1 F Wikt (o wintey gpring summerfall o

0 gthtrivige, 1 1 0 0 0 |

: 10 0o 0

fring 3 ° iF gpring 10 o 1 .
0 Othtrwl g, ¢ 0 0 1 0 |

. 0 0 0 0 !

WL 0 \ 0 0

0 1 0 0 I

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

1 .
i : 11t male ¢
0 .
regress lwage female male married educ exper 3

note: male omitted because of collinearity huﬂ&ﬂ &/ﬁ{///T:;r,,/’
interity ) 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 P>|t]| [95% Conf. Interval]
female worners
ure eXpU:\M th 4L femaie -).3251146 .0377061 -8.62 0.000 -.3991892 -.25104
hoye 1048 Wagt male 0 (omitted)
UMFMVM 15 malb married .1380145 .0411197 3.36 0.001 .0572338 .2187953
WOrierd 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 + 3 educ + By exp er + S5 exp er?
+B,tenure + Bstenure® 4 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. S5td. Err. t B>|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 memjure) the impagt of be mowried . tmdrriagl premivm)

but aince 1l <oy pr p70.05, wtdon's rejtct Ho of no impact.

1) §o meadurte the crpecked diffevenct befween Temalt & maly workors gven the same marital statos ond
ofht v factord

dlod (wage) »JTQ,“"'“"’ =0.29
o female, o female .
100 - 1 dwae
_ w0 (-020)
o female
LAwagt < g0
dwage

S female workers an, tkpected o Larn less fhon male, workery by 29027, holding other favtor the Jame
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finymale

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

log(wage) = By + domarrmale + dymarr fem + 03sing fem + [,educ + (,exper
+Byexper? + By tenure + Bstenure* + u. (8.1)

regress lwage marrmale marrfem singfem educ exper expersqg tenure tenursg

Source 55 df MS 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. Interwval]
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

Thii rey N“I’On It not H’)C fam¢ ol the PnVlOUVd ont . It uied ! J‘f/)o](, malt, " wi the hase Jrovp -
(the provIiOUS ont uit mule 4yl w2 baJe Jrovps)

O fo meadures the sxpeched dith. 10 wagt of marrisd maiy a9 cmpared with sing (¢ mdles, holding other fagtory
tonstant.

@

i meaiurts the ehpected diff. in wage of married femayg o com patred
Lonstant.

@ 2 same rmhongte

with Jingle malLs | holding other fattors

wagl
married malg, . potfo = 0.92140.212%
angle male - po
0.53¢ murricd female * fot 1 = 0,521 - 099
0.321
0.ny

) o



86 8. Multiple Regression Analysis with Qualitative Information:

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 25+ 53126 40 + d4rdl 60 + 5, LSAT
+08,GPA + 31og(libvol) + 5, log(cost) + u.

where topl10, r11 25, r26 40, r41 60 would be equal to 1 when the variable rank falls
into the appropriate range. In muny caied thy, range of vaive " jorvt w aither explanarory vaniaile than
** Rank below 60 would be the base case. M "Valw’ititlf. ¢y ueL Moy explain the model behier if spht injo ount, Mhions
youny o-1§, jent lb-29, eit.

. regress lsalary toplO 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

ﬂ\(’/ bQH’/“'he, — LSAT .0060482 .0034919 1.73 0.086 -.0008616 .012958
. . GPR .1305893 .0818678 1.60 0.113 -.0314122 .2925908
IJ ranu4ﬂ3 1libvol .0725522 .0289213 2.51 0.013 .0153221 .1297824
G\‘h anﬂ worH,  1cost .0249169 .0283224 0.88 0.381 -.031128 .0809619
_cons 8.363103 .4457314 18.76 0.000 7.481081 9.245125

® do meawrts the, dithorence in expetted 10gCnlary) of o aw -sohool gradvate from a

fop 10 univtriity compared to expevted log Ciulary) of thort, who gryduated from
the sohool ranked 61h and worre

Q §1 wr the fame rurona i



