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4 Testing Hypotheses about a Single Linear Combination of the
arameter
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: 6. Multiple Regression Analysis (Inference)

:;n,mhw possible hypothesis test (one-tailed alternative)
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E“‘"}DIL L Ho: 320, 1,8, <0, dfi=140.4 2- feblt

| Fm, ) 4 p-valug = what should bt e significent Ievel
given the eriticq] valve of - 2.35

b find the shaded qreg

Sx)Es

0.5-0.493
“0003 \

1 0.49)
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suppose the calculated ¢ 3 = -2.75 i '
T g - By =3
) $R.(B3)
e Irom the z-table, the value -2.75 corrcspoi)lds to:Area =10:003: = e e

e Thus, p-value = _ .003

e Would we reject Hp if we use the significance level = 5%7 Y6.
Rule = we reject Ho if p-valve < Sig levels
Example 2: Hy:B; =a;, Ha.:B; # aj d.f.=18.
erecth HT)

» L use - tabie
. | L

suppose the calculated t[,J =-2.18

e From the t-table, the value -2.18 corresponds to area = _ 0.02 tp 0.05_ _ _ _

e Thus, p-value = is_between 0.02 and_0.05,

e Would we reject Hp if we use the significance level = 5%? Y&y, reject Hy bectus the areq is
lessthan 0.05 or p- valve <o.05

6 Confidence Intervals (CI)

e Confidence Intervales for the POPULATION PARAMETER (f3;)
S~ The rangt of values that would captyre the tryg Bi Ut 4 85% chaneg
e A 95% CI of j3; is given by
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70 6. Multiple Regression Analysis (Inference)

Example 1: 95% CI

-2k i
: N0 value of 415 percentile in e

tye distribytion

g 857 ¢ B =[¢
Ltor By = [ §;-vo00elf,) pirzosad)

Example 2: 99% CI 44, =3y
(1)

qreq = 0.00Y

5 1.&: T

19.5 percentile or qreq = 1-g.06 = 0,995

The 997 CL oy j!;j i

"‘Oﬁvqﬁon

- We wint 1.0 +
Grode

[PJ = LRSI ,ﬁd + Z.HH.E.(ﬁJ)]

325 < ag J_I.gniﬁcqncf’ of q
5 }o "‘P, #+'"796~fron+ "ﬁz, g (MUlﬁP’f hypoﬂ)e”_s)
SEUE position doegnst v

Hq © seat position matters 4 g,

g 2 ;
IMPACT on Gpy ~ p <
1

#0.and g,y 4 5,

Scanned with CamScanner



~ qlways be one-tailed

: f(F) - away from 2ero - reject
71
. ' . . reject
Testing Multiple Linear Restri
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6. Multiple Regression Analysis (Inference)

3. Some useful facts

O Y Wditiona| X would increqsp R (improve fit)
SRy € IR,

© 8y including morg ;

Would like tg rgjuf
the model enough

the mode| i tertainly better explained . However, we
H(J if the inclusion of extrq variables does not imprOVf

4. Other Ways to caleulate the F-statistics:

From R2 .,_ &R
$§T

Ne haug o _ (M)
4

I~pd :
# of B that N-k_3 T inftreept
ire set ty / 1
# of

1

0bg #of J]UPQ ﬁ

Hp : ﬁ,~ﬁ =g = ovtrall JIS"iﬁCQHCe of the Mode|
ol ALIRR Rt e
S K/K R< of yr - r mode| hes no X qt ql

T
1-R ’/(n-kq)

Example: Suppose we are intereste
player’s salary.

Y salary = scason salary If we want o st wh

years = years in major leagues

d in understanding the determinant, of a baschall

: ether performangy
has any impact on Saqry

gamesyr = games per year in the league fa
bavg = carcer batting average 0- ﬁbqu =,Ph,-un;y,. ”ﬁrbinr =0
hrunsyr = homeruns per year i 4 -
S Fa - Otherwis
rbisyr = runs batted in per year . trwise is trup

e the unrestricted model (ur) is defined by
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. regress lo
g_salary years gamesyr bavg hrunsyr rbisyr

Source
S8
dt Ms Number of cbs = 353
Model 308 F( 5, 347) = 117.06
Residual 133.989208 5 ALITAELS Prob > F =~ 0.0000
.186327 347 .527914487 0.6278
Total Ad} R-
492.175535 352 1.39822595 Root MSE
1
cg_salary Coef. Std. Err. ¢ P>ltl [95% Conf. Intervall
years .0688626  .0121145 5.68 0.000 .0450355 .0926898
May not e indiyd 0y gamesyr .0125521  .0026468 4.74 0.000 0073464 .0177578
\Mpact i oAvd .0009786  .0011035 0.89 0.376) -.0011918 .003149
Pact but myst b { hrunsyr 0144295 1 [ -.p171518 0460107
hreo § s . .016057 0.90 0.369 ;
: qctors Combined~ TPisvT .0107657 .007175 1.50 0.134) -.0033462 .0248776
§ ™ ETRARe \mmu— on  _cons 11.19242 .2888229  38.75 0.000 l 10.62435  11.76048
$qlaF
“us ‘ , o
A resr when ‘UnH’QHY)O eqch of the p(f‘Orrﬂqn:\ X

to fing rJhHher e the restricted model (r) is defined by ong-by -one , noNe of them has esignificant

three £t tory 1.1 model|"
. regress log : salary years gamesyr

impact at 5%

Jo‘nf[y milcs
or not Source sS df MS Number of obs = 353
F( 2, 350) = 259.32
SSE Model 293.864058 2 146.932029 prob > F = 0.0000
§SR Residual 198.311477 350 .566604221 R- squazed = ‘0.5971
§§T Total 492.175535 352 1.39822595 Root MSE = .75273
log_salary Coef. Std. Err. ) P>lt] [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
Ut whe ° a2
| v gn Permrm..u‘v an F-test, performance
Now, our Hy and H, becomes he,s Joint impqet, &
ISR -SSRy, 199.311—-183.18¢0
S I
1 N4.5%
( SRy, 83.1%(
n-k-1 Ll
P4
i
" r‘t. n‘[\% 0'5 r . 3
f'(F) 1 f; \.:(;P»‘ (ur“l r' Q.U('r. / ml ‘1r{
4 ) )
Lets st s7 level of signiticance
Sinte F =
reject at sy, contlyde H\:\'S:e?-{:“ e ek By, o S level and
ormanc
6 have joint effects on salary.
|
t =
c=2.
' ¢ Pr= 0.05
3,00 qFML - o0
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74 6. Multiple Regression Analysis (Inference)
8 How the Hypothesis Testing is done in Practice

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

= These t — statistics are to test Hy:8,=0
,— & -t o il
= If the d.f. > 30, then when t > 1.96, we can reject Hy With 57 significant leve|

= 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 §, 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

of 3.

2. We can also perform other hypothesis testings of interest.
eg. Hy:B; = ﬁj
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 ‘ (n (2) (3)
SUes ¢—— | logtsalesy ESTi 188
(.027) (.010) | (.040)
other (_Qmp(my log(mkrval) { - ’ 12 100
| (.050) (.049
performance e e ———— L ]
profmarg —_— ‘ 0023 -.0022
) (.0022) (.0021)
s coten —_— | — 0171
CED Characterist g o (0055}
comten —_ — -.0092
(.0033)
intercept 494 4.62 4.57
(0.20) 0.25) (0.25)
Observations 177 177 177
R-squared 281 304 353

!

Simple regressio
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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 + Blcz’gs + BQfa min c,
Yin gram
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.

s What if we use bwght in kilogrqms??

1 Ks = 1000\(’
N~ S~ A A A .
breght, = bweghty _ £o  , £ 4§S | pofaming
1000 1000 1000 1000

N

N\ A A .
bwe9h1k3= Ao +d, Cigs + o, Faming

* What i we use faming in ysp cinstead of 1000 USD)

ey, =343 cies 44 , The value of +his variqble i
§ “Potpyligs +3, famine up € going *o be 1000 times larger

1000 than faming
A +A o A .
= Po *B,CigS + 9, faminc

usp
§
8, =Lt
‘ 2 oo
in other words 8, < impact of 1 WD* in income gen famint . usd = faming x 109

LY . .
Py = impact of 1000 0Dt in income

« What i we Use bweghi‘ in ky & income in THB
bweght }0 Pi tigs + ﬁl

. This valye is going to be
S Towo ' ip00

30,000 times larger thah
30 ooo faminC (assume 30 THB =
1 USD)

HmchHB -




76 7. Multiple Regression Analysis : Further Issues
2 More on functional forms

e Logarithmic Functional Form

log in ¢ '
W 1, e X r usually ™eans natural log in econo metrics
K ’ log(y) = fy + B, log(v1) + Bya + u
‘,Q ﬁy ’yj-yz ,AX" 7(" ‘X,L
L 1 1
B - bgly) ¥ _ 3% _w0ogl wgy

AN 1 .

dlog(x,) X 4x, w10 %\3*1 %X,

with the dog y and Rog % format, the coefFicient is 9oing to be the elestcity | x, elasticity of y)

(price) (demand)
B, - dhogty) _ 7 dy i 8y
z q Xa d’xz' 0%,
L it We want "‘he UPPer “‘Qrm ) be VA Ch‘mge, +hen

Ax,_

100 L;_;x — W00p, =%Ainy given thet x increases by 1 unit.
2

e Models with Quadratics + squares
Capture increasing /deereasing morging| effecks (slope of e relationship between X &Y is
not constant
Decregsing refur
CoVID~19_example V= pot pX4pxt g & mg efurng
Y (# of casys) ‘ 10T profit (1) Y=ﬁo+ﬁ,xfﬁlxz
__y = ﬁ\{.zﬁzx
qx ? t | Y +
! X =$ ah
) ) days : f ‘(‘)
|
umi“
x (days) ¢ (°V

q = (p- MQ)C(YQ—— ASsumR  m¢ =10
Demand : P = 100- %
qa < (100 (}f 10)01 By is Po;nth

FO(. ﬂ = 0= qg 2
Example : Effects of Pullution on Housing Prices 2§

\p, is negative
Jame  resolt

log(price) = B, + B, log(nox) + B, log(dist) + Bsrooms + 3,r00m? + Bystratio + u



7. Multiple Regression Analysis : Further Issues 7

where
price = housing price
nox = level of pollution
dist = distance from downtown

rooms = number of rooms In +he US or many countries, students can apply to
stratio = average student per teacher ratio  School§ in the aret withpyt hqving o +ake any test
The estimation result is given by o, the lower stratio, the better +he school

regress Tlprice 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

{03 (price) Tprice Coef. std. Err. t P>t [95% conf. Interval]
109 (nox) Tnox |p —.9767545 . 0995938 -9.81 0.000 -1.172429 -.7810806
dist (g, —.0321972 .0094013 -3.42 0.001 -.050668 -.0137264

rooms (g, —. 5528032 .1612965 -3.43 0.001 -.8697056 -.2359007

rooms_sq |py -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

Z N
1615196 For all varigbles ¥ Al < 0.05

Y Al variably are Jignificant
Consider the effect of "room"

d Log(price) - Ps*zﬁ'i rooms = < 0.553 +2(0.062) Fogmy

drooms
Loyeprice)
W how many rooms does 1 qdditiondl room hes q positive impact
on Rog (prite) 77
0 = -0.553 +2(0.062) -Fooms
Fooms =44
‘ At ¢4 rooms or morp
1
” omg 2TV up to 5 vooms or morg

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

d2og (price
J.u = ~0.553 +2(0.062) roomJ
droomg

100 1 1
price dprict _

= 100 (-0.553 +2(0.062)(5)) = 100 (0.06F) = ¢.}¥, increqs

d roomg

What about s A in price when # rooms increqses from 5 to 37
750 PriCe = 100(-0.553+2(0.062)(5)) =19.1 %%

tota] 7.a in price when # rooms 4 from 5 to ¥ IS 631015 258 %
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3 Models with Interaction Terms - ued when the impaet of one variable dependy on the
value (level) of another varigule

Consider
X3
—_——
price = By + Bisqrft + Bybdrms + Bssqrft X bdrms + [,bthrms + u
where
price = housing price
sqr ft = house size (square feet) Large houst

bdrms = number of bedrooms prict
bthrms = number of bathrooms Small house

tori
price - Pz+ﬁ3 J‘%rff

4 bdrms bed rooms

~» it §,20 then, an additional dedroom would increqse price more for q lqrger house
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4 More on the Goodness-of-Fit and Selection of Regressors

e Adding more regressors ALWAYS improve fit 4 R? lﬂWQyS intreqse

5 BUF we lose fthe degree of freedom (d.f. < free daba point used to es Fimgte
the pardmeter)

= 1 data point is sqerificed every time we estimary a parameter,
4 Using R* woold hot punish *having too many regressory '

-+ we use adjusted - RE or &% when we want to punish adding teo mgny Fegressorg
SR
Rz= “- ‘E&_ = _._——-—-—/yf

-~

3T SST/yg

‘\‘U- R" - 1- J—SR/("*'” 4 If we have more Kk, d.f. =n-K-14
63T/(n-1) JSP‘/('\—\(-H 4 : Qd‘j. RZ ¢

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

Consider Model 2

—

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

(0.29) (0.033) (0.004)
n = 209, R*>=0.282, R? =0.275
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Multiple Regression Analysis with
Qualitative Information:

1  Outline

Describing qualitative information

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

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


http://www.tcpdf.org

