8. Multiple Regression Analysis with Qualitative Information:

6 Interactions involving dummy variables

Case 1 Interactions among dummies

** We can use interactions among dummies to account for the effect

of dummies as well:
A different way to estimate eq.(8.1) is
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. regress lwage female married female married educ exper expe%sq tenure tenursqg
X\l- Xs Ke ~-.
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. Std. Err. t B>|t] [95% Conf. Interval]
A
female o—.1103502 .0557421 -1.98 0.048 -.219859 -.0008414
married [ .2126757 .0553572 3.84 0.000 .103923 .3214284
female married 3r.3005931 .071767 -4.19 0.000 -.4415838 -.1596024
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
tenursqg |a -.0005331 .0002312 -2.31 0.022 -.0009874 -.0000789
_cons ]30 .3213781 .100009 3.21 0.001 .1249041 .5178521

ression  Can eshmate
bek\a_ o ma.crip_&

Comments: 1 NS of ¢
SPQJ\C\le impad
~p Sormgtirgs  thae |~ pack of one vaciable
o M yalwe o OKLJ.N\N\\LJ vorciable .
T this case, we  saspect Hhot “tha impact of
> be mcmeol mMa
p ,g‘gexxa_kQ ass
So, \r\sﬂt&o( of  \wage - Bot 3y

we an odd an inteackh on
lwage = i~ t dtemale 4 5 o e+

impacht on

lwage f ma.rtie{—Far

gmale Y 3, or\o%me& o\sz VA,

same toc &, %

5 4emalo o MR((‘:C"L’(
“ M& rHO‘\a_é ]
MA@

or\ female @



lOﬂ(WMAL) = Po + SO‘chalQ—\- E‘«\a.cr:eo(-( gs-pewa.‘e.

in+uou(>1 fox et
Smle mde (sinamate) = Bo = 0.32]
Srgfemale Y = F ot oo = 0.3 =0l

™M oale = + 9., =0.31+0213
wmacrfemode - ‘5.,-& dot3,+ in 0.32] ~0-\1+ 0-213 - 0.20)

¥ Calculote g i WCL@‘I‘ST\\Q_ Shaud e the Same
os e ons 4;2 P2 853

B ' of s
-nff ‘\r/\f\?‘gq\é}r@ldag\ﬂ)ebe in %ﬂéakw%m(ﬁ& °<

fernale grdp meve Qxf\ic'lﬂug,.




M.s\a\:eaé‘

88 8. Multiple Regression Analysis with Qualitative Information: =Y Y 2 'H'\ ~ -\ (\*QI &Cjed
Case 2 Interaction between a dummy and a continuous variable i ConfNNnu ousS (2§ fqb((_
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. gen female educ = female*educ C 5;
YK K Ky 6""‘9
. regress lwage female married female educ educ exper expersq tenure tenursg
Source 55 df MS Number of obs = 526
F( 8, 517) = 51.35
Model 65.677852 8 8.2097315 Prob > F = 0.0000
Residual 82.6518994 517 .159868277 R-squared = 0.4428
Adj R-squared = 0.4342
Total 148.329751 525 .28253286 Root MSE = .39984
lwage Coef. Std. Err. t P>|t] [95% Conf. Interval]
female 625.2197774 .1675154 -1.31 0.190 -.5488721 .1093172
mEerrred— =
female educ an0056186 .0130532 -0.43 0.667 -.0312625 .0200254
- e
educ ]} .0813472 .0085008 9.57 0.000 .0646469 .0980476
lw
exper .0268542 .005335 5.03 0.000 .0163733 .0373351
expersq -.0005375 .0001124 -4.78 0.000 -.0007583 -.0003167
tenure .0314803 .0068669 4.58 0.000 .0179898 .0449709
tenursq -.0005792 .0002351 -2.46 0.014 -.0010412 -.0001173
_cons .389629 .1186101 3.28 0.001 .1566119 .6226461
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8. Multiple Regression Analysis with Qualitative Information: 89
7 Testing for Differences in Regression Functions across Groups

e [s it reasonable to believe that the population regression function that explains the
dependent variable is the same across subsamples of populations?

e For example, is it reasonable to believe that the function that explains "GPA of
college athlete" is the same for male and female students?

Consider
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1. The restricted model (r)

. regress cumgpa sat hsperc tothrs

Source 55 df MS Number of obs = 732
F( 3, 728) = 74.72

Model 168.533658 3 56.1778861 Prob > F = 0.0000
Residual 547.364897 728 .751874858 R-squared = 0.2354
Adj R-squared = 0.2323

Total 715.898555 731 .979341389 Root MSE = .86711
cumgpa Coef. S5td. Err. t B>|t] [85% Conf. Interval]
sat .0009028 .0002079 4.34 0.000 .00049547 .0013109
hsperc -.0063791 .0015678 -4.07 0.000 -.0094572 -.0033011
tothrs .0119779 .0009314 12.86 0.000 .0101494 .0138064
_cons .9291105 .2285515 4.07 0.000 .4804118 1.377809
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2. The unrestricted model (ur)

. gen female sat = female*sat
. gen female hsperc = female*hsperc
. gen female tothrs female*tothrs
. regress cumgpa sat fe@t hsperc frc tothrs fe@hrs
Source Number of obs 32
F( 7, 724) = 35.15
Model 181.589407 7 25.9413439 Prob > F = 0.0000
Residual 534.309148 724 .73799606 R-squared = 0.2537
Adj R-squared = 0.2464
Total 715.898555 731 .979341389 Root MSE = .85907
cumgpa Coef. Std. Err. t P>|t] [95% Conf. Interval]
female -1.113638 .528539 -2.11 0.035 -2.15129 -.0759859
sat .0006113 .000235 2.60 0.009 .0001499 .0010727
female sat .0011167 .0005 2.23 0.026 .0001351 .0020984
hsperc -.0059675 .0017765 -3.36 0.001 -.0094551 -.0024798
female hsperc .0000508 .0041025 0.01 0.990 -.0080035 .008105
tothrs .0103004 .0010928 9.43 0.000 .0081549 .0124459
female_ tothrs .0055599 .0020696 2.69 0.007 .0014968 .009623
_cons 1.213984 .2648281 4.58 0.000 .6940617 1.733907
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e When there are many “ariablos in the model addlng an interaction for every ex-
planatory variable would make the regression analysis messy.

College octhletes .

e In which case, we can use the "Chow test" or "Chow statistic" to test the hypothesis

expressed in (8.2). Q.S—* 'FO‘('
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SSRy = SSR from subsample 1 €.9. Male othletes 10 whe previens
SSR, = SSR frorasubsample 2~ “— Ferid 2 . example.

—_—

regress cumgpa sat hsperc tothrs if female =— #6—‘ "‘\C\MO(Q O(\\d Ozgaf,wlgs

Source 55 df MS Number of obs = 552
F( 3, 548) = 41.954
Model 2 3 29.8979014 Prob > F = 0.0000
Residual 390.619421 548 .712809162 R-squared = 0.1867 1?
Adj R-squared = 0.1823 > 32
Total 480.313125 551 .871711661 Root MSE = .84428
cumgpa Coef. S5td. Err. t P>|t] [95% Conf. Interval]
sat .0006113 .000231 2.65 0.008 .0001576 .001065
hsperc -.0059675 .0017459 -3.42 0.001 -.0093969 -.002538
tothrs .0103004 .001074 9.59 0.000 .0081907 .0124101
_cons 1.213984 .2602697 4.66 0.000 .7027359 1.725233
. tncly de Oc\kj
regress cumgpa sat hsperc tothrs if female — 1 SQI’P(QS
Source 55 df MS \ Number of obs = 180'
F( 3, 176) = 34.08
Model 83.4816253 3 27.8272084 Prob > F = 0.0000
Residual 11t343.689727:) 176 .816418902 R-squared = 0.3675
~—————— Adj R-squared = 0.3567
Total 227.171352 179 1.2691137 Root MSE = .90356
cumgpa Coef. S5td. Err. t P>t [95% Conf. Interval]
sat .0017281 .0004642 3.72 0.000 .0008119 .0026442
hsperc -.0059167 .0038895 -1.52 0.130 -.0135927 .001759%4
tothrs .0158603 .0018485 8.58 0.000 .0122122 .0195085
_cons .1003465 .4810947 0.21 0.835 -.8491105 1.049803
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ii. Regression Result

Table 2: Regression Result
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8 A Binary Dependent Variable (y variable): The Linear Probability

Model

R Y vadiable (S

e So far, our Y variables are continuous. r__,__/

e What if we are interested in explaining a qualitative Y variable (that is, Y is a
. ~—
dummy variable)?

Consider
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. regress inlf nwifeinc educ exper expersq age kidslté kidsgeé6
Source 55 df MS Number of obs = 753
F( 7, 745) = 38.22
Model 48.8080578 7 6.97257969 Prob > F = 0.0000
Residual 135.919698 745 .182442547 R-squared = 0.2642
Adj R-squared = 0.2573
Total 184.727756 752 .245648611 Root MSE = .42713
?r (m"Fs 1 )
inlf Coef. Std. Err. t P>t [95% Conf. Interval]
nwifeinc -.0034052 .0014485 -2.35 0.019 -.0062488 -.0005616
educ .0379953 .007376 5.15 0.000 .023515 .0524756
exper .0394924 .0056727 6.96 0.000 .0283561 .0506287 7
expersq -.0005963 .0001848 -3.23 0.001 -.0009591 —.0002335
age -.0160908 .0024847 -6.48 0.000 -.0209686 -.011213 &CQQK
kidslté -.2618105 .0335058 -7.81 0.000 -.3275875 -.1960335
. ‘M_ \a-b“ kidsgeé .0130122 .013196 0.99 0.324 -.0128935 .0389179 expe( (-l—)
l“ cons ) .5855192 .154178 3.80 0.000 .2828442 .8881943 ’f

Lo € woricingy

kX
Pex (-
xwhere g f"" )
inlf = 1 if the woman reports working for a wage outside the home at some point
during the year, zero otherwise. =
X, nwi feinc = husband’s earnings
educ = years of education
exper = past years of labor market experience
age = age

kidslt6 = number of children less than 6 years old
kidsage6 = number of kifjds between 6 - 18 years old

//\ A~ A . . A~ A
Prop (10l = 1 [ %, %y, Xk) = ?o+?lnw\\cc\r\c+ PszMC* F}@per--.
- 0586 —0.003 nwifeinc + 0.03% educy .

/_\ ~
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Heteroscedasticity Problem

1 Nature and Consequences of heteroscedasticity for OLS

e Heteroskedasticity (broadly) - d]‘F‘L&(M“' S\{,b - Poﬁkuﬁbf\ /
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1.2 Consequences of Heteroskedasticity

1. Does not affect the biasedness of the OLS estimators
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Figure 9.1: Homoscedasticity

Borrowed trom A;. Wasin's note
i) Please insert between p.45-9p

Figure 9.2: Heteroscedasticity

f(u)

Generally, there is a variety of causes for the existence heteroscedasticity problem in the regres-

sion model studied by most economists. Yet, only 6 main sources are discussed here.

1. Normally, error learning is the nature of human. At the initial stage of their work, people prob-
ably commit a large number of mistakes. As they carry on working and become more specialized, the
amount of errors would be reduced. In this case, it seems that the variance at the initial stage will be

high but would decrease as people learn from their errors.

2. Considering the relationship between independent variable X and dependent variable Y, there
seems to be possible that as the value of independent variable increase, the variance of the value of
dependent one will increases. The feasible reason is the characteristics of those variables such as
the relationship between the profit of the company (independent variable) and dividcnd\(dcpendent
variable). As the profit rises, the board of director may have a variety of dividend policies. Some
companies may pay a small amount of dividend in order to keep the profit for further development.
Some may pay a large amount of dividend to satisfy the shareholders. On the contrary, if the profit is
low, the dividend policy will not diverge across the companies since the companies seem to be at the

growth stage and decide to keep their profit as retained earnings.



3. The collection of data is another source. As the collection technique employed by the researcher
is improved, the collection error would be lower. Contrarily, with the poor collection technique, the
data obtained to construct the regression model would probably incur more and more errors, causing
the condition variance of disturbance term to vary.
Some. values Hhat are foc- 6FF From e_xFeoRi
4. The existence of outliers in the independent and dependent variables may make the conditional
variance of disturbance term on independent variables volatile. Mostly, if the researchers collect too
small amount of data, that set of data tends to include the outliers and undermine the regression anal-

ysis. As the amount of data increases, those outliers may become normal relative to other observations.

5. The misspecification of the model could result in the heteroscedasticity problem as well. In
some cases, econometricians drop some important and necessary independent variable from the re-
gression model. The disturbance term, then, will incorporate the characteristics of the missing vari-
ables, resulting in heteroscedasticity problem. For example, suppose the researchers want to establish
the model to explain the relationship of price and quantity of good X, as suggested by the theory of
demand. However, if it turns out that good Y is the substitute for good X. This mistake of failing to
include price of good Y, which has the explanatory power over the demand for good X, will result in

misspecification error. The disturbance term will have the characteristics of good Y, which, in turn,

leads to heteroscedasticity.

6. Heteroscedasticity problem usually happens in the model that applies the cross-sectional data
which tends to be highly diverse because the data is collected in the same time period. To illustrate,
the census acquired from numerous provincial areas may cover the wide range of value and results in
the stated problem. On the other hand, for the time series data, it is prone to be the collection of the
same sample for different period of time. With the same sample, the range of the value covered seems

to be narrow. Hence, the stated problem, generally, does not occur with this kind of data.
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4. Affect the correctness of our inference (a TOO 50 t wal\ be
Ho: B, =0 S o std.ecc SS incocrect,
Ha! B %0 VA (Bos b~ statishe  will be M\‘.

Wwe cannot rely on o4

' contusion ab M\
\'\\/PO‘WLS\S Tesh ﬁg, ‘(‘Va‘ ‘ WA

1.8 How can the estimated value of 3 he wWrong: 0.
Suppose ~— '
Ha.@
Yi = Bo + Prai +
Given that assumption 1 to 4 are true, but assumption 5 (homoskedast1c1ty) is violated.
Thus, | l’\O\t QQ.*&S ‘/\-L*tf OSk.
bQ cause it Says
Var(u;|x;) = / +L\&. Vo an ce
@,.\(}5 on 'H,-Q_
And f the OLS estimation st it .
nd from the estimation steps, we can write \/Q(u\& O'C X‘

look up @ ‘EWZ(\(‘ Wi

S (X Wi ) i~ %)
*:CC\A{"';Z{L

Var (B1) = 0 + Vo (



Figure 9.4: The relationship bctwe@nd regressor X of the model suffering heteroscedasticity
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e g £ Cmt>1'o\n'l'
Var B = 1 o, cgbe;(ch
(P\ 2 \[&([Z(X\ X)Ut] Secvacha
(3 ( SS) ) '
B S, 4/\—\3-\2—(09\: —Qﬁ
-X) \lm )+ (X Vaf((A J% -,.]
ssr
Nosp (- 2 (=XY 6;  undwe hedeoskebashiiny
/
" 2_
Var By <= -~6 - 6" undse homoskedashicity
«SSTX

*1‘1“ we V\a\\f V\Q+e,ros\: we  connot %
usual oLSs Ca\Cula‘hm Lo \/0\((%) Q((?)

1.4 Two types of remedies

sfd. exr.
’[ 2 _'\)1 Passive — \N @ dO V\U',' 'FD( oY O.H-E,/ ‘H\Q d&, Fa uud

. for e.s’nwhm We onl emf\o Ha Correct

: calculohion o NECLY §

) 7"\,\1’ R} G‘am Y'QsYQSS\r\%

.; \IU\M\/ X; O oMl ot Xs. %
v

SST. (1" X! \} P+F\(I+be+?33(*u

—_ ~=. | called VN(?‘:‘) - ZM
b U; ) Beteroskedashicity- vo SST (=R
| T, silverr.  from Ty, = e £ 0, +eaxg
wheet ? = res\du\o\\ \CTO'M fGSre.SS\VWA/ >( on ol O'H'\n-r
~ ( not
Ui = 5 ~ Y oon al X,. \I>

(from H main rearession )

5 SSRfrom re\osv&ssnng X; on all ohar A
STRTR COmmand: YRAresS Y X, % ... %ejrobust

A

N

-0
f



98 9. Heteroscedasticity Problem
2. Active — YY\om'\Pu\a‘r(, ( ckan% [ oddes | teanstorm) fhe
data ' S0 Hhat we will wae e lAomaoske.

pedien in the Adaraset. = nee o wsuwal

OLS  Std. exr.
~7 Usl wedhods such as weiﬁ)\kO‘ ~least-
Sa{\aﬂ.s.

2 Testing for heteroskedasticity
e The main point - Hemosb&as*bi‘j o pens When
V‘“((M\K.’) = 6—? W varianQ ends an X
However, for e heterost. test we donm't knaw
e traL wlat o &% So, We ot going o
suppffsex 02 as a proxy) for 5. 7
wont To Tegt
y =By + Byx1 + Boa + ... + Bt + u i-@ v ( u\x.,.xk)

IS Constant.
Assume that assumption 1 to 4 are true,Our hypotheses to test for heteroskeroskedas-
ticity would be ?5 ore unbiased. .
2 ripr =, <D
Hot Vae (WX, %, .- X)) = & Should be
Ho' H, is not 4rue —» Hederock. with H,
= £ _we eyt Ho , We have Wheterosk.
QO =
We kow t Bp)-(Euf e ECUIR) =0 (MR Yy)
according to assumption 4. Thus, Hy and H, be written as

P Hoe! E(W I X, Xe) = &
Ha' Ho is n0Y truwa
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2.1 Breusch-Pagan test (BP test)

To tesy o above \r\\,/f:o-l'kasis , wWe £oll owu
SUNTYE s+€/r>
)V\le Y\QQ ‘0 ~(—\mﬂ Out \/\N-l'hlx Uk (s Correloied
wH—h X. This (an be done kzj g‘eﬁrgs;glw%

D\(mf"t\u@ é Bl 5 x 4... é’gle"(‘ e.\-rdf'.
\c ?ef{:“w\ o \)Owﬁ YVPO‘W&\S\S *GS‘\V\B, for

on €f Wf

WS s s so = 5, 25,70 (homesk)

akja\‘\S‘\' Qe Yo S net Fruse. So f o least ore
of tha S 40, wWe alv‘eow\\lj hawve ths}a

2) We don'y \<now e e value of W So

W e U\%( u ) n&‘}w&

Rar w@ (O = 60% 5%+ .+ St @CCor (1)

"H'\L— To perform the Breusch-Pagan Test in STATA Wﬂ A S{ F '1"?51—

2 STATA commands (in case k = 4): F "F of ob g 2 . Wl' A_
6i {’egress Y X1 T2 T3z T4

%'ls predict u_hat, residual K)n kv T / K] I R 2

enerate u_hat sq = u_hat"2
rejress\regressu hat 8qT1 Ty T3 Ty :ﬁ O'p eace LS O(S \“ C1)

** Then, check the F-statistic on the top right-hand corner of the result table

Example: Finding the determinants of GPA. Of W SQ aN -
. regress termgpa attend priCGPA final frosh soph I :' \ i '? \\ ‘ Te ‘S t (L M)
Source ss das S Number of obs = 680 LM ~/ X/
F( 5, 674) = 214.13 \(
Model 226.077541 5 45.2155081 Procb > F = 0.0000 L' ﬁ n P
Residual 142 .31993%¢ 674 .211157264 R-squared = 0.6137 R"A
Adj R-squared = 0.6108 .,
Total 368.397537 679 .542558964 Root MSE = .45952 |
termgpa Coef. Std. Err. t P>|t| [95% Conf. Intervall] Valme, 1 n
attend .046594 .0036082 12.91 0.000 .0395083 .0536787 ‘_‘M .
—
PriGPA .5329307 .0403281 13.21 0.000 .4537468 .6121146 |S
final .0503137 .0040339% 12.47 0.000 .0423932 .0582403 . b .
frosh .0974307 .0560211 1.74 0.082 -.0125662 .2074276 I Y| %I \ OY\)
soph .06839273 .0467006 1.48 0.140 -.0227689 .1606236 I
_cons -1.361077 .1316861 -10.34 0.000 -1.619642 -1.102513 We_ re,\)ec‘—

%y

refe ct.
N



