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5.2 Hypothesis testing :
= Hoit, =3
We'll begin this seetion by looling at the variance of the OLS slope cstimator
(Var |ty |}, There are three reasons 1o gel this formuola: Hﬁ-: M?‘ % g

1. Looking at it will provide insight into what determines the aeewacy

ta staller varianee) ol Lhe estimalor.

. It s rermiired to prove that OLS i= an efficient estimazor, and therefore
is BLUL.

3. 1t s needed for hapothesis tesring. g ( i:i)j
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® In Chap. 3, derived the var. of ¥
® Similarly, by is a random variable, it has a varance
& Too difficull to derive for this course.

ddvarn) = J' Sep

o Var|hy| decreases as v ineresses,

o War || decreases as the snple variation in X inereases.

o Woar [b)] decreases as varialion e decrenses,

We want owr estimator to have as low a variance as possiblel A lower
variance means thial, on average, we have s higher probahilily of being close
{provided the estimaror is unbiased ). These factors

ta the “rishes answer”

Lhiat lead Lo o lower Var (b)) wake senses
et S

« If we have more information (larger n), it shonld be =

the right regression line.

in Y, the bie-
Uhe Tegression

| » Since we are using changes in X to trv to cxplain cha
in X thal we observe, the sasier 1L s Lo |

i |
| |

! The less unobscrvable changes there ave {in o thar are cansing changes
in ¥, the susier it is 1o pickthe regression line. \j
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L var(f) 15 snistom : =
min Ze;

Gauss-Markhov Theorem i
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OLS is ellicient. G-M Lheorem says 1L has lowest variance among all
possible linear unbiased estimalors (or 8. That is, OLS is
[inear un biusell e sL‘mq lor
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The G-M theorem is not highlighted as much in the text as it should be.

It is very important!
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Test-stats and Cls

Hy i = 510
a5 "‘ 20

A common Typothesis in cconomics s where the marginal effect is zero (X
does nol canse Y1, 50 thad the above null and allernalive become:

Mo 3 =D
Hi: 8 #£0
As i chapter 3, we will hegin with the z-test. In general, the s-stalislic is
dletermined bae T,f b,
A p
st exlitale — valne of TT;
Z—statistic = i
W War estimalor|
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@ wr (L)) = L

Population mean (chapter 3):

Slope cstimator, f5;:

Lfr:;,nﬁ.?(rt-‘ Jroth

. g “KL;)\I{_ L- X4 e fSi.'m!ﬂJ
ke F i

II\h:l‘ le @ )\'E‘;':ib.. b1

Tl 7 Vg F

Recall that the problem with the z-test (chap. 3) was that the variance of

¥ was unknown. Now, we have a similar problem, the variance of € is

unknown i the equation:

Var b ] = e

Llow to estimate it?

Reeall that the population model is:

Y=+ 51X + q.

and that the estimated model is:

Vi=y+ X, +e

A1) has an absere-
esliated model, So, I we wanl o konow sometling
anuse g, In fact, an estimator for the varianee of € is the semple
variance of the OLS residuals:

Fach smohservable part in the popnlation model
able cowaler-part o Lhe
abwomit e we
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Why is the =2 in the denomivator of equalion 597 Recall thal, in chapler
3, when we wanted to estimate 77 we nsed the sample wrianee of i
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And now, the t-statistic for testing #; i= obtained by substituting Var 3]
T War [by] in the z-statistic formnla:

by — G0

(5.1




ALl now, The f-statlstle for tosting 7 1s abtamod by substifurng Var by
[or Var b | in the

—slalistic formmla:

(5.1
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(3.11)

T the nll hyparhesis is tre, the f-stazistic in equation 511 follows

rees of

L

g f-distribution witl de ot (e — &), where & Is the ool
of s we have estimated {two). To obtain a p-valoe we shonld use the -
distribution, however, if v is lavge, then the f-statistic follows the standard

Marmal distribution. For the purposes of Lhis conrse, we shall alws

ARSHIe

thial n i large enough such Lhat &~ A{0,1) To oblain o pvalue, we can

use the same table that we used at the end of chapter 3 (see Thhle

5.2.3 Confidence intervals

Clomfide intervals arc obtained very similarly to how they were in chapter

3. The 95% conlidence interval lor by Qs
g se.[7)
By = 106 a0 [y (G2

The ¢
comstruct many such intervals (hypethetically), 955
Lhe true value of H; (ii) [ Lhie values Lhal we could choose Tor &)y Lhat
W siomificance Tevel.

i conlidence intervil can be inlerprelad as ollows: (i) i we were Lo
»of themn would cantain

we wonld fail to
We can get Lhe 90 w changing the 196 in equalion
5.12 ta 1.65, and the 99% C.L by changing it to 2,58, for cxample,
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