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3 Testing other hypotheses about &j

# Most common H0 is H0 : &j = 0:

# However, we can test other types of hypotheses. For example, H0 : &j = aj where
aj is a constant number.

If we want to test the H0 using a 5% signiÖcance level, then we reject H0 if

twife_income > _______ or

twife_income < _______

Wage + pot By educ + pz expert t . .
. . tu

✓
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.
S - 0.025

= 0.475

↳ open in 2 table
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4 Testing Hypotheses about a Single Linear Combination of the
Parameter

Consider

log(wage) = &0 + &1jc+ &2univ + &3 exp er + u

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 &1 = &2: → if the returns from 1 more year of

education at a junior college is theHo : B , =p , → Ho :p, - p
,
= o same as that of the University

against

Ha :p , I pz → Ha : By - Pz to

2-tailedtest.ci
"

'Iria - significant
-

2

'

fine. ::mm::t: : ntiesiartiisitaiivawe5. e. ( pi - Bz,

where 5. e. ( pi - Bz) = ITVar ( pi - Bz)
^

= EEaririi-zov.si#(
Not a very straight forward to calculate

⇒ we use a variable transformation trick !
⇒ see notes !



68 6. Multiple Regression Analysis (Inference)

another possible hypothesis test (one-tailed alternative)

5 Computing p-Values for t-Tests

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

# p-value : P (jT j > jtj)

Ho
'

. By =p,z → Ho :p , - p 2=0
Ha :p , cpz → Ha :p, - pz so

of it is assumed that Bn would not be more than fz
( returns to a 2 - year college would never be more
than returns to university education )

fl T )

reject# t = lBi-B
i 5. e. ( B

,
- Bt

' T
L o

area = significant level

Then
, go to the extra note HH

i - tailed
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,
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5.E
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.
- >

total area
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O
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#
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T = t - distributed random variable with d. f. = n - K - y
t = computed t - statistics

" P - value = probability that a random t value will be greater
( in the l term ) than our t in the Ho test

.
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Extra note

* In class exercise

consider the multiple regression model , assume MLR y - o are satisfied

Y=BotByXy+BzXz+B3X3-
You would like to test the Ho :B, - 382=7

1st ) write the t - statistic for testing Ho

II
, -3621 - i

t = -

s. e. ( B, -362
2nd) Define f , = §

,
- 3pm
,
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,
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Now , I,
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,
t 39^2

^
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= 0-1 + 38^2

sub in the main regression and get

Y = Bo t ( Fy t 392) X , t 82×2+93×3 + U
=

Bo t 0-1×2 + 3fzXy + 92×2+93×3 1- U

= Bo t fix a tpzlxz -13 Xp ) 1- Bzxz 1- U

>> Now , the explanatory variables are going to be Xp , Xz -13×1 , and Xz

>> we can calculate t = In - i
ns.e

. On
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Example 1: H0 : &j & 0; Ha : &j < 0; d.f.= 140:

suppose the calculated t/̂j = $2:75

# From the z-table, the value -2.75 corresponds to area = _ _ _ _ _ _ _ _ _ _ _
_.

# Thus, p-value = _ _ _ _ _ _ _ _ _ _.

# Would we reject H0 if we use the signiÖcance level = 5%?

Example 2: H0 : &j = aj; Ha : &j 6= aj; d.f.= 18:

suppose the calculated t/̂j = $2:18

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

# Thus, p-value = _ _ _ _ _ _ _ _ _ _.

# Would we reject H0 if we use the signiÖcance level = 5%?

6 ConÖdence Intervals (CI)

# ConÖdence Intervales for the POPULATION PARAMETER (&j)

# A 95% CI of &j is given by

#one side

97.5
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Example 1: 95% CI

Example 2: 99% CI

FIT ) d. f . 25

T
value of 97 . 5th

- 2,06 O 2.06 →
percentile in tzg distribution

The 95 't . CI for Bj = (f
,
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FIT )
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area = = I = a. oos
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The 95 't . CI for Bj = (f
,
-
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7 Testing Multiple Linear Restrictions: The F-test

Suppose the model is speciÖed by

y = &0 + &1x1 + &2x2 + &3x3 + u

H0 : &1 = 0 and &2 = 0

H1 : H0 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
as:

y = &0 + &1x1 + &2x2 + &3x3 + :::+ &kxk + u

2. The model which takes out x (which we think its associated & = 0) is called the
restricted model (r):
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3. Some useful facts

4. Other ways to calculate the F-statistics:

Example: Suppose we are interested in understanding the determinant of a baseball
playerís salary.
salary = season salary
years = years in major leagues
gamesyr = games per year in the league
bavg = career batting average
hrunsyr = homeruns per year
rbisyr = runs batted in per year

# the unrestricted model (ur) is deÖned by
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# the restricted model (r) is deÖned by

Now, our H0 and Ha becomes
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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 H0 : &i = 0

) If the d.f. > 30; then when t > 1.96, we can reject H0

)When t > 1.96, we can say that &i is statistically signiÖcant at 5% level.
(value of &i 6= 0)

) When t < 1.96 we can say that &i is not statistically signiÖcant at 5%
level.

) If t < 1.96 we can drop xi from the model

) After we drop xi; we estimate the new regression function and obtain a new set
of &̂:

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

e.g. H0 : &i = &j

or H0 : &i = 5 etc.

or perform an F-test for testing multiple linear restrictions

3. Usually, in economics, the estimation results are reported using this form
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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

\bweght = b&0 + b&1cigs+ b&2famin c;

where
bwght = child birth weight, in grams.
cigs = number of cigarettes smoked by the mother while pregnant, per day.
famin c = annual family income, in thousands of dollars.
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2 More on functional forms

# Logarithmic Functional Form

log(y) = &0 + &1 log(x1) + &2x2 + u

# Models with Quadratics

Example : E§ects of Pullution on Housing Prices

log(price) = &0 + &1 log(nox) + &2 log(dist) + &3rooms+ &4room
2 + &5stratio+ u
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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

Consider the e§ect of "room"

What wold be the % change in price when the number of room increases from 5 to 6?
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3 Models with Interaction Terms

Consider

price = &0 + &1sqrft+ &2bdrms+ &3sqrft' bdrms+ &4bthrms+ u

where
price = housing price
sqrft = house size (square feet)
bdrms = number of bedrooms
bthrms = number of bathrooms
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4 More on the Goodness-of-Fit and Selection of Regressors

# Adding more regressors ALWAYS improve Öt

Using adjusted R-squared to choose between non-nested models (one model is not a
subset of another).
Consider Model 1

\salary
=

830:63

(223:90)

+0:0163sales

(0:0089)

+19:63roe

(11:08)

n = 209; R2 = 0:029; 6R2 = 0:020

Consider Model 2

\log(salary)
=

4:36

(0:29)

+0:2751 log(sales)

(0:033)

+0:0179roe

(0:004)

n = 209; R2 = 0:282; 6R2 = 0:275
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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.

famale =

"
1 if female
0 otherwise (or if male)

married =

"
1 if married
0 otherwise (of if single)
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3 Models with a single dummy independent variable

Consider

wage = &0 + Y0female+ &1educ+ u:

where

famale =

"
1 if female
0 otherwise (or if male)

In this case, the Y0 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.
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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 variablesñ female and married:

log(wage) = &0 + Y0female+ Y1married+ &1educ+ &2 exp er + &3 exp er
2

+&4tenure+ &5tenure
2 + u:

Comments:
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Consider a model which includes dummy variables for each gender/marital status
combinationñ marrmale; marrfem and singfem:

log(wage) = &0 + Y0marrmale+ Y1marrfem+ Y3singfem+ &1educ+ &2exper

+&3exper
2 + &4tenure+ &5tenure

2 + u: (8.1)

Comments:

i:O
it


