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2. TWO-VARIABLE REGRESSION ANALYSIS

In order o understand two-variahle regression, consider the duota given in Tablke 2.1,
The data in the below 1able refer to a otal Population of 42 families with their weekly income (X) and
weekly consumption expenditure (Y,

Table 2.1: Weekly family Expenditure (Y), Baht and Income (X), Bal

N=Weekly family Income, Baht

500 6K T00 00 9K} 1000
360 Erl 458 610 L] F00
EIE] 473 422 468 3 679
a2 380 498 375 670 730
Y= Weeky 310 382 56k 542 630 591
Family Expenditure 390 390 442 SB8 44 550
35 425 440 dbb 365 620
390 442 - 461 - 695
400 - - - 635
Total 2800 2620 3710 5200
Conditional
means of Y, 350 410 470 530 590 650
E(Y|X)
Notes -
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42 Chapter 2. TWO-VARIABLE REGRESSION ANALYSIS

Table 2.2: Conditional Probabilities p(¥|X;) for the Weekly Family Income (X) and E: fiture (Y
X=Weekly family Income, Baht

50K GO T B0 90 1000
/8 177 /6 177 176 178
1/8 17 1/6 17 1/6 1/8
1/8 17 1/6 17 1/6 /8

Y= Weekly 1/8 17 1/6 17 1/6 1/8

Family Expenditure 1/8 17 1/6 17 /6 1/8
/8 17 1/6 17 1/6 1/8
/8 17 - 1/7 - 1/8
/8 - - - - 1/8

Conditional

means of Y, 350 410 470 530 540 G50

E(YIX)

Notes -

Conditional expected value of weekly consumption expenditure given the income level =X,
E(¥[X)

Unconditional expected value J£(Y)
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Figure 2.1: Conditional Distribution of Expenditure for Various Levels of Income
Conditional Distribution of Expenditure
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Figure 2.2: Population Regression Line (FRL)

Y

650

530

410

1200

7

Conditiensl Mean
/_/ E[¥1X)

Distribution of ¥
given X = 1000 Baht

New Section 3 Page 3



2.1

211

44 Chapter 2. TWO-VARIABLE REGRESSION ANALYSIS

The C pt of Population Regression Function (PRF)

The population regression function (PRF) can be written as the function of X;:

What form does the function 1(X) assume?
If we assume the PRF E(Y|X,) is a linear function of X,, we get

E(¥IX)) = b + e Xi
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2.1 The Concept of Population Regression Function (PRF)

S12 Whetltiha maaning of the fm LNEARS.
LINEARITY in the variables

LINEARITY in the parameters
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46 Chapter 2, TWO-VARIABLE REGRESSION ANALYSIS
2.2 Stochastic Specification of PRF

Wi can wril

he deviation of an individual ¥ around it expected value as follows:
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2.2 Stechastic Specification of PRF

47

2.2.1 The roles of the stochastic disturbance term

1. Vagueness of theory

2. Unavailability of dua

3. Core variables versus peripheral variables

4. Intrinsic randomness in human behavior

5. Poor proxy variable

6. Principle of parsimony

T.Wrong functional form
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48 Chapter 2. TWO-VARIABLE REGRESSION ANALYSIS
The & le Regression Function (SRF)

As mentioned, in the real situation, we cannot find out all the ion of ¥ values ling to
the fixed X's, We only have a sample of Y values corresponding to some fixed X's.

Therefore, our goal in this section is i the i gression line (PRF) on the basis
of the SAMPLE INFORMATION.

As a result, for the fixed X's as given in table 2.1, we only have a randomly selected sample of ¥
values. For example, table 2.3 and wble 2.4 show a random sample from the popalation of whle 2.1

X Y
500 o0
600 425
To0 5ol
B0 575
0 630
1000 679

Tohile 2.4: Anather Random

X Y
500 360
600 00
T 40
300 575
D00 670
1000 T30
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2.3 The Sample Regression Function (SRF)

49

Figure 2.3: Regression lines based on two different samples

Regression Lines Based on Two Different Samples
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The sample regression function (SRF) can be written as:

B = i+

where ¥ is read as *Y-hat"
f: = estimator of E(¥|X))
fi=estimator of B
fr=estimator of iy

We can express the SRF in its stochastic form as follows:

Y= i+ BuXi+
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50 Chapter 2. TWO-VARIABLE REGRESSION ANALYSIS

In sum, our ultimate goal is o estimate
the PRF

on the basis of
the SRF ‘

Figure 2.4: Sample and Population Regression Lines
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GA REGRESSION:THE PROBLEM OF ESTIMATION

As mentioned in the previous chapter, our main objective

M X ' PRI SRS
TG B bt

as accuritely as possible,

i o T S e e

In this chapter, we are going to discuss the method of estimation:Ordinary Least Squares (OLS)

The ol O y Least 5 (OL5)

. Yq
Figure 3.1: Least-Squares Criterion A
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52 Chapter 3. REGRESSION:THE PROBLEM OF ESTIMATION

| Coals To Fivl the SRF that s best fitted |
Primeiple -of Ordl'mmi Least  Sguares (o)

A A . + 4
Cowsider SRF ¢ Ye= Yot W octua | estimated or preolrc ed
N A / 7-\'}7\/\
o Wz Yo=Y =Yoo (Pt p X0
octual 2 g" m q‘,‘((L A
; ¢
\ T |
i R R
D X¢
>(| Y,, X’) S‘l‘
CRITERIA TO CHooSE TE BEST SRF THAT wk USE To ESTIMATE PRF
A IN A A A R
QezoN | é,%; =0 - WUt U U, = O
CSum of erovs s wim m(zea() >< net a Goocl o g
P A ¢ /\1 Al /\-> AL ® e
OPtINZ ZUW =0 o Wt el Ul =0

s/

/ ’ARZ‘\ \
We should choose e SRF sSuch Ynat \\éui, s as

smallest  as rossib/e .

3.1 The Method of Ordinary Least Squares (OLS)

objective
3.1.1 The Method fo Find Out the Leas!-Gauares Estimalora: [, and z/ -FAV'J”" Reaul | buaf
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ﬁ, )ﬁz =1

Xi = PFPXg

b

Qoal ¢t Choose 13‘. undl ﬁ; such ™t for @ 51w squb_—
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F.0.¢ Z o
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54

From the SRF:

W
.‘Ns
&

(1]

Chapter 3. REGRESSION:THE PROBLEM OF ESTIMATION

¥=f + X 44,

Now, we obtain the least-squares estimators:

ve define X and ¥ 1o be the sample means of X and Y. Then:
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If we define § and F 1o be the sumple means of X and Y. Then:

Y -5 — called S Deviatton fom of X "
o
i (=¥ —~ callet v Dewiation forme of Y

(3.3)
We can have the allernative expressions '.n
e
[
34
3.1 The Method of Ordinary Least Squares (OLS) 55
Show that
i, }_'.l.\..
A = Y
P’- - £ X — X\).(cl/— Y)

% (% -R)*
- 2(XY - %Y - XY +X¥)
S(x-2%%+%")

. XY - YEX - XEYi +£XY

X - 27Ex + £X°

. EWY - INiEx oI EY £ N2
- w Mo VR M -
oW e )

ﬁX,'l - 2 EXi.EXi + lﬂ.(é_Xi)L
2 "

2xY - EYi.gx;
"

ExF - Z(zx) + L (£x)
£%iYi - % ExiEY

o = MEXIY - EXEY;
T — ———— e
Zxt =4 (o)t w nNExE - (£%)°

EXAMPLE

Table 3.1: Random Sample From the Population

X ¥ | L)
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HNZh—=

- S -
LI, | 4
Zxt =4 (o)t w

nExE - (£%)°

EXAMPLE

Tahle 3.1: Random Sample From the Population

X Y A
> w A7
T00 :Full A =
800 575 ﬁ; - ?
900 630
10000 679
A A A
YL = }3, + Pz Xé

[AY

9%.523%8 + 0.5929X;
/ [

\
—
2sfimated 2stimate

Bregiction &, IF x¢=0 , ‘a: 99.523%3 ( Autonomous
A Sremohmg,)
. MPC:= B, = 0.5 W

56 Chapler 3. REGRESSION:THE PROBLEM OF ESTIM,
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57

3.1 The Method of Ordinary Least Squares (OLS)
N
Lo - .
28 XL
s

Figure 3.2: Sumple Regression Line Based on the Data of Table 3.2
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58 Chapter 3. REGRESSION:THE PROBLEM OF ESTIMATION

Figure 3.3: The Sample regression Line Passes through the Sample Mean Values of ¥ and X
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3.1 The Method of Ordinary Least Squares (OLS) 59

=Y.

:.<>'

3.2 The mean value of the estimated ¥ = ¥, is equal to the mean value of the actual Y. 7 "-e .
A A A}
foof: iz PE X
— A = A A —
Yir (T-RX)tpX 2(xi-X) = £X; - £X
Y = \:_f f’:.(x,;-)() ':O = £X: - 'Vl'—x-
e . = i

. s ] - A =
b oAZY - ZY ZWi-R)
% ATeT Sl ASTEE - £x; - EX
3.3, The mean value of e residunls i is sen, %
= ZXi -€X;

< ., PYMF; Yrom tne FO.C . ~0. #

A n
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Chapter 3. REGRESSION:THE PROBLEM OF ESTIMATION

v-=ftpx O

60
3.4 The residuals i, are uncorrelated with the predicted ¥, Proof . Reaal| %q‘f‘
A
1. X -Y; =0 A A A
he, Z Yt Yi = ptpX tur 0
®—®" Yi-Y = /ﬁp/'\'ﬁ.Y;"'ai' '/F’\I/“Fz?
\(,~§= ,;\*(xl'_)?) +a‘£
A A C_y-
3.5 The residuals i, are uncorrelated with X; 154- = r‘ e ot Ui whore X7 ~\(_7 %
A A X - X= %,
I L. X . N A
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3.1 The Method of Ordinary Least Squares (OLS) 61

3.1.3 The Auu_mpﬂam Underlying the Method of I.ocut Squqms

Assumption 13 Linear regression model

Vie Potp X K,

bpr — D

¥o= oy + X+ wy

Assumption 2; X values are fixed in repeated sampling B
X
X is assumed 1o be nonstochs x
k¢
Assumption 3: Zero mean value of disturbanee i @ >
X
X’
;
\
v
Figure 3.4: Conditional Distribution of the Disturbances i,
Y
(= Mean

PRF: Y, = f, + B,X,
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62 Chapter 3. REGRESSION:THE PROBLEM OF ESTIMATION

Assumption 4: Homoscedasticity or Equal Variance of i, z
var (W] x;) - f[w.— - E(o,-lx,)j
< EC ufl l X; ] = cz.

Tn short,  vayemce of «; vs  constanl .
( Homoscedastic —varviance )

Figure 35(5%@&1\1]:‘“) = E%“q |

flw)

Probability density of u;

s
PRF: Y; = B, + B, X;
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3.1 The Method of Qrdinary Least Squares (OLS) &3
Figure 367 Heteroscedasticity = \Me%;«’ Vﬁw'qn(c

flu) 3?70&4‘
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fon 5: No A ion Between the Disturbances R . . . , Xl
Givern X; ownd Xd. where L4 § As le) ECY: )l ©
cov(uw,uw Ixi,%)=E [(‘M - ECuilxi)) - (- E(uJ-lxjﬂ

= B [(wilxi)-(yl Xé)l =0
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64 Chapter 3. REGRESSION:THE PROBLEM OF ESTIMATION
Assumption 6i: Zero Covariance Between u, and X,

Cov (ue %) E[(bLi - Ew))-( xi-E ()«))J

=0,
Mo any 3 Wi ¥ _ e :
tSsocishon betweon E ( X > E CX/) - l/(,‘)]
E Cu; x:)= O,

1]

(

w; ovd X; = . .
: ky\owleol,,e ahovt K¢ You have —tells You yoth M9 about how U
Figure 3.7: Patterns of Correlation Among the disturbances ( Ee lq1 (0{ +0 ”\%Uwﬂ ion # {) beha ve s .
U, “d' ) posttive .

e g ative
N oo kbias

No q“’}ucaﬂl‘r"’”\'\

Assumption 7: The number of ohservations n must be greater than the number of parame-

ters to be estimated.
n >R
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3.1 The Method of Ordinary Least Squares (OLS) 65
Assumption 8: Variability in X values.
——

inshord, o Pud-'r,f 5 powdling lnhavf'wl you rared to
interview  different gyoups of  come Zew;l, not enly.
ome grovp |

Assumption 9: The regression model is correctly specified.

Tt woows thet whom we use OLS, we need 10 (Mocle,l
perform o dest 4o check if e use the comect T Spocification
Fkndim’ form | —res+)

Assumption 10: There is no perfect multicollinearity.

Ino\e\l)e\v\dm‘i‘ voviables you use to M(ol”ql,[e
F;eol(o‘l'c\ M?mdﬂvﬁ vayiahles yust V|°+ m any

Fectl loted L Software
be s(m Tectly comelated’ m e

) Y,' : P: + szz t F}XB + Ui (Eviews, 3'MM)
IF xz = 2 )(3 Heen ., .
X; = P H2X) + Pyxy + Wi

= P I X,  + W 2 = You  canust ]
'es‘“w\“'}e_ a 99,?017‘1 e
"n"“d are mi stk /eFF&‘f‘ of XZ °on Y

now 22
” awdd £ ffocd oF Ky O 14 o/

Y:
X — X
/
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N = 42 fumibn

, 6 Income

Cas rarulqb'm) Grovps -
66 Chapler 3, REGRESSION:THE PROBLEM OF ESTIMATION £y.9 mple = (Fsfo) 57! :
314 SoHS0rd Glcs B uks!-500eas BinatEy —————————) W‘Y(ﬁ’) = 7 var ([3/ =1 LL‘-—(: (f," ﬁ ) SET 3 . /4,
The standand errors of the OLS estimates can be abtained as follos S rdy - . _ g " —o EQ ,)
We know that l fe (f‘) : 9 se Cﬁ;') i 9 95., (f;,ﬁ) Ser3 P
PR AL Stomolarel  devialiow ; | /\
where ' or Stmplend <rrors . ‘ : ﬁ
‘ ! E(ﬁ)
& — (§, £ sern
The properties of the welghts & R 2 a 2 2
1. The k; are nonstochastic. §0 ' M*l‘oh.. [} \/WIC h) = éu ] VD’Y CPI) = 6’“. éX;
Lhi=0 int ‘ﬂ-é z/_z
LEK =g
Yk = LK I\ A
k- LK1 o Se C}%,,) = d;, e seC,;/) - 5,4, 2)(?
o JZ* nZx?
ar(fz) = Ef2 - E{fh)|*
First Step A w roA = ik
= — a _ z
Fom A= 24 o Covip,p)= - Xu . _Kumch) . _%. 6.
AN
| P z
%mprllz — r[;hf: =E_Z/€-' (F' +RX +u;) 5 Z % Zx?
baly (2 2 i (D) . . \ \ \ /
: - 2 [Af: r A + A u,] :17 6u is so called ©  vaviemece of the olisturbance term
low — fb P 24+ 2AX A or " ernr variemce ”
9""7|7'“‘ ' = Pk f’z AN 2 R
A L " (S iz A\ /
Fz, = FL + 2:. /EI' w, oY

E(R) = B + £ (Ehw)
W

2 E(AW)
izt s/*(‘(—)’

chgz) = P !“.

IS o  unbiased estimiloy of the frue
Anplosed estma®

N

Thevefore P

—_—
3.1 The Mathod of Ordinary Least Squares (OLS)

)9&

’ /:
varione  of  ervers

=7 Wfomadel%/ G’E Is

uhk’WOWh (5/%& we dovt  hove
N= 4z Ffunliies)
and 50 , We hae 1o find o WQ(} to ~ estimate”

1L

D,
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Second Step
Using the definition of variance

L see Apodix 34.3 for the proof |
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L see Apondix 34.3 for the proof |

The covariance between {5| and ,U-

S‘olu{h'W\ Yov Cov Cﬁﬂ%) !
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3.1 The Method of Crdinary Least Squares (OLS)

n
,i (Yf“ \&')L
=t

3.1.5 The Leost-5quare Estimator of o
2

AT A
Solution - 6, = Z 4 is used To " eslmate”

2
n-z true bt unkmown 6
Al z
6. s aw UNPIASED ESTUMATOR OF ¢, .
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70 Chapter 3. REGRESSION:THE PROBLEM OF ESTIMATION

I sum, the standard errors of the OLS estimators can be obtained as follow:

var(f) = ﬁ%
i
i) = —=
* £
(3T
var(fy) = '%f__'s'
_ L%
selffi) = P
(35

We can estimate the @ from the data where the formula for the estimated a? is following :

2 Ead
&' = =

wikre
il =Yi-A'Ld
The aliermative expression for computing Y i is

Lat-gi-E0L
The covariance between iy and fi is:
covifh fh) = —Rear(fy)

Rt

(3.9
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3.1 The Method of Ordinary Least Squares (OLS) 71

3.1.6 Properties of Least-Sq The G Markav Th

sssumptions of the classical linear

are satisfied
neg

lerstand this Ls‘,hy\c.td b;

propertics which

theorem, we need to know the small-sample properties of an estimator first

The Small-Sample Properties of An Estimator 6 — e
TRUE R ESTPUTR
BuT
vy

An estimator 8 is said to be an unhinsed estimator of @ if the expected value of # is equal o the

true 8
in vepedted Sam,)'l'nr,

Therefore, if the expected value of 8 is not equal to the true @, then the estimator is said 1o be

biased, We can caleulate the biased as:

h.,-.h._a.__ The oAifferemee befueon
E(H ord its true value

Figure: Biased and Unbiased Estimators

(8 £e6,) é\ is on nbissel estimabor Tor

! :;> - (nolice thet E(4)-8=0.)
: qusfé:;) =0
{

N

QL s a bi’\S(d -&S'hmc{br ~for 5@
(rothe fust 5(9”?)__@': = 0)

JARGON TERMS

Mean of 6 — E (D)

Caverge vale of é)
/ . (-Expecico( value of § ) .
5'9 £06,) @ Variance of 6 — E [ GA - E(é‘)]

o ECé‘):G v R

CE(§)=0V @ %mpling Loy — g —p

72 Chapter 3. REGRESSION:THE PROBLEM OF ESTIMATION

vor(6) < V(i)

¢ %
Eslimied ~ 1rue

) 15 swid ninimum varianee estimator of 8 if the varance of 8 is smaller that or at most equal

to the var 6. which is any other estimator of 8 . N
Figure: Minimum Variance @ BIGS > E (6) ~ 9’
f6) ~fee)
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P @  Bias  —» E(6)-6

Figure: Minimum Variance

£06) #(6)
To select Your estimstor for 9/

£0) unbiasvess  comay Test |

I
; El(é) 2

E(S) t
m%%mr = property 1+ property s B U E

IF & and & are two unbiased estimators of & and the variance of & is smaller that or at most
i; i or best

equal to the variance of #h. then #) is & mini

estimator. A ‘ A X
K 'rLL s a [mer Funclion q{a:ﬁz z

Anestimator 8 is said 1o be o linear estimator of 8 (T3 Tear function of the sample observiations.

For example:
2= '}:v— Yoo+ x +Xa)
R=TX= MKt

Thus, ¥ is a linear estimator because it is a lincar function of the X values.
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T" 7”' — BLUE(

3.1 The Method of Ordingry Least Squares el 51 73

Best Linear Unbiased Estimators : BLUE

The estimator & is called as the Best Linear Unbiased Estimator BLUE if it is satisfied the proper-

ties 1,24 that is & is linear, is unbiased. and has the minimum variance in the class of all linear unbinsed
estimators of 8.

Minimum Mean-Square-Error (MSE) Estimator

The MSE measures dispersion agound the true value of the parameter. It is defined as:
wan

MSE(8) = E(8—57)

However, the variance of B measures the dispersion of the distribution of the distribution of &
around its mean or expected value

Five e [abviisbin a0 SEnTe BASECH duid b (B

mse(d) = e[6-0] . . . .
- E[fs -E(é)}*r{a(é)-e}] (a+h)'= a“+2ab+b?,
. T _0 os E()=6.
2 2 A A /\:’\
EL6-@)) + E[ed-o] +2€[0-e@]e[E)-6]

\"WW\_/\_/_V\/

o L 7 al
® @ @

A A z
wsg (8) = var(8) + [e1ad(6))

“

Thow If BIAS=0 fwm  MSE(S) = var(4) ,

Message 3 IF owr estimaoior s an ynbiased .esfim-br/

we con Use Vvay () as a ropresentitive term of NS’ECGA),

I\n oty W‘lfl vl @A = O e, E(é\):Q} one (an vse ""”'(é\)

* 4 A
Chapter 3. REGRESSION:THE PROBLEM OF ESTIMATION +  estimte MYE(S) .
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we Coan Use Var (6) as o nepeSentifive term of MSECE),

T oty wm(;/ vhon BT = O e, E(@“):Q} ome can vse var(4)

N 4 A
74 Chapter 3. REGRESSION:THE PROBLEM OF ESTIMATION o estimte MSE(S) ,
i i 5 1 SRR ARl B ARPB TR EEITRA (e oo tild UVBTASED
e
& It is linear, Tt is the linear function of a mndom variable, B "'L -v- E S~ E SW
Recall et this f"’P"’f'ﬂ S vee Begr Loumae
oc 4 y [in
Sigto —— PF Zmy ors Z&Y LT
e-= = 2 S a2 Funcfion O'F \(l -#
of, sz %;
&ltis ﬁw That is E(ff2) is equal 1o the true value, iy A
; A (¢
We have already ?WV“‘ s bl A u; 1:- F)

So EA ,;) = pB. /\\ 4
< = L-ﬁ o ..P-. # E@l’:)pr PL

& 1t has the minimum varance in the class of all such lnear unbigsed et

Exe ]% = ZAY; Ve, /;; = zw Y
J I
A A
var (f,) < ver (B, )

tfy 2

FOAD)
- ECI;’\L) = kA
OLS OTHER  METHDS ECE) = R

N
fyL has o minimuin  V9Yiance /(wrow q[/ ofkey
[ I Weery wnbissec/
3.1 The Method of Ordinary Least Squares (OLS) 75 ,{5 //W?fays .

-~ -
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N
P‘ has o minimuin  V9Yiance /(Wltm ”l[/ cfkey
/ IN@err vnb@&‘l’d
3.1 The Method of Ordinary Least Squares (OLS) 75 /5 //W?f()ys .
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Sl a AR Given the assumptions of the classical linear regression model, the

L-sguirnes estimators, in the class of unbised linear estimators, have minimum vardance, that is

ey e S

A measure of goodness of fit: ) Y = 4FC X)

BLLEn N Let

In this section, we are going to study’ =4 BB Bt e CRr 0 INe e

us consider the following example: Q: Mow wdl x (O(/’d w WM 7“0
Suppese we were 1o estinte the family expenditure (Y1 based on our information from a random ' .
qmp;cp:::“.[{hmcrlllli timate the famy penditure (Y) bused on our informati m a rador ’QXPLIIV\ b e vaY/,?clﬁeYV\ /MVW
of v

AL lek 4 leok ot AT (2-sguared)

What will happen if we set the estimated ¥ 1o be F?

Table 3.3: Estimating the expendire of the h hobd
Family Number i) Actual Estimate Error in Estimation Errors Squared z Y
7 fi=i -7 r-Fp Nn=0 @

1 543 -153 2346003

2 425 543 -118 13963.36

3 543 17 28336

4 543 3z 1013.36

5 543 87 7540,03

[ 543 136 1sas060) 6 — 2

Sum 3250 0 ﬂtﬁaﬁ P4 (Y‘- ..Y)

w oW

We can see all this graphically: 'Tﬂ'fﬁl Sowm of @ — ),Lz | ( rf Yﬁ°+ ﬁ+)
Squored sxrors (TS ) —_—
@ & & @@@ vefers ... A 007, vayiction in
Tobl eslimedim emwors  IOWNY. - 4
his guy onmits whow covid be aeyf/ct/'h(o{ bt&

he vse just “sample mean” (YD vatalion fn
as his Preo{fdor, ‘

[\w( tom oko call TS as
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77

Figure 3.8: Graphic Representation
D

_mlcl‘ of

-
]
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»
&
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for Various Levels of Income

I
-1
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-
]
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T

Weekly Consumption Expenditure, Baht
-
]
2

350 " i N L L L "

500 550 BOO 650 T 850
wekly Income, Baht

N
900 850 1000 Xi

Question: Can we determine the total estimation error for this sample data?

Answer: Yes, we can caleulae the 1eal (combined) amount of estimation error for all observations

in the sample when using the mean as the estimate as foll

It is called the wial sum of squares (TSS) which is the 1otal variation of the actial ¥ valises about

their :«lml:lr e,

Since our objecti

in estimation is 1o minimize error

the amount of the estimation error (T55),
—_—

1, we _" cul down )

We can achieve this by using informution sbout other variables suspected 1o be strong prediciors

(strongly related to) the expenditure of the families,

We now g2
FamilyCramher than from its own mel

st RS

‘
)

|
ac‘;“‘ )jr

A A A
Yi= B4 B X +W;

{ iz

Family (i) xi .
X-% ¥-F
[ 2500 18347
2 AS00 11817
3 -50) 16.83
4 50

3183
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1772500
-B41.67
1591.67

agempt to estimate the expenditure from the information on the income level of the
—_

i

Chapler 3. REGRESSION:THE PROBLEM OF ESTIMATION

Sstimating the expenditure of the household with income CX; )
7

LY

» P."" \_(-"P’;_X_
° /L;: 2%,%
%

ﬁz-_ 2!
2”0/1'

A A

Reci?e for
Bk

(03350 - 0.5928.

| F500




Y vy i n
W AT G R Eimy, (B0 o 0.5928,
o8 e 2w sn" | #3500
3183 159167 2500 A _ A —
86.83 13025.00 22500
uf 1583 13958.33 62500 = Y - X = S43.16 - (0'5523) (7;0
! = D) m . P' Pz o 524 )
N % T = o
From the table, we can caleulate the simple regression as following:
<4316 ' . 6/F AA/ P
Yo=Y Yoz Bt P X
A
(e sumple man) Y, = 98524 +0.5928 X, —» SRF

o Predfc’f Y;) ((6( ,'m",,&()(;) + Prec[/c'f‘
A

9 )

Tss’m-, 64310.%3 A
@ e 7= 5a3 m ¥ Xj=500 Y= ?

\ﬁ: 98.524 + 0.5924 (s)
¥ = 394.92.
A
]32 205928 p On overage | if income  sises by " ba/);

mol i viefue / family  wodd spovel about
0.S92% bﬁh‘f/ hO/c/l'hD o)l cther factor g

et misht affect %m;hé 7,70"0(77'(;,
(onstant s
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Figure 3.9: Breakd of the variation of 1) into two P
C D of for Various Levels of Income %
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Tuble 3.5: Esti the of the howsehold with income
Family i1} Actual Income Regression Estimate Residual Residual squared
1 X ¥ y-r ¥-ry
1 s 500 39495 495 453
2 425 600 -29.24 #54.87
3 360 T db.AR 216004
4 575 800 219 480
5 630 S0 - 4.39
i 679 1K 3 2
Sum 3259 4500 [0 C 301.%
~—

From the table 9. we can calculate the estimation error we have commitied by using the regression

line as:

RSS = (-1 = Yl

S — , ws¥
64,)00( ——— 2201.90

where RSS stands fuwh.ich is the unexplained variation of the Y M,W - 320160 =

vaalues about the regression |
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