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Regression Analysis.
Analyze the relationship among variables.

Causal Relationship

Objective
Study the pattern of relationship between variables.

Estimate or Forecast.

» Simple Linear Regression

» Multiple Linear Regression
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Regression

Analysis.

Causal
Relationship

Study the pattern
of relationship
between
variables.

Estimate or
Forecast.
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Type of Data

Cross-sectional data

Panel data (Time —
series data + Cross-
sectional data)
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Panel data

(Longitudinal data +
Cross-sectional data)




Simple Regression

One dependent and one independent
variable. Both of them are guantitative.
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Figure 1 : Positive linear relationship

Figure 2 : Negative linear relationship
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Simple Linear Regression Analysis

The relationship between dependent (Y) and
iIndependent (X) is linear form.

Y=06,+pX+€ i=12,..,N

Y = dependent variable — a71uwa‘la
X = Independent variable — YUIAR T

B1= slope of regression line

e = error — difference between actual value (Y) and Predicated (YA) value
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y [Y=4+BX+e [p1>0

\

BO 1

" X

dredicted by regression line (Y)

yﬂ

B1<0

B1 = slope of the line or the average changed in Y for each

change of one unit (either increase or decrease) in X

B1 = regression coefficients

B0 = Y- intercept or the estimated value of Y when X =0

The B0 unit and 1 are the same of dependent variable Y.
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For Sample Data

oY

Y, = by + b, X, . () (2)-(1) Yi =Y =

e.

Yi =06+ X +g ..(2) /éo = bowél =D

Testing Hypothesis about B0 and 1

Hy:BL=0
H,: pL#0

1. Test about B (slope of linear line)

or H, : There is no linear relationship between Y and X.

H,: Xand Y are linearly related.

Test Statlstlcsb1 0

to=  SE(b)

RejeCt HO |f t > tl_a/2,n_2 OI’ t < = tl_a/Z,n_z
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The coefficient of Determination ;: R?

To the proportion of total variation in dependent variable Y
that is explained by the variation of independent variable X.

SS total = SS regression + SS Error

SST =SS Reg + SSE

R _SOReg 0 <R2< 1 or 0% < R2< 100%
SST
n 2 n o, 2
ssTotal = sST=Y (Y, -V} SSReg =Y'(V,-Y)

i1 =1

SSE = SSError = SSResidual = Z(Yi )
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For Sample Data
Y

= Db, +b, X, f® uuuamelS _ ¢ 75 1 o 578 qureitud

mmmﬂwumwwu 10rai (1 unit=10rai) = Az LUUUAIIUND LR ARG U TR
188 0.578 ALY

R Square = 65.5%

mummaoﬁuﬁﬁﬁm'Swasiaﬂzu,uummo&’uuﬂsmamzuuummwa‘la 65.5 % an

\Hudnswavavladediug
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The Coefficient of Correlation

Pearson correlation:

Describes the strength of the relationship between two
sets of quantitative variable.

-1<r £+1

r=+1, orr =-1: indicate perfect correlation.
r=+1:Xand are perfectly related in a positive linear.
r=-1 : XandY are perfectly related in a negative linear.

r=0 :There is absolutely no relationship between two variables.
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Perfect positive

Perfect negative correlation
Strong Weak Weak Strong
| | |
| | |
-1 -5 0 5 1

“— Negative correlation

=|< Positive correlatior——
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Conditions or Assumptions

1. error e, ~ normal (0, c?)
2. V(e) = ¢ is constant

3. e and e,,, are independent

Properties of a and b for Least Square Method

1. Zei :Z(Yi _Y,\i):O
2. (X,Y) Iis the point on regression line

3. ) el is minimum

Kanlaya Vanichbuncha
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Examining Condition

1. eisnormal
- Kolmogorov-Smirnov Test (any sample size : n)
- Shapiro-Wilk (n < 50)

2. V(e) is constant
(if V(e) is not constant, Heteroscedastic Problem)
- Plot graph between e and ¥ or X

3. e, and e, are independent

- Durbin-Watson

Kanlaya Vanichbuncha
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Regression: Outliers

— Choose “influence” and “distance” statistics such as
Cook’s Distance, DFFIT, standardized residual

— High values signal potential outliers

— Note: This is less useful if you have a VERY large
dataset, because you have to look at each case value.

Kanlaya Vanichbuncha 18



Scatterplots

 Example: Study time and student achievement.

— X variable: Average # hours spent studying per day

— Y variable: Score on reading test

Case| X | Y
1 |26 28
2 |14 13
3 |.65| 17
4 (41| 31
5 |1.25| 8
6 |19 16
/7 |35] 6

Y axis
30

20

10

X axis
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Regression: Outliers

Note: Even if regression assumptions are met, slope
estimates can have problems

Example: Outliers -- cases with extreme values that
differ greatly from the rest of your sample

* More formally: “influential cases”

Outliers can result from:
* Errors in coding or data entry
* Highly unusual cases
* Or, sometimes they reflect important “real” variation

Even a few outliers can dramatically change estimates of
the slope, especially if N is small.
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Regression: Outliers

Extreme case that

* QOutlier Example: pulls regression
4 @/ line up
2
O
- O O
@ 2 o

Regression line
with extreme case
removed from
sample

-4
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Outlier Diagnostics

* Residuals: The numerical value of the error
— Error = distance that points falls from the line
— Cases with unusually large error may be outliers
— Note: residuals have many other uses!

e Standardized residuals

— Z-score of residuals... converts to a neutral unit

— Often, standardized residuals larger than 3 are
considered worthy of scrutiny

* But, it isn’t the best outlier diagnostic.

Kanlaya Vanichbuncha
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Outlier Diagnostics

* Cook’s D: ldentifies cases that are strongly
influencing the regression line

— SPSS calculates a value for each case

* Go to “Save” menu, click on Cook’s D

* How large of a Cook’s D is a problem?
— Rule of thumb: Values greater than: 4 /(n—k-1)
— Example: N=7, K=1: Cut-off =4/5 = .80
— Cases with higher values should be examined.

Kanlaya Vanichbuncha

23



Outlier Diagnostics

Example: Outlier/Influential Case Statistics

Hours | Score | Residual Std Cook’s D
Residual
2.60 28 0.32 1.01 124
1.40 13 -1.97 -.215 .006
.65 17 4.33 473 070
4.10 31 7.70 841 640
25 8 -3.43 -.374 .082
1.90 16 -.515 -.056 .0003
3.50 6 -15.4 -1.68 941
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Multiple Linear Regression

One dependent and at least 2 Independent
variables (k independent variables are potentially
related to the dependent variable).

Y=0,+0X+0,X, +.. +LX +€ Kk>2

X; (Nominal)

X, (Ordinal) Dependent
X, (Interval) Y(I/R)

$
>
X, (Ratio) —
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Bedroom

Location \
Size : :
/ Price per Unit

Bathroom

BYUIAAIILFDU
AR IUIUUTINIUADLLTIINUNIIN
518 18 TUN1SINBNSG (WU

MuuaguainsITaULNE RS

sgleuannisiness (Wi

UN)

Jnurunidulasll (Wuun

Kanlaya Vanichbuncha 26



Estimate Y by Y

Y =b, +b X, +b,X, +..+b X,

conditions

A

Error ~ Normal (0,52)
V(e) = o2 is constant (If not, Heteroscedastic)
e, and e, are independent

Xis--, X are independent (If not, Multicollinearity)
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FOTK=3 vy —p, +b,X, +b,X, +0,X.
Y = anuiluatuavniizaununsg

X{ = 2uinnsazau  (AL)
X2

SALALIHLULIVITIUADLUTITIUNIVING

X5 = swlalunisinsag  (Wuun)

01 b, = 0.85 => 01928 IUULSNIUADLLITNIUNINRUALANT U 1 %

wvirliauiuaguasasitauineesiindulnands  0.85
TAUNUUINAIIANFAL  LLAT 518 1a TUAISIARASILa AL

sruzauduatuavasIgau  (Welfare) ‘lunillddadiuaavsialagns
A%2L9aUMAALL  LALUALY 3181lR o 5EAULEUAINLINAU
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Testing Hypothesis

Test effects of independent variables set

Step 1:
Ho:P1=B2=...=B=0 Test statistic F = MSReg / MSE
H,:Atleastoneof 3;,=0;1=1,2,...,k
SV df SS MS=SS/df F
Regression (X) K SSReg MSReg MSReg/MSE
Error n-k-1 SSE MSE
Total n-1 SST
Conclusion :
1.1 AcceptHy: B, =B,=...=B=0

-No linear relationship between Y and X, X,,..., X, =) Stop

1.2 Reject H, => There is at least one of X;'s that, which linear relationship
with Y =) Test for each X or for each f in Step 2
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Step 2 :

Test effects for each independent

variable

Test statistic

A,
oI

3,=0
3, # 0
f b. -0
SE(b.)
VMSE
Y2 X

SE(b,) =

Reject Hy If |t] >t/ 1

Kanlaya Vanichbuncha
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Coefficient of Determination

2 _ SSReg :1_SS_E
SST SST
R? _ SST — SSE
SST

R? measure of fit of the regression line

Note: As more independent variables (X) are added
to regression model => R? will never decrease, even
If the additional variables are not related to .
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Adjusted R?

2 SSE /(n—k —1)
Radj =1-
SST /(n—1)

(n-1)
(n—k —1)

=1+

(R*-1)

Multiple Correlation Coefficient (R)

R:+\/?

Multiple correlation coefficient = simple correlation
between the predicted y and the actual Y.

Kanlaya Vanichbuncha
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Multicollinearity

Problem of Multicollinearity exist when independent variables (X's) are correlatec
with one another.

Problems high degree of Multicollinearity among the independent variables.
1. Contradiction

Step1:AcceptHy:B;,=B,=...=B =0

but in Step 2 : RejectH, : ;=0
e Orstepl: reject Ho butin step 2 :accept Ho

2. b unstable

3. SE(b) will be very large.

t-Test too small => accept H, even when X and Y are
strong related with Y
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Detecting Multicollinearity

1. Compute the pairwise correlation between X’s. Multicollinearity may be
a serious problem if any pairwise correlation is bigger than 0.5 (X; may

be highly correlated with a,X,+ a;X,)
2. Tolerance Tolerance (Xi) =1 - R?(X,)

0<R*(X,)<1

O<Tolerance <1

RZ(Xi) = Coefficient of determination of

X.=a+b X, +b, X, +...+b_ X, ,+Db

3.VIF (Variance Inflation Factor)

1
VIF(X;) =  1-R%(X,)

X.

1+1

+...+b X,

1+1

1<VIF(X,) <o
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1. VIF(X;) > 10 => multicollinearity may be
Influencing the least square estimate of
regression coefficients (b))

k
> VIF (X))
2. VIF =12 - > 10 => serious

problem of multicollinearity

VIE Indicate how many times larger the error
sum of squares for the regression is due to
multicollinearity than it would be if the variables
were uncorrelated.
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Corrections for Multicollinearity

1. Remove variables that are highly
correlated with others.

2. Use Factor Analysis

3. Ridge Regression

Kanlaya Vanichbuncha
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Variables Selection

1. Enter / Remove
2. Forward Selection
3. Backward Elimination

4. Stepwise Regression

Kanlaya Vanichbuncha
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Backward elimination procedure

The backward elimination procedure is basically a sequence
of tests for significance of explanatory variables.
Starting out with the maximum model

Y =5+ Giey + - o+ Gexg + £,

e we remove (or, eliminate) the variable with the highest p — value
for t he test of significance of the variable , conditioned on the -

value being bigger than some pre-determined level (say, 0.10).

o Next, we fit the reduced model (having removed the variable from
the maximum model), and remove from the reduced model the variable

with the highest p — value for the test of significance of that variable If
p —value >0.10, and so on.

*The procedure ends when no more variables can be removed from the
model at significance level 10%.

Note that we use the F -test criterion in this procedure.
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The forward selection procedure

*The forward selection procedure Is a reversed
version of the backward elimination procedure.

Instead of starting with the maximum model,

and eliminating variables one by one, we start with
an empty' model with no explanatory variables,
and add variables one by one until we cannot
Improve the model significantly by adding another
variable.
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Stepwise regression procedure

» Once a variable is added to the model, in forward selection, it stays in

the model-irrespective of which other variables are added later on.

» However, it can easily happen that a variable entered early in the
procedure becomes superfluous because of its interrelationship with
other variables added to the model later on in the procedure.

The stepwise regression procedure modifies the forward selection
procedure in the following way.

Each time a new variable is added to the model, the significance of each of
the variables already in the model is re-examined.

» That is, at each step in the forward selection procedure, we test for
significance of each of the variables currently in the model, and remove the
one with the highest p-value .

> If p -value is above some threshold value, say 0.10).

» The stepwise regression procedure continues until no more
variables can be added or removed.
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Regression with Qualitative or Categorical

Independent Variables

Y = dependent variable (quantitative variables)

X4---, X = Independent variable (quantitative and qualitative
variables)

Y =anuiiluaguasasiiiaulnsnsg

X, =518 1la’lun15neas  (WuuIn) X2 = A1

* Number of Indicator Variables = Number of group -1

» Use Indicator variable or dummy variable for qualitative(Categorical
Variable)variable.
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mwmﬂuaaﬂimaoﬂfm%aumwm

/
b0+b2 /

o

S T IUANSLANAS (Wuun)
Testing Hypothesis
Step 1 : Use ANOVA for
Ho By =By = . =By =0
H,: Atleastoneof 3,#0;i=1,2,...k

If Accept H, => stop
If Reject H,=>go to step 2
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Step 2 Use t-Test for

Ho:B=0 ;1=1.2,...,k
Hy:B;#0
B, = regression coefficient of Region
Ho: B, =0
H:B,#0

(3)-(4) => b, or j,

b2 wNasuavANLTUatUDIATIEAULNTAS
LaﬁﬂﬁLﬁﬂal’lﬂa‘}/lﬁwa‘lla\‘l"L‘I/?’)’h‘lﬂ’]ﬂﬂa’]\‘lLLauﬂ’lﬂau‘]

2/

ARSI Hy,:B,=0=> Vlllllﬂ’)']llLLG]ﬂG]'N‘Ha\‘]ﬂ”LLuILWBGIQLc’nlail‘l/lLﬂﬂ‘{]’]ﬂ

=

awﬁwamaﬁmlﬂ‘lumﬁmwm (Wuun)szninvniansiuaanidaanilanay
ANABUY
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Example Y =anuiuatuasasidauinuyng
X, = glalunisinens  (Wuuin)

X, = n1M

auiluatuasasitaulnune ﬁo + ﬁl 1 1A IUNSAAS + B,NNA + e

—

ANLTuaguaIASIETAUNNT — by *+ by swldlun1sineas + b2 ne

o 1 ddunianziuaanidaanila
117 =

0 dun1mdue

guzaUTuatuavsasitan  (Welfare) lunillgdadruuavsiolagns
ATIGaUGRAL  LALUAY 518 la o SraULdUAINNEINIU
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dmsuniansiuaanidasnila(nia =

1)
auiluaguavasadaunens = b0 + bl :1alelunisinuns + b2 (1)

= (b0 + b2) + b1 &'l lun15inens ---(1)

dmsuniaiug(nia = 0)

—

AulluatuavasIldaulnens= b0 + bl s1a’l@lun151n¥ns + b2 (0)
= b0 + bl s1glalun1sinunsg ...(2)

b2

(1)-(2)

871 b2 =3 nugdy  ArGaulnYns luaIAnzIuaandaNnilia i

anuluatuavasizaulneasaads & A1 A1rdug 3 win Wad
318 160 TuN1SINBRSLYINAL
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Y = m'mLﬂuaajma\‘lﬂ%’u%aumwmxl — muqﬂﬁuﬁ , )(2 = NIA

1. aanay
X, = 2; ALl

3: AAddU
d8319m2ud9  indicator 2 $7 Aa

{ 1 ; a1anany

ANANAN = 0: ﬂ’]ﬂﬁlu“]

1: AALKila
A1ALKRLLD :{ 0: mﬂﬁ'u‘]

ANANANN = AALKIa = 0 =>A1Aad1U

AzlluUuwala =b0 + bl wUIRAUNA + b2 A1ANATY + b3 ANALKL

Kanlaya Vanichbuncha
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1. ananaty =naita =0 => AA

111 I
fmwmﬂuaajmam%"sL%aumwm = b0 + blouuraNun + b2(0) +

D /NN

Aadutuatuavaszaulnens = b0 + blaurnwun ..(3)

2. 11Ana19=1 a1Aaia =0

aulluagduavasIzaulness = b0 + blauiaiuin + b2(1) +

b3(0)
‘ anuliuaguavasidaulnesns = (b0 + b2 )+ blauranwun

3. NM1ANa1y =0, AAaitla =1

..(4)

auiuaguavasizaulnesns= bo + blauiniui + b2(0) + b3(1)

anuliuaguavasizaulnesns = (b0 + b3 )+ bluurnWui

...(5)

Kanlaya Vanichbuncha
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N1AN]N

a1

wiluaguavasaFaunsyang = (by + b3)+ blauia

WU

ANALKLLD

ﬂmyvﬂuaajmam%‘u%aummm = (by + b2)+ blaun

NWUN

AN UL UDIASUTDUINYNT= by + D1VUIANUN

A1RAFEIU P
> PUIANUN
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Case Study 1

LN
9'15;! \

ﬁququﬁuﬁ 3 ﬂ:uuusa"muw”lﬁmmaoﬁ
N5 la LAl /
N198AaYIUDN31AN

el
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FAANGITU = By + B \WA + B,008 + B.Wufi + B,n15ldlenad

+ Launuilaanas +e

S1ANGITU = by + blWA + b,a1e +bRuil + b,n15ldlaadl
+ bc9ntasAUNUIlHanay

WA 0 ; wep n15 Wil =0
Descriptive Statistics
Mean Std. Deviation N
snirelfanagedu 3.69 1.104 216
2] 52.44 10.550 216
216
LN .56 498
& Ay 216
auaNUn(ls) 25.153 25.7575
nslEilenan 76 426 216
tatazilainiiianas 48.258 27.112 216 o




Variables Entered/Removed?

Variables Variables
Model Entered Removed | Method
1 N7 LA, 2106
= = | %
wun(ls), seaay
fleainanas, 1w, Enter

ag)°

&

a. Dependent Variable: ANe Ha AT

b. All requested variables entered.

Model Summary

Std. Error
Mode R Adjusted R of the
I R Square Square Estimate
1
3912 153 133 1.028

a. Predictors: (Constant), saaaztleninanas, auin
A A 1 U+ =
wuw(ii), mﬂ*m.jmﬂm, 81¢8), WA

ANQVA?
Sum of Mean
Model Squares df Square F Sig.
1 Regression 40.018 5 8.004 7.577 .000"
Residual 221.815 210 1.056
Total 261.833 215

a. Dependent Variable: ATWUNE b3 1A149T1

b. Predictors: (Constant), SatACLANNANAN, TWIANG|13), 1113 HLatAN, ag], A

Kanlaya Vanichbuncha

51




Coefficients?

Standardi
zed
Unstandardized |Coefficien Collinearity
Coefficients ts Statistics
Toleranc
Model B Std. Error Beta t Sig. e VIF
1 (Constant)
2.794 403 6.935( .000
ks .002 .007 .020 302 | .763 963 1.038
LN -.138 144 -.062 |[-958 | .339 957 1.045
mmmﬁuﬁ(%) .008 .003 179 12.801| .006 993 1.007
N5 li]enndl 011 | .167 004 | .067 | .946 | .970 | 1.031
’é@mgﬂamﬁﬁ@mm .014 .003 341 |5.286| .000 972 1.029
d. o 1 v dg/
Dependent Variable: mumaimmmgﬁmu
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woun 1 .veuds ey wwd nnsilafilawmd  dueau

5'1majwﬁu = 2.794 -0.138.Wel + 0.00qu + 0.008ﬁu1‘7i

UWuuin 2 :aiaeauds a1 e mﬁ‘lfﬁﬂmﬂ:u 22NAINNG

D_

1%
=0 = } %4 ¥ +

= + + 5 ] ) \

Model Summary

Model R R Square S cL:|J ag?'(ej " tsf;c(ej'EEs";irr%ra?é
1 .390° 152 144 1.021
aljredictors: (Constant), ’é@mzﬂﬂmﬁﬁ@mm, mumﬁ”u‘ﬁ'(%)
ANOVA?

Model SS(;JlT?ar%fs df Shélﬁgpe F Sig.
. Regression 40.855 2 20.428| 19.594| .000P

Residual 228.316 219 1.043

Jotal | 269471 , 221

b—Predictors: (Constan-t), "@@ﬂ@gﬂﬂt,mi;ia;m, TN (1)
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Coefficients?
Unstandardized Standardized
Coefficients Coefficients Collinearity
Statistics
Model B Std. Error Beta t Sig. | Tolerance |VIF
(Constant) 2.801 .158 17.70 .000
1
d” dl I/Ll
VUNANUN(LT) .008 .003 .183 2.936 | .004 999 |1.001
Y + A
?ﬂﬂﬂﬁﬂmm\m@ﬂm .014 .003 .348 5.593 .000 .999 1.001
a. Dependent Variable: awmielnsangenu

Adjusted R Square =14.4 %
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\ Case study 2 : data file Wa‘lmﬂwmﬁum%ﬁ.saQ

1.Enter Method

wa’la = bo+ byszd U+ b,N1FUANAS
TREI52 + ... + bod1AA

Descriptive Statistics

Mean | Std. Deviation N
Na lalaesau
| 3.99 1.961 296
WA LAaN197U LA WIN UL UUN [WN1TAUULATINNG
4.80 1.048 296
WA LANTTUANAT/NITAALAANLNHFINT 296
L 4.75 1.005
WA LAATUNITAARNINNANTINNITLNEATUDILINNUNN LUN LN
4.81 1.166 296
NA LAAITHNNTDNUDILUNANAN LN NANAR
, 4.13 1.500 296
WA LANTTLTAN LENARA
| 4.03 1.325 296
ARHNIANTRUNHATNG IN1TL L AL RNANTIHA M LNg
NUNTRIRUNTE | 3.92 1.172 296
wa lantsnudzuanidauanuAuuul gudasse
3.89 1.153 296
Wa FAAINH LN TN YA N 3.83 1.203 296
Wa lRANANNAATBIANTN LUNQH 3.35 1.167 296 o



Variables Entered/Removed?

Variables
Model Variables Entered Removed |Method
1 WA LAAMNANNAAYBIANTITN LUNQN, WA LAATUNTAARINNANTTH
nanemIreaduinlunug, nalanidenlamann, Anunsanaes
inemarnslunisdfuidaaunanssnduiuniminensawisd, walanng Enter

dszanuaaaidnuiihnlunisaiiulasnis, walapaudinudsaesgin
o o o A 1

, "alan1siuadAs/N1sARRBNINERINS, NalAANNNTNYRIUAA

o 1 a a A

Snwhananan, walanismudzuanaurnuAuuiih gilassa®

a. Dependent Variable: welalagisan

b. All requested variables entered.

Model Summary
Std. Error of the
Model R R Square Adjusted R Square Estimate
1 8702 .756 ./49 983
ANOVA-?
Model Sum of Squares df Mean Square F Sig.
1 Regression
857.721 9 95.302 98.661 | .000°
Residual
276.265 286 966
Total 1133.986 295
a. Dependent Variable: walalagsiu
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Coefficients?

Standardiz
ed
Unstandardized Coefficien Collinearity
Coefficients ts Statistics
Tolera
Model B Std. Error Beta t Sig. | nce VIF
(Constant)
. -3.590 .307 -11.69( .000
NA lAN17UTL AU BYDILANUUIN LNFATLULLATINNG 524 113 280 4644 | 000 | 234 | 4.274
Na lAaN177UANAT/NITAALARNLNEATNT 124 122 .063 1.009 | .314 | .216 | 4.626
IR Lﬂmum?mmmuﬂ@miumimwmmmLmum‘vi (14
W -.027 074 016 |-369 | .712 | .442 | 2.263
NA L AAIMNNTDNABILUAIRNNUNE AN AR 430 .089 .329 4.819 | .000 | .183 | 5.469
WA LANITLIRN LENAATA -.014 .097 -.010 -.148 | .882 | .197 5.086
AN RNTBINHATNT N L U AEWNANITNA UL
ANINUNTATAUTIFE 370 149 221 | 2.479| .014 | .107 | 9.372
WO AN INLLZ WA AT TR LV ALATIA 271 157 .159 1.731| .085 | .100 | 9.966
WA LAANLAN UL TR U .074 .081 .045 910 | .363 | .345 | 2.899
W LAATNATNAATDIANNTN LUNQN .031 .066 .018 467 | .641 | .547 | 1.828
a. Dependent Variable: walalaasa
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1.Enter : 3 Independent variables

Model Summary
Std. Error of the
Model R R Square | Adjusted R Square Estimate
1 .8662 .750 147 986
ANOVA?

Model Sum of Squares df Mean Square F Sig.
1

Regression 850.232 3 283.411 291.646 | .000P

Residual 283.755 292 972

Total 1133.986 295
a. Dependent Variable: wa lalagsqd
b. Predictors: {Constant], We TAAUN AN TN LA A TN RAN AR, ATNNNIANTANEAING bWNN3
USuLagunanssug miunsnIinEmsaunse, welansisaminuaaad ML 9aiulARNNg

R Square = 75.6% Adjusted R Square = 74.9%
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Coefficients?

Standardiz
ed
Unstandardized Coefficien Collinearity
Coefficients ts Statistics
Toleran
Model B Std. Error Beta t Sig. ce VIF
1
(Constant) -3.387 281 -12.048 |.000
nelanisszaruauzeadmiin | 603 .066 322 9.112 |.000| .685 | 1.459
Tun1santiulaganng
AN IO NIRRT 513 000
diuiasunanssudmiunigin 684 .059 409 11.656 696 | 1.436
N IRLYITE
Wa AR THN T DN T AR IA AT
NANAB 437 .048 .334 9.174 .000| .646 1.548

a. Dependent Variable: walalnsasu

Nalalaasu

+ 0.437A77UN5aY

= -3.387 + 0.60315zd11911

+ 0.68415u15au

Kanlaya Vanichbuncha
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2.Backward

Variables Entered/Removed?
Variables
Model Variables Entered Removed Method
1 ‘W’ﬂﬁhﬁ’ﬂ’m@’mﬂﬂ‘IJ'ENNN’]‘I]ﬂGLuﬂ@N ‘W’ﬂi@ﬁ’]uﬂ’]ﬁ‘ﬂﬁﬁ]’mﬂ@ﬂﬁ‘ﬁ‘ﬂ
mamwmmmmmmﬂuwuw W@I@ﬂqim’ﬂﬁﬂﬂx‘im@qﬂ ﬂ"J’]N‘W?@N
‘].I‘ﬂ\‘lLﬂiﬂﬁ]?ﬂﬁ‘lﬂﬂ’]?ﬂ‘a‘uLﬂ@ﬂuﬂ‘ﬂﬂﬁ‘ﬁ‘m@ﬁﬁﬁﬂﬂ’]?‘ﬂ’]Lﬂ‘]:’rﬁ]ﬁ“ﬂl&‘l’lﬁ‘ﬁl Enter
walantrdszanuanuaaaiuiiinlunisadiniazenis, nalananu
dinudarasfi, nelansfusdns/nisdniaeninemang, walapaanu
WiaNTBIUUAIR ML NANAR, Nalan1snudsianidauainuALin
qilassn® .
2 .|nelanismanles [Backward (criterion: Probability
AANA of F-to-remove >=.100).
3 .[walanunig Backward (criterion: Probability
Aamnnanssa | of F-to-remove >=.100).
ﬂ’]?Lm‘_W]I?“II'ﬂS .
WU TN
4 .|nelamnuandan [Backward (criterion: Probability
1e9au1@nlungy |of F-to-remove >=.100).
5 .|nelanssuadas/ |Backward (criterion: Probability
n1sARLALN of F-to-remove >=.100).
MNATNT
6 [welamnsanwis |Backward (criterion: Probability
20951 of F-to-remove >=.100).
a. Dependent Variable: walalazsu
b. All requested variables entered. Kanlava-Vanichbuncha a0



Model Summary

Std. Error of the
Model R R Square | Adjusted R Square Estimate
1 .870 .756 .749 .983
2 .870 .756 .750 .981
3 .870 .756 .750 .980
4 .870 .756 751 .978
5 .869 .755 .751 .978
6 .868 .754 751 .979

Kanlaya Vanichbuncha
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Coefficients?

Standardi
zed
Unstandardized |Coefficien Collinearity
Coefficients ts Statistics
Toleran
Model B Std. Error| Beta t Sig. ce VIF
1 |(Constant) -3.590 .307 -11.69( .000

ND L@m@mmﬂmmmmmmmﬁ LUN17ALLL 524 113 .280 4.644 | .000 234 | 4.274
TATINIg
WalaN19TLANAI/NITAALABNLNEFATNT 124 122 .063 1.009 | .314 216 | 4.626
WA AATUNIIAARTNNANTINNTINEATUD -.027 .074 -.016 -.369 | .712 442 | 2.263
AvTn A TN
N LAANHNNTDNUDILUAIR TV U N AHAR 430 .089 .329 4.819 ( .000 .183 [ 5.469
NaTan B anTENAATA

-.014 .097 -.010 -.148 | .882 .197 | 5.086
WJ’]NW?@N‘H@QLﬂ‘HM?ﬂ?LuﬂW?U?ULﬁZﬂ!ﬂ‘LAﬂ@ﬂ??N
ANVFLNNINUNBATBUNTE .370 .149 221 | 2.479| .014 | .107 [9.372
NETAN TN hAT A UAT ALV fUATIA 271 157 .159 1.731| .085 .100 | 9.966
WA LAATHLTN LIRS UN .074 .081 .045 910 | .363 .345 | 2.899
W lAAANNAINAAINANTN [UNGH .031 .066 .018 467 | .641 | .547 |1.828

Kanlaya Vanichbuncha 62




(Constant)

-3.599 .301 -11.967 .000

WD L@ﬂ’]ﬁ?ﬁﬁ?:mumum@«mwmﬁ 14
n17A"HLIATINNT .526 112 .281 4.682 .000 .236 4,243
NA LANIFIUANAT/NITAALARNLNEFAING

122 122 .063 1.002 317 218 4,587
WA laATUNNTANAINNANITHNITINLAT
2BIUAN UL TN -.027 .074 -.016 -.367 714 442 | 2.262
NA LAAITNNIDNURILLUAIRNNLNE
NANAB 419 .048 .320 8.722 .000 .629 1.590
AHNWIDHUBILNTFTNT [ UNIT
diunlasufanssudmiunisvinnees .370 .149 221 2.480 .014 107 | 9.365
Buniaed |
WA AN AL U AN AUAINN AL 9950
a1la77m 272 .156 .160 1.741 .083 101
B IAAININUIN YDA 072 .080 .044 901 .368 .349 | 2.863
W AANATNAAIBIANTN [UNGH .031 .066 .019 471 .638 547 | 1.827
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-3.614 297 -12.14 .000
Constant)
welansilszaunusesdming | 519 278 | 4689 | .000 | .242 | 4.138
TN tinlATenIg 111
We A3 UAN AT/NTAALABN 1
LNEITNT .106 13 .054 .933 .351 251 3.991
WA AA TN TN TR AIA TN
NANAG 419 .048 321 8.743 .000 .629 1.589
mmw;i@mmLﬂwr{]im‘luma‘o
UFulasunanssng miuniamn .366 149 219 2.463 014 107 | 9.311
INEFATAUYITE
zwfa“l,@mﬁwuﬂumm,ﬂauﬂmm
AUUUN gLlaT9A 273 .156 161 1.751 | .081 101 | 9.946
WA AP N ST DI

.072 .080 .044 .902 .368 .349 2.863
walapuansipArasaunTnlu .032 .066 .019 487 626 | .548 | 1.824
nas
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(Constant)

-3.599 .296 -12.17 | .000

WA FAN LIS AT T
At lun1saiulasenisg 518 111 277 | 4.683 | .000 | .242 | 4.134
walanisfuasins/n1zAnEen 110 113 .056 974 .331 | .252 | 3.968
LN FINT
ZV@GL@V’)']’]NWQ’?@NG}J@QLLM@'Q 420 .048 321 | 8775 | .000 | .630 | 1.588
MU ARG
mmw;é@mmmwg]amiumio .360 148 215 | 2.437 | .015 | .108 | 9.261
U5 AsUNANTTNANUTUNIINN
LNIHFTDUYIFET

_ 283 .155 .166 1.831 | .068 | .102 | 9.782
nalan1snulewanilaunany
AL g1lasen
Walap NN L9991 .088 .073 .054 | 1.212 | .227 | .421 | 2.377
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(Constant)
, -3.518 284 -12.39( .000
NA LAN1TUTLAN U UABILANUUIN LUNIT
AilATNNg .604 .066 323 9.102 | .000 .672 | 1.489
NA [AANNNTANUDILUAIANUUILNANAR 425 .048 .325 8.928 .000 .637 1.570
mmwmmmmwmmLumm?mﬁz{w 368 .148 220 2.488 .013 .108 9.238
AANTINAMTUNIN N HATDUNTE
WA LA NU LS ANt ABAI NN AL
a1a77A 278 .154 .164 1.803 .072 .102 9.774
WA LAAHLTNIINT BT .088 .073 .054 1.202 .230 421 2.377
(Constant) -3.484 .283 - .000
, 12.332
WA LAN1TUILAT U UARIRIUUIN LUINT 614 .066 328 9.311 .000 682 1.467
AiLlATaNNg
NA [AAMNNTIANUDILUAIANUUILNANAR 424 .048 .325 8.909 .000 .637 1.570
mmwmmmmwmmLumm@um@!ﬂu 380 147 227 2.580 .010 .109 9.190
AangsNdMFLNNIN N A TAUYTE
WE AN TN A WA AL 332 148 195 2242 | .026 | .112 | 8.964
f1la99m
a. Dependent Variable: walalnasu
ANuna’lalaasan = -3.484 + 0.6141Uszd U9 + 0.424 a2nuwsan  + 0.38 Usundqau  + 0.332ua
R Square = 75.4% Adjusted R Square = 75.1%
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3. Forward

Variables Entered/Removed?

Variables
Model Variables Entered Removed Method
1 AYNHNTBNADILNBATNT LNITUTULUALUNANTTNAUTL .|Forward (Criterion: Probability-of-F-
NINUNEAIRUNTE to-enter <= .050)
2 [walamaunTaNTadUUAIR UL LA NAR .|Forward (Criterion: Probability-of-F-
, to-enter <= .050)
3 [walanistderanuanuradan i nlunisaliulAsanng .|Forward (Criterion: Probability-of-F-
, to-enter <= .050)
4 |welansnwudesanifaumainuauuiin qUdssa .|Forward (Criterion: Probability-of-F-
to-enter <= .050)

a. Dependent Variable: walalatisnu

Model Summary

Model R R Square Adjusted R Square Std. Error of the Estimate
1 7232 .522 521 1.358
2 .824b .679 .676 1.115
3 .866°¢ .750 747 .986
4 .8684 .754 751 .979

a. Predictors: (Constant), anuwsanaasinemang lunisUiuilagunanssudiuiunianinemsaiuyised

T 2 == S 2 S = XN o T O T
b. Predictors: (Constant), anunfanaasinumsng lun1stiuilasufanssud uiun1aminemsawnae, wa lanaunsanadtiadanming
HANAR
c. Predictors: (Constant), anunfanaasinemsng lun1stiuilagunanssd@ niun1smiinemsawsis, walaniunsanaadiiadanming
nandn, walanisdszauanuaaadmiihnlunisauiiuiasenig
d. Predictors: (Constant), mm‘wmmmLm:rmﬂﬂum@ﬂiuLﬂ@ﬂuﬂ@miummumaﬁmLm:rm@umﬂ WA LAANNFANTDILUAIANUUNE
wan@m, welansdsranauresduiihilunssndinlasnis, welamemudzuaniauaaupumi guassn
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ANOVA?

Model Sum of Squares df Mean Square F Sig.
1 Regression
592.152 1 592.152 321.303 .000°
Residual 541.834 294 1.843
Total 1133.986 295
2 Regression 309.346 .000¢
769.545 2 384.773
Residual 364.441 293 1.244
Total 1133.986 295
3 Regression 850.232 3 283.411 291.646 | .000¢
Residual 283.7/55 292 972
Total 1133.986 295
4 Regression 855.051 4 213.763 223.008 .000¢
Residual 27/8.936 291 959
Total 1133.986 295

a. Dependent Variable: walalagisu

b. Predictors: (Constant), mnunwsanaaansmins lun1sdiuidasunanssuginiun1aminensaunas

0 2 %2 == S 2 5 = =N o 2 0
c. Predictors: (Constant), arunsanseansmsnslunisdiuilasunanssud niunismiinemsawnsd, walaninunianaadiuay
AMUNEINANAG]

d. Predictors: (Constant), mmwmmmm‘isrmﬂﬂumiﬂmLﬂ@ﬂuﬂ@mmmmm’mmLm:fm@umﬂ WA LAANUNTANTDILURY
sminananan, welanstsraunuaeadmiinfilunissiulasanis

e. Predictors: (Constant), mm‘wmmmLmﬂmﬂﬂuma‘ﬂ?uLﬂ@ﬂumm‘mmmmwmLﬂ‘]:rm@umﬂ WA LAAUNFANTDILUAS
Smhenanan, nelanistsranuaureadminilunssiiulasanis, welanswulzuaniauaansAumin filassn

Kanlaya Vanichbuncha
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Coefficients?

Standardize

Unstandardized d Collinearity
Coefficients Coefficients Statistics
Toleranc
Model B Std. Error Beta t Sig. e VIF
1 (Constant) -.748 276 -2.711 .007
R TR T e OBt RN o 1.209 .067 723 17.925 | .000 1.000 | 1.000
AANITNAIMFUNTNWNEATBUYITE
2 [(Constant) -1.713 241 -7.116 | .000
R TR T B OBt TR o .825 .064 493 12.892 | .000 .749 1.336
ARNTTNAMTUNI NN RAIRUTITE
N [AATNNTDNYBILU AN NANAR .597 .050 457 11.942 | .000 .749 1.336
3 (Constant) -3.387 281 -12.048| .000
R TR T e B OBt RN o .684 .059 409 11.656 | .000 .696 1.436
AANITNAIMFUNINWNEATBUYITE
WA 1AM TNNTDNT DI LN AN VUNEINA KA R 437 .048 .334 9.174 .000 .646 1.548
N AN T AR T BT N3 .603 .066 322 9.112 .000 .685 1.459
A UTAZINIg
4 |(Constant) -3.484 .283 -12.332| .000
I R ey CYaa P TR AT 380 147 227 2.580 .010 .109 9.190
ARNTINAMTLN NN ERIBUTITE
WA 1AM NNNTAN YDA AN UUNEINA KA R 424 .048 .325 8.909 .000 .637 1.570
N TANNI LA TN T T T NN 614 .066 328 9.311 .000 682 1.467
AHUIATINNG .
walannswudzuanilauainaumm .332 .148 .195 2.242 .026 112 8.964
alas9m

a. Dependent Variable: walalagsu
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Variables Entered/Removed?

Variables

Model Variables Entered Removed Method

1 o 9 .| Stepwise (Criteria: Probability-of-F-to-enter <=
AIINNFRANIBNLNTFTNT LNTT .050, Probability-of-F-to-remove >=.100).
diuilaaunanssuamiunigm
LNEFTRUNTE

2 9 o , .| Stepwise (Criteria: Probability-of-F-to-enter <=
N LAAITNNIDNTDILLUAN .050, Probability-of-F-to-remove >=.100).
AINUTLNANAR

3 .|Stepwise (Criteria: Probability-of-F-to-enter <=
V\L’ﬂi@@’]ﬁﬂ’j‘v@’]y\‘ilu‘ﬂ@\‘i .050, Probability-of-F-to-remove >= .100).
RIUENN LLNNTAIUTATINNS

4 .|Stepwise (Criteria: Probability-of-F-to-enter <=

y@%”mawuﬂm@mﬂaumm
ALY gilaT9A

.050, Probability-of-F-to-remove >=.100).

a. Dependent Variable: walalaasau
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1. Enter | R Square = 75.6% Adjusted R Square = 74.9%

walalaasau = -3.387 + 0.603uUszd 1w + 0.6841U5uildau
+ 0.437A27UN5a0

2. Forward , Backward , Stepwise

aunadlalausiu = -3.484 + 0.6141sza U1 + 0.424 anunsan  + 0.38 Usuwfau  + 0.3321

R Square = 75.4% Adjusted R Square = 75.1%
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Factor Analysis

® FA is a multivariate statistical technique that is
used to summarize the information contained in a
large number of variable into a small number of
subsets or factor.

& FA Is used to identify underlying dimensions
or consfructs in the data and reduce the
number of variables by eliminating
redundancy.

Dr. Kanlaya Vanichbuncha (2



Factorl

Xy, Xy eeer Xy

Factor2

Dr. Kanlaya Vanichbuncha

Factor3
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Example

Service of Nurse

Service of Doctor

Service of office employee

Quality of Drug

Quality of treatment

Quality of equipment

Dr. Kanlaya Vanichbuncha

Quality of
Servers

Quality of

Products
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Factor Analysis

1.Study of interrelationship
among the variables in an effort
to find a new set of variables.

2.Confirm hypothesis relationship
structure.

Dr. Kanlaya Vanichbuncha 75



Types of Factor Analysis

1. Exploratory Factor Analysis
1.1 Principal Component Analysis

1.2 Common Factor Analysis

2. Confirmative Factor Analysis

Dr. Kanlaya Vanichbuncha
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Exploratory Factor Analysis

% Study structure of the factor model or the
underlying theory is not know or specified a
priori.

#% Data are used to help reveal or identify the

structure of the factor model.

% The researcher has no knowledge of the
factor structure and is essentially seeking to
identify the factor model that would account
for the covariances among the variables.

Software : SPSS, SAS, etc. :
Exploratory Factor Analysis

Dr. Kanlaya Vanichbuncha 77



Exploratory Factor Analysis
(Principal Component)

Variable1 Variable2 |Variable3 Variabled  /yriaples

Variable6 Variable7

Dr. Kanlaya Vanichbuncha
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Confirmatory Factor Analysis

© To validate the hypothesized model
and estimate model parameters.

& The precise structure of the model
is know before.

Software : Amos ,EQS , MPLUS, LISREL

If we => use wish to confirm or negate the hypothesis
Structure Confirmatory FA

Dr. Kanlaya Vanichbuncha

79



PPPPT PERS

Confirmatory Factor Analysis

- Factor F; is measured by the
Observable variables x; - X4

- Factor F,is measured by X5 - X7
- Factor F5is measured only by X8,X9

- F1-F3 can be correlated
. =L FH +e
=1, + e,

N

© ® N 0 0 N W
|
--m--
N
il
.|.
D
0

Dr. Kanlaya Vanichbur
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EXPLORATORY FACTOR ANALYSIS

l. Principal Component Analysis (PCA)

1. Component (Factor) = Dependent variable

Observed / Measurement =Independent variable

Variablel Variable? Variable3

(Independent) - l /

Component

N (Dependent Variable) /

,»———/

Note Component arise from Measurement variables

Dr. Kanlaya Vanichbuncha



Exploratory Factor Analysis
(Principal Component)

\

Variablel

Variable2 Variable3 Variable4 Variable5 Variable6

Variable7

Dr. Kanlaya Vanichbuncha
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l. Principal Component Analysis (PCA)

1. Total variance in Data set.
How much of total variance they account for?

2. Variance for each variable =1
3. Full Solution

number of component = number of
measurement variable

4. No unique error

Dr. Kanlaya Vanichbuncha
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EXPLORATORY FACTOR ANALYSIS

Il. Common Factor Analysis

(PAF: Principal Axis Factoring)

Note: Factor structure be descriptive of what the variables
have in common

1. Total variance = common variance (shared)
+ unigue variance
common

variance

unique variance of X,

Dr. Kanlaya Vanichbuncha 84



Il. Common Factor Analysis
(PAF: Principal Axis Factoring)

1. Factor= Independent variable
Indicator / Measurement = Dependent variable

Factor
Undependenﬂ

/4\

DVa“ab(Jelt Variable2 Variable3
(? L Dependent Dependent

Dr. Kanlaya Vanichburcha 85



ll. Common Factor Analysis
(PAF: Principal Axis Factoring)

| latent/Unobserved ‘

@D | Factor 2

Variablel |Variable2| Variable3 Variable4 Variable5 Variable6

+ 4+ 1 + 4+ 4
@ o & e e e

error/unigue
Dr. Kanlaya Vanichbuncha
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Steps for Exploratory Factor Analysis

Stepl. Check Appropriation of data for EFA

Ho : X1, X2, ...... , Xp are independent
H1: X1, X2, ...... , Xp are related

Use KMO (Kaiser-Meyer-Olkin)

225
KMO = sl

DI RDIIAT

1# 1#

0 <KMO<1

Dr. Kanlaya Vanichbuncha 87




= bivariate correlation between Xi and X

1
a; = Partial correlation between Xi and X] when
control others X
KMO Recommendation
= 0.9 Marvelous
0.80 + Meritorious
0.70 + Middling
0.60 + Mediocre
0.50 + Miserable
Below 0.5 Unacceptable

Dr. Kanlaya Vanichbuncha
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Fundamental Steps for EFA

Step 2. Factor Extraction

1. Principal Component Analysis ( PCA )
: no distributional assumptions.
2. Common Factor
Principal Axis Factoring ( PAF)
Maximum Likelihood ( MLE)

: assumes multivariate normality, but provide
goodness of fit evaluation.

> etc

Dr. Kanlaya Vanichbuncha 89




Principal Component Analysis (PCA)

Construct linear combinations of the original variables that

account for a large part of the total variation.

1. p linear compounds are needed to account for the total variance

of p variables.

2. The sum of the variances of all p principal components is

equal to the sum of variances of the original variable.
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Principal Component Analysis (PCA)

PC,=F =@, X, + 0, X, +..+ @, X

PC, = F, = 0,,X; + @, X+t @, X |

PC, =F, =@, X, + @0, X, +..+ 0, X,

PC =F, =0, X +0,X,+..+0,, X,
where m <p

Var(F )+ ... + Var(Fp) = Var(X) +... + Var(Xp)

F.F,.. .,Fp are independent

Dr. Kanlaya Vanichbuncha
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Exploratory Factor Analysis

Use m Factors; m <p

X.=l K+l +..+0, F

Im"™ m

X, =l F+0,,F+..+0, F

X, =luh+0 R+ +0 F,
{ .. = Factor loading of Fj associate with i™ variable

J

Dr. Kanlaya Vanichbuncha 92



Exploratory Factor Analysis : Common Factor

(R Common Factor assume that a variable consists of

common and unique parts.

(R The common part of a variable is that part of the
variable’s variation that is shared with other variable,
whereas the unique part of the variable is that part of

the variable’s variation that is specific to that variable

alone.
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Fundamental Steps for EFA

Step 3. Factor Selection
® Determine the appropriate number of factors by

1. Scree plot of eigenvalues.

2. Goodness of model fit ( }(,ZRMSEA etc.)

Dr. Kanlaya Vanichbuncha 94



Step 4

O ldentify original variables for each factor by
consider factor loading.

Step 5

Rotate axis of Factor

Step 6:

* |dentify original variables for each factor by
consider factor loading.

Dr. Kanlaya Vanichbuncha
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Rotation Method

|. Orthogonal Rotation

1. Varimax (Kaiser 1958)

2. Qaurtimax

3. Equimax

Note Give one Rotated Factor Matrix. (structural coefficient)
Il. Oblique Factor Rotation

® Direct Oblimin
Note : Give 2 different Rotated factor Matrix
1. Pattern Matrix (Pattern coefficient)

2. Structure Matrix

Dr. Kanlaya Vanichbuncha
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2. Oblique Rotation Method

Factor axes can be rotated independently, so that
they are not necessarily perpendicular to one
another after rotation.

2.1 Oblimax

2.2 Quartimin

2.3 Covarimin

2.4 Bi - Quartimin

2.5 Oblimin

Dr. Kanlaya Vanichbuncha 99
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Fundamental Steps for EFA

Step 7

* Interpret the Factor and Evaluate the Quality of the
Solution

® Consider the meaningfulness and interpretability of the
factors.

@ Eliminate poorly defined factors
Re-Run and (ldeally) Replicate the Factor Analysis

e Ifitems or factors are dropped in preceding step, re-run
the EFA

Dr. Kanlaya Vanichbuncha 101



Limitation

1. Highly subjective process

2. The determination of number of factor
3. Their interpretation

4. Rotation

Analyze — Dimension Reduction - Factor

Dr. Kanlaya Vanichbuncha 102



SPSS : Analyze = Dimension

Reduction =» Factor

m Factor Analysis

Variables:

|f WDTTHMB T3

Descriptives
£ UsEE I

&7 nnsSusahs

&7 naEdmnena
AT INT D H

£ aEnm

£ usinudepw

= LanlUADW

£ 1 Eanda

£ w@naiind

EHEHI
1]
e

Selection Variable:
N — '

Click Descriptive

(ox_J(easte || EV es,t @ Factor Analysis: Descriptives

- Statistics

[ Univariate descriptives
[& Initial solution

- Correlation Matrix

|| Coefficients ] Inverse
|| Significance levels | | Reproduced
|| Determinant [] Anti-image

[of IKMO and Bartlett's test of sphericity
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Click Extraction

H Factor Analysis: Extraction X
KMO and Bartlett's Test
MWethod: |Principal components i
Analyze Principal components ay
© Comtd omermtmes loost souorae,  INrotated factr soluton Kaiser-Meyer-Olkin Measure of .806
© Covayaximum likelihood jcree plot ‘ Sam p|lng deq uacy.

Principal axis factoring

Extract —|Alpha factoring

. ‘ Approx. Chi-Square | 2372.596
Eigenvalues greater than: Bartlettls TeSt Of

£ Fixed number of factors

Factaors to extract: Spher|C|ty

ar 36

dl1E.
Maximum Rerations for Convergence: g OOO

[Qontinue][ Cancel ][ Help ]
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Ccommunalities

o Vo Initial | Extraction
WA AN LT A TR A A T T TS o T LA g 1.000 861
WA AT TR AT A LA ANTERIS 1.000 890
o R R o o o & 1.000 ./85
WA lAATUNITAARINNANITNNITNHATUBILE MU TN
A (AR T DN T AT T TETAET AR 1.000 944
WA AN TN NP 1A 1.000 943
A o dl a o % [} 1-000 .840
ANMENTANTBAUNEATNT IWNNTLFLIREURANITNE MT LNV ERS
U]
S . 1.000 869
walansnudsianiauaiuauntii guassn
.. 1.000 804
WalaA NN LI 99T
1.000 .615

nalapNaINARTaIANNTN lUNgH

Extraction Method: Principal Component Analysis.

Kanlaya Vanichbuncha
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Total Variance Explained

Initial Eigenvalues

Extraction Sums of Squared Loadings

Component Total % of Variance | Cumulative % Total % of Variance | Cumulative %
1 5.019 55.764 55.764 5.019 55.764 55.764
2 1.509 16.764 72.528 1.509 16.764 72.528
3 1.024 11.374 83.903 1.024 11.374 83.903
4 .561 6.230 90.133
5 327 3.635 93.768
6 .269 2.986 96.754
7 137 1.525 98.279
8 .099 1.105 99.384
9 .055 .616 100.000

Extraction Method: Principal Component Analysis.

Kanlaya Vanichbuncha
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Component Matrix@

Component
N N PO PN o 1 2 3
WA AN1TUIZA R R AL ATVLNN N 17AN L ATSN3
.761 485 217
NARNITTLANAT N AMABNINEAINT 751 524 227
WA AP TRN N AARTNAANTI NN TN E AT AILA VLT I
.669 487 .316
NA LAAITHN TN LA LA ASAT AR N DA B 752 148 -.596
WA AN T AN ARG .726 .126 -.633
PR RS RN G ERE Y R GBI AR AR REE R S ARE
NNEATAUNITE .828 -.383 .085
WA AN INULZANARAINALVIT GLATIA
) n 5 820 -.439 070
Wa [RANHLTHLINTBIEUN 757 -.454 .158
WA [APIHNATNARATE AN TN TGN 636 -.423 179

Extraction Method: Principal Component Analysis.

a. 3 components extracted.

Kanlaya Vanichbuncha
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Step 5 : Rotation

@ Factor Analysis: Rotation

- Method
© Mone © Quartimax
@yaimag O Equamax
© Direct Oblimin © Promax
Celta: | Kappa |4
- Display
[! Rotated solution [ | Loading plot(s)

Maximum lterations for Convergence: |25

(gontinue | Cancet J{_Help |

Kanlaya Vanichbuncha

Save

ALl Ll B B e e

@ Factor Analysis: Factor Scores X

|« Save as variables

- Method
@ Regression
© Bartlett
@ Anderson-Rubin
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Rotated Component Matrix®

Component
, 1 2 3

WA LlANI1TUTZ AN UILUBATULNN LNITATLLILLATNNNG

226 .865 247
WA FANITTURANAT/NITAALARNLNEFTNT .194 .891 239
NA TQATUNITAAATNNANTINNI TN ATUAILATUN NN 187 .858 118
NA LAAITHNIDHIDILNAIA AU EIN DA .253 272 .89/
NA FANIT AN ENAAE 2472 226 913
ANNHNNTANARLNEATNT HINTUTULUAHUNANTTHATNMTUNIIN N EATALNTE] .845 239 264
wa lananudzuanidanmanuaunin alassn 874 189 .265
WA AN N WINYDAEN .864 181 157
WA TAANNANNAATBIANITN NG 167 143 .085

Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser Normalization.

a. Rotation converged in 4 iterations.

Kanlaya Vanichbuncha
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Total Variance Explained

Extraction Sums of Squared

Rotation Sums of Squared

Initial Eigenvalues Loadings Loadings
Compon % of Cumulativ % of [Cumulativ % of [Cumulativ
ent Total Variance e % Total Variance e % Total Variance e %
1 5.019 55.764 55.764 5.019 55.764 55.764 3.058 33.981 33.981
2 1.509 16.764 72.528 1.509 16.764 72.528 2.550 28.337 62.318
3 1.024 11.374 83.903 1.024 11.374 83.903 1.943 21.584 83.903
4 .561 6.230 90.133
5 327 3.635 93.768
6 .269 2.986 96.754
7 137 1.525 98.279
8 .099 1.105 99.384
9 .055 .616 100.000

Extraction Method: Principal Component Analysis.

Kanlaya Vanichbuncha
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Descriptive Statistics
Mean Std. Deviation N
walalagigau 3.99 1.961 296
INWFIING .0000000 1.00000000 296
LN .0000000 1.00000000 296
WNRIRMLNE .0000000 1.00000000 296
Variables Entered/Removed?
Model lVarialbIes Ente[eg Variables Removed Method
1 LUAIAUUNEL, LITUUN, .|Enter
INEFIINTP

a. Dependent Variable: walalntsou

b. All requested variables entered.

Model Summary

Adjusted R |Std. Error of the
Model R R Square Square Estimate
1 .855° .730 728 1.023

a. Predictors: (Constant), uuasanuudig, 1@utian, nemang

ANOVA:?
Sum of Mean
Model Squares df Square F Sig.
1 |Regression 828.328 3 276.10 |263.7 | .000
Residual 305.658 292 1.047
Total 1133.98 295

a. Dependent Variable: walalnasu

b. Predictors: (Constant), unasanuine, 8w, insmsns

Kanlaya Vanichbuncha
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Coefficients?

Standardize

Unstandardized d Collinearity
Coefficients Coefficients Statistics
Toleranc
Model B Std. Error Beta t Sig. e VIF
(Constant) 3.993 .059 67.150 .000

LNHAINT 1.045 .060 .533 17.548 .000 1.000 1.000
RN 914 .060 466 15.350 .000 1.000 1.000
I RERIF TG 938 .060 478 15.741 | .000 1.000 | 1.000

a. Dependent Variable: walalagasau

Kanlaya Vanichbuncha
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U3t IHNIN

nagn Nzdinn | AsIasicviaiayanatasiuils”
fagn Misdiye NNTILAITURAATUFIAE SPSS ”
fagn Nadine’ aA&1RIUIUIRE 7

Nagn MRTHUWBT MTIATIERENNITLAT9IE318 (SEM) ara AMOS

nagn  NATTURT wae a0 NdadUy - MIlE SPSS

(%]

For Windows lun139La312A Y’ aHE
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