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Abstract

The purpose of this study is to investigate the improvement of prediction performance and changes in
variable importance in SEM-ANN two-stage analysis. 366 cosmetics repurchase-related survey data were
analyzed and the results were presented. The results of this study are summarized as follows.

First, in SEM-ANN two-stage analysis, SEM and ANN models were trained with train data and predicted
with test data, respectively, and the R* was showed. As a result, the prediction performance was doubled
from SEM 0.3364 to ANN 0.6836. Looking at this degree of R* improvement as the effect size /* of Cohen
(1988), it corresponds to a very large effect at 110%. Second, as a result of comparing changes in normalized
variable importance through SEM-ANN two-stage analysis, variables with high importance in SEM were
also found to have high importance in ANN, but variables with little or no importance in SEM became
important in ANN.

This study is meaningful in that it increased the validity of the comparison by using the same learning
and evaluation method in the SEM-ANN two-stage analysis. This study is meaningful in that it compared
the degree of improvement in prediction performance and the change in variable importance through SEM-ANN
two-stage analysis.
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AMOS7} 40% AH&= %},

ANN ¥4 =32& SPSS9 Neural Networks
9] Multi-layer Perceptron(e]3} SPSS MLPz}
Aeh 7} 85% A=A, Tiberius7e] 10% A=
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A3} sle™  Architecture #4318 Custom

H R
= Ao R o] Ak wbRdof gl o] = B
A7ko] Q%] #Z 2dl WA 52 oS5 T
A 7L Qle

waha] B dFell A= SEMoA &< diolel e} ©l
2~E dloJg| & Fiste] #4138 4 9l Python 7]
vko] plspmE AH8-st3, Python 719+ Kerase}

AutoML 7153 Al¥-38l= AutoKerass A3
24 SEM®] #4345 S8k, ANNe o

e FHAINE ATE Faste

v o

ool x= SEM 498 918 (Table 1)) Alsjed
TFollA 71 wo] AH-¥ PLS(partial least square)

(Table 1) Literature Review of SEM-ANN Two-stage Analysis

Researcher Re/iiggch Research Topic ngrilﬁe = R Tool Cross trlzglljtest Sensitivity RMSE
0018 1Validation| split Analysis
Scott and Multimedia ERP
Walczak MIS training system 239 |PLS-Graph|0.320| N/A 12 91.7:8.3 N/A MAE
(2009) adoption
cﬁ?ﬁgé‘éﬁ% MIS ROSG;&%E&EDSCM 212 N/A | SPSS 10 90:10 0  [MAPE
Chong(2013) |  MIS mObi;%’O%‘g;gle“e 376 N/A |Tiberius?| 10 90:10 0 0419
Tan et al. Continuous usage .
el Mis | Gontinuous usage| 914 0.534| SPSS 10 90:10 0 0102
%gﬁ?go?%d MIS ROSggt(fgfgnIOS 136 | SmartPLS | 0.520 | Tiberius7| 10 90:10 0 |0376
Customer
Leong ot al. |Marketing| ~satisfaction of | 300 0631 SPSS | 10 | 90:10 0 [0.074
airline service
Shatma et al | w1S | Facebook adoption| 215 N/A | SPSS | 10 | 70:30 0 |0.533
Shar[gbal%t al-] g | Continuous usage| 5)g 0.440| SPSS 10 70:30 0 |0.274
ngiﬁﬁlés(ﬁi%ee MIS Cloufdgggggti“g 660 0.300| SPSS 10 90:10 0 0317
Zabukoulek et MIS  |ERP-extended use| 208 | SmartPLS|0.320 SPSS | 10 | 90:10 0 [0.134
Sﬁa{%?gﬁt MIS m“;fgggggent 212 0.690| SPSS 10 80:20 0 10129
Xu et al.(2019)|Marketing auiﬁggfgcilg}gﬁ’gf’eg 382 | SmartPLS |0.694| SPSS 10 90:10 o [0.091
Sohatb & | Marketing| CIYPLOCUITENCY |40 | SpartPLS |0.448| SPSS | 10 | 90:10 o |0.08
Sﬁa{;(}gﬁt Marketing fougﬁ\}/}gsggggfgggg 483 | SmartPLS |0.619| SPSS 10 80:20 0 [0403
é})ﬁ'%o@ﬁ Marketing CI‘Y&%%‘(I;%HCY 160 | SmartPLS | 0.489| SPSS 10 90:10 0 |0.09
Aamet | wrs | miealthuse )54 ) SmartPLs [0.453| SPSS | 10 | 90:10 0 [0.469
Lau et al.(2021)  MIS bo&l%?geﬂfp%on 330 | SmartPLS |0.591| SPSS 10 90:10 0 10092
Iit‘fu[yz%gﬁt Marketing| [Btention t0 get | 474 | smartPLS | 0.566| SPSS 10 90:10 o |0.089
Lo et al.(2022)| Marketing| Ve COMMEIce | 995 | SmartPLS [0.534| SPSS | 10 | 90:10 0 |0.084
Rflhgggl‘ft Mrg | Smart wearable |73 | gmartpLs [0.645| SPSS 10 90:10 0 |0.088
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£ AAdEs L, AA dlelelE g vlole] 90%2} HI~E
dlo]E] 10% 2 FH-3le] £A48lsdtt. SEM-ANN 2%t
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SPSS MLP th4lel] TensorFlow #W<l= <zl $]e)|A]
TE3k= Kerass A&,

3.1.1 Plspm

plspm< Pythonelvt RE Partial Least
Squares Path Modeling(PLS-PM)g 43 &
NE=E T AR o|c}. AR WS https://
github.com/gastonstat/plspmel &71=e] 3l
o # dFoMeE SEME plspml=E A5k,
SmarPLS 4.0%} vlashds ZA#ge] dx| o s
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3.1.2 Keras

Kerast AHEAF 21801 fed3tA] ANN 2dl-&
53t £ A7) APIelt}. KerasollA+< keras.
models.Sequential & o] 83t 7 & F#AH o2
#43, Dense($H 944 )& F718le] 2 55 A 23}
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& % dlole e} HAE dHoH 2 st #4381
dl, 2d F3 el dnkst As-S Hrieka A3
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321 SEM 241 2
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o] g ~E doe & g},

=4, plspm 22 < dlo|e] & 313l &% 7}
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cients) & FA3 FAEFES A=)

AR, FA4H F- 715 E b 2E doleld] A4
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score) & AR AR AHsE FAE)
= 2 SARES e AdEHE g8 A E FE
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322 ANN 24 1ty

KerasE ©|&3 ANN #4314 o}-5-3} 2},

2 keras.models.Sequential®} keras.layers.Dense
Eolgsle] ANN ZdlS gisic}

=4, %9 plspmE ]88 SEM 419 AA =}
AollA AE g 2 HAE dlole o] ZhHsits
ANN =9 gjggte s Fsiglic},

AR, ANN 28 F3 (fit) Az

A, F3% ANN 2d=2 d2E dlo]e]d] ot
of| E3k-S AAksic

oA, AES3E AR GRS 8]l
H2E dlolelol] gt €&5A5S AXkgct.
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5 Axt Bl e g R*E ARSEksit PLSE SEM<
PAsle] AFEshe R*:= Al¥3]F (linear regres-
sion) AP Fdsicl. R2= A A (coeffi-
cient of determination)z} 3lx, A3 == ¢
ZHolg} 37| = gl A FA S = mdo]
ST WsAS AAY Agcta Bel 4

Al s Ard o)z} A o] wla Al |
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(Table 2) Reliability Test

Factor Cronbach
Loadings AVE CR alpha

0.837
value 0.891 0.745 0.897 0.830
0.860

0.771
. 0.830
quality 0.847 0.690 0.899 0.850

0.873

0.695
0.473
0.847
risk 0.864 0.543 0.899 0.876
0.915
0.895
0.514

0.937
0.954
searching 822; 0.693 0.930 0.925
0.723

0.737
0.926

repurchase| 0.947 0.808 0.926 0.880
0.819

522 (Table 3)3 o] A w2l ghdels}
Ae BAste), BAAT AN AVE A9
ol TN 7t ABASR R B4 Yehd shdel
= o
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(Table 3) Discriminant validity

value quality risk searching gender age income repurchase
value 0.863
quality 0.577 0.831
risk -0.327 -0.239 0.737
searching 0.157 0.224 0.256 0.833
gender 0.024 0.137 0.343 0.543 1.000
age -0.038 -0.127 -0.157 -0.320 -0.532 1.000
income 0.051 0.096 -0.064 0.019 -0.087 0.225 1.000
repurchase 0.516 0.458 -0.455 0.101 -0.015 -0.012 0.104 0.899

4.3 SEM 24
431 XA H|o|E|Z2 EAM5H Ao}

plspm22 SEM®] 23 A3 =(Goodness-of-
Fit, GoF)& #Hlg A3 51 5% 2 &4 vielyrh
FTEH SAE AT mel ek S3Hee A
12l R*= 0.4006% vielytt}, Ao we] ok
Sl Higk A2ZAGY] {F94F-2 Bootstrapping
< 50003] AAsle] Abzslodel. 2 A3 (Table 4)
} 7ol 7hA|, F4, f1go]l AFriel el viA=
5% frelaEelA FoaHA vehda, AR
ofahA] edokeh. A, ¥, A5 FAMSE 5
ool A frolshA] %Al viElsT.

o

o

AN

do Fo rlo

432 Sh5 H|O[HE 231510 HIAE HO[EHZ of

0
2t

)

_—

=

A lole] 36671 Fellxl 90%43] 33071 &= o]

= 10709] dHlole] Ex=(fold) 2 83l Z2k<] dlo]g]
of thated 10314 & 2 A3, olzdt 4%
103] w"FE3l9ir}(RepeatedKFold(n_splits=10,
n_repeats=10)). o2t WAL S Ea sk do]
e} el ~E do|eof B3] k2t 10070¢] R*7} AbE=
.

1007H¢] R*E& sk A3 tlo]E =
0.4029% Yepta, g|2~E dole & 0.3364% e}
wrh 283 R*Y] 2FHAeE &< dlolel= 0.0146
o2 H2E dolgHE 0.1499% eyl R &
FHAL AL AT 3 HEe] Aves As 9
v3k7] wiitell, shF dlolEl ] R*= FFHAL Ao}
A7} A Q] vk, dl~E dHo]H 9] R*= %5
A2zt A A3t A o)A ekspet.

AA dole] ¥4 Ao} 5 2 HlAER FE3
WAAIE vaE o, g dolEE EA3 Re
0.4029=2 A A dlol6 = £A38F R? 0.40063} =to]7}
0.00233F w5 =4A| vieRgdet 2k gl dle]E]d|

=)~
ity

=

v

B2, 10%4! 3670 HI2E HolH R 1338 ohg, sl

dlo]e]Z SEM 2

Fe

SRR P

FHskaL ¥
-

dloJefel] A-8-sfo] 5452 Alkaislct. A wlolE

gk R%= 0.3364% 35 dllo|ef®et 0.0665

ul= 7}~

sloict. uleba] S dlolele] tigl Ao o7t 3=l
Ao 2 vepdt(overfitting).

(Table 4 PLS Path Analysis Results

Path Coefficients T-values P-values
value — repurchase 0.2764 4.3173 0.0000
quality = — repurchase 0.1864 3.0950 0.0020
risk — repurchase -0.3493 -6.2285 0.0000
searching — repurchase 0.0890 1.4254 0.1541
gender — repurchase 0.0282 0.5081 0.6114
age — repurchase -0.0006 -0.0104 0.9917
income — repurchase 0.0506 1.2016 0.2296

o u-
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<Table 5) Comparing Path Coefficients between Total and Train Data

Path Path coefficients by total | Path coefficients by train Path coefficient
data data difference
value — repurchase 0.2764 0.2765 -0.0001
quality ~— repurchase 0.1864 0.1862 0.0002
risk — repurchase -0.3493 -0.3498 0.0005
searching — repurchase 0.0890 0.0900 -0.0010
gender — repurchase 0.0282 0.0287 -0.0005
age — repurchase -0.0006 0.0000 -0.0006
income — repurchase 0.0506 0.0503 0.0003

(Table 5)& AA| o8] 2 43 AZA G2} st
Glole 2 A3 ARASE w52t Aole). S dlo]e]
ARAGE 1008 ARAse] A42H ks Bl
o}, ol viehet e} ko] A dlo]Elo} s dlo]E]
7ve] AzA%E) Aol A9 gl ALz et

oy

4.4 ANN 24

“3.2.2 ANN £4] 2pH"ol|A AA= ghA o ‘I}E]r
plspm®| 94 7FEA 2 A ks AEslal, 13
+ ANN9 i3t R Foiste] ndls shgala Eﬂ
E do[H & o35S HrIskdrt. £ dA7-l4 ANN
BA]ol AR mule (Figure 1)3}F 2t} ANN 2el&

Fole) e9zez PR A W £43e 327)
o] =9} 0.259] dropouto2 TAE AL, F WA
Layer (type) Output Shape Param #

input_1 (InputLayer) [(None, 7)1 0

multi_category_encoding (M (None, 7) 0
ultiCategoryEncoding)

normalization (Normalizati (None, 7) 15
on)

dense (Dense) (None, 32) 256
re_lu (ReLU) (None, 32) 0
dropout (Dropout) (None, 32) 0
dense_1 (Dense) (None, 32) 1056
re_lu_1 (RelLU) (None, 32) 0
dropout_1 (Dropout ) (None, 32) 0
regression_head_1 (Dense)  (None, 1) 33

<Figure 1> ANN Model Summary

U2 3z A 2 32709 =9} 0.259] dropout

o2 A=Y 23R ReLU7 AHS-E S
t}. dropout F8 A dA UESZ] dF =5
UzLO]E H] A(;]g],/n];q urﬂo] J_ET;G T ]4,1:—5}74]

E3A] UEE 310 HA S WAl Ik} A
7171 $13 A £ dTelxde A 2
TZ9} stolH vy A9 2 Fol AutoKeras®
AREERATE. AutoKerase= DATALabe] Keras® AF
gale] 753 ©F A2 AutoMLe|thhttps://
autokeras.com).

ANN #418 SEM #4042} vl7 x| 2 24 ©
oJE19] 9024 3307h sh4r ElelEl 2, 10%2) 3671
H2E dloJe 2 £elsle] 1003] wxAsiedct, wat
TR A" 100718 R? B2 &5 dlolert
0.6940, Hl2~E dlo|E{7} 0.6836 2 elydr), dh<
dlo]e] e} H2~E dlo]E]e] R? 2fe]7} 0.01042 =5
zho} A gho] HAYBIA] okttt R*Y] FHA b= S
dloJel= 0.0079, HIAE "Hlo|E+&= 0.075924] HIAE
dlo]el7} o] A vebstth. (Table 1)9] Asid7-¢}
o] SPSS MLPZ ANN =d-& 103] axp&-4 gt
A3} "l ~E dole]9] R%= 0.51612 vehgedl, £4
Ads 5o AAEdh

o rlo

L

El

4.5 SEMzt ANN 243} H

451 SEM} ANNS| R* H|m

(1) SEM & Ciolef =4 dsIt ANN BH2E
Hiole oF4s dlu

oo

(Table 1)¢] A Tel|A= SEMS A do]E]
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Z #A5 S o9 R?9} 315 ANN 2dS e~
E dlojele] #83t& we] RMSE(root mean
squared error)E ¥ A3kt Rehman 5
(2021)¢] 4 AelA= ANN 2427 =A
RMSE®}t R*& @4 A7 % aoich. & dg-olA
= SEM# ANN®| 4% 3718 543 v o= v
w3h7] fdE R*E ARSIt

Aol e} Tt ualo g SEMES A A dolE]

2 2A319S o9 R*= 0.4006 22 vrebgte), 2]
I ANNZ &7 dlo]e] 2 Faisle] A do|gZ
o] &3 wje] R%:= 0.6836.20-2 vhepte}, Aol el
vl R of] o] 5l SEM-ANN 2wtHA] B4 o2 gkt
# R%= 0.2830 o]t}

@) E|AE Ho|Ef o=l 25 SEMZF ANNS

|7<A‘|'— |Il|_

1003] 2AHEAgE g 2E dloled] tig SEM¥}
ANN<®| R? & vlashd, SEM-2 0.3364¢] 2
ANN=< 0.6386°]tF. SEM-ANN 2%74] s 5
a &5l 0.3472 A= ool A=
1003] A4 H2E do]E] 9 R Fqt o]z}
EAAL R Fo3AE T-testE HEs)gh 1 2
3} SEM3} ANN®| R? 3t #}o|7} g dlo]ej e} €]
2E Holglell A B 5% froFelA o8k o
Ehgdet,

(Figure 2)= SEM¥} ANN<®| 1003] 22745
AFE sher vlolEle} Hl2~E dlo|e]e] RPE A 73}

gk Zlolct. SEM# ANN<] R? W84 k< dl¢]
o4l o] A debda((Figure 2)ell4 SEM
train R%¢} ANN train R?¢l| siwdg), o]=&F g5
dlo]elel ¢ 2 W54 (Table 6)°] EFHA}
(std) 2= 2ql=lc} tfhgo 2 giE dolele] R?
1003] A7 A& vljashd, ANNe| SEME.ch
J& WEASE 23u((Figure 2)914 SEM test
R%¢} ANN test R2dl s=%). o] 24 HIAE dHo]
Elol] i3t o= 4] ANNe] SEM¥Er o =3 ]
AR AL gl

<Figure 2> SEMZt ANNS| R* 1005 wAIAZ Zxt

452 SEMt ANNS| &3t37| H|W

(Table 7)< 35 dlo|E]¢} H|AE dlo|g| & B3
R?|t}, SEM2 855 dlol8 2 Falsta sk go]
B2 %3 o] R2= 0.0665 2 7Hslolth. ANN
< 35 wlolE| 2 TRy HAE dolH R A5 )
o= 0.0104 % 2Haslort. St dlelelel 9] R
H2~E dlo[e]oll A A3 AER Alvl s u] SEMellM

(Table 6y 1008 WAR=AISH SEM2F ANNS| R* Tt EFLR}
mean std
SEM ANN difference SEM ANN difference
Train R? 0.4029 0.6940 0.2911 0.0146 0.0079 0.0067
Test R? 0.3364 0.6836 0.3472 0.1499 0.0759 0.0740

Table 7) Comparison of Train data R* and Test data R

R? by train data

Difference between

2
R* by test data train R? and Test R?

SEM by train_test_split 0.4029

0.3364 -0.0665

ANN by train_test_split 0.6940

0.6836 -0.0104
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(Table 8) Effect size by Two stage SEM-ANN analysis

R? Difference Vi
Method of prior SEM by total data ANN by test data
research 0.4006 0.6836 +0.283 (1.7 times) 89%
. SEM by test data ANN by test data
Method of this study -
0.3364 0.6836 +0.3472 (2.0 times) 110%

o7ke] A gho] WhAIE WbH | ANNel A= 314 o]
Scha Fdgich HAE do|HZ &l oS4
ANNe] SEMXEt} o A vepsic},

(Table 8)& SEM-ANN 2t #4227 ol R?
H 2e]E 3 (Cohen, 1988)¢ &3}=7](effect
size)ql & AE Zlolt} (Table 1)2] Alsiedol
Al AR WA 3 o] A iﬂ dlo]e] 2 A5k SEM2
R?¢} Hl~E dle]E|Z o &3 ANN® R*E& &337|(

0.6836 — 0.4006 y
bl z 3}
( 1—0.6836 ). e

% vlolels} BlaE dlolEl R T¥s}e] Falskn A%e
= WAz AXksld SEM diH] ANNO £+= 110%°]

0.6836 —0.3364
=H 1—0.6836

(large)2t 3k, 15~35% Akele|wd 7+ =3
(moderate)2}l 8laz, 2~15% Alololwd =& F3}
(small) & %3t} (Hair et al., 2016). o]2{& 7|5
ol w2 SEM-ANN 25 #4022 913k a3=7]+
w)-§- & &l st 53], SEM¥ ANNS 54
&< (train_test_split) 2 F7HR?) WAl #4381

R A EE 89%0]ct

). &3=2717F 35% ol delH & &zt

oA AN e

“

Z3=rE 84 o E=

or: I:||

453 W

e

(1) ANN =€35e%

SEMellA = S5 2] S5l tigh 33y E
278 A 2A45(path coefficients)?] =72 &
g 4= ol 28y ANN 222 Black box*#

Fato] W &2 wAYUSE ol&slr] o1837]
=gl (features)®] M (label) ol X
g S A Falsr)rt v)g- o5l (Figure
D2 2 QAo AME-¥l ANN 258 gokgh 7lo g,
g5 A ol A A Ul 71| (weights) 7F 1330
Aela 7R 1345700]c}. wlEhAl ANNelA=
elis5(https://elib.readthedocs.io)t}
SHAP(https://shap.readthedocs.io)2} %<&
glo|Hejg|2 mdlS F3le] WY o E 7F
Zo g Augic B o = (Table 9)9} #o]
95 8% (permutation importance)® £

Toﬂ T/Hﬁ‘} %E]H:] ~/] %‘B_EE 311-0]3]_011]:]_

N

o,

(Table 9> ANN Permutation Importances

value quality risk searching gender age income

Perm(1) 0.3855 0.2137 0.3842 0.2453 0.2076 0.1473 0.1679
Perm(2) 0.3335 0.2214 0.3222 0.2503 0.2184 0.1491 0.2052
Perm(3) 0.3344 0.2192 0.3881 0.2399 0.2262 0.1158 0.2018
Perm(4) 0.3393 0.2335 0.3734 0.1957 0.2196 0.1140 0.2119
Perm(5) 0.3724 0.2485 0.3596 0.2361 0.1886 0.1418 0.1466
Perm(6) 0.3790 0.2170 0.3286 0.2342 0.2072 0.1508 0.1684
Perm(7) 0.3131 0.2756 0.3638 0.2572 0.1823 0.1296 0.2219
Perm(8) 0.3700 0.2345 0.4000 0.2396 0.1925 0.1682 0.2030
Perm(9) 0.3297 0.2203 0.3344 0.2372 0.1748 0.1464 0.1594
Perm(10) 0.3502 0.2175 0.3393 0.2191 0.2154 0.1377 0.1970
Mean 0.3507 0.2301 0.3594 0.2355 0.2032 0.1401 0.1883
std 0.0245 0.0192 0.0272 0.0173 0.0176 0.0165 0.0255
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17 = ¥4 (sensitivity analysis)
2} 37 % sk, o] Sy dlolE| 2 ANN 2l
Halo] R*E 73 the, 4 dleledl ol HeE
features) S 2N RE s Aelsle] 1 W] JE
9] #A4E FA9 2 4L thS(permutation) tHA
At R*E F3iel. 223 417] A8 Rl w5
< 39 R7} dvh ageAE E]lsle], R? 4
| 252 Y W FREE =4 ksl who]
o}, 2 QoA ZF Wl el 1503 $9FREE
Azste] o i3 FAAE AAE T, (Table
9)¢} zre] o]zf A S 103] vHE3IsIcH

—~

4
_l?\:

¥

Q) YtslE BHEEeE

(Table 10)& ANN #4& 53 AH&d <<
=9 33 SEM A dlolg] #4428 Fa 4
A 2A S A3k (normalized) W]zt
o} Arsl g2 W] s 2 SRR Y|
=5 o] Aatsisich. SEMIF ANNS| A2

F% 8% (normalized variable importance)

HlaL EAE Adke okt 22
A, SEM3}F ANN9| A tshe dapgaee] ¢
A7F 1819k 2917 A vebsteh. o4 191 f13s)
291 7F27F SEM3 ANNellA] Aj-elol] & 335
P12 gele® FlE it

<A, 3919k 4919 917} Walksiet. SEMellA =
3¢ 54(0.5336) 3} 4% AR (0.2548)°] 2 2
o]5 Hglth. ANNellA= SEMelAe] <217} vl
R, 39 AHHEA(0.6553)F 491 $4(0.6402)
7o} Aol7h EolE et o] ANNel|A| A Bk
of Rl EA 7hgA7h mdel| vk Eo] TR 27} o}

=1 i

d to

[¢]

Mo ofy L e ofN

it o

te (E K

#(0.0017), 25(0.1449)] AFvhel] 12 %
1okl frelshAl dskAlwt, ANNelxe 4d
(0.5654), <1%(0.3898), 4:5(0.5239)2] o]
S AoZ vehydrh. o] ANN 24 FHela 4
M, A%, 2500 sle ndEH 5] el /hgAR

dled o] et Aste} a4,

o

o
e
-4
10
F0
2

B e 2L SEM-ANN 254 BA46)] gle]
A &A% AT HeFew WS jisle A
oltt. o] & $lal 36670 E AlTvl el A H|
o] & HAsle] AE AAslyTh B e Axf
= g8 g3 g

AR, SEM-ANN 2%t 4 ¢] gloi4], SEM}

ANN®] 2dlg 747} sh4p dlo|g & E3isla gl e
dolHR o&3sle] R*E Flat A¥}, 5450l
SEM 0.3364914 ANN 0.6836 2ul 34| g]c},
o8& R? A A= E & (Cohen, 1988)9] &3l=
7] AR AHEE 110%2 oS 2 &3] sgec)

E4. SEM-ANN 2%t #4032 AFstsl w4
FTLEo] WE vl A7 SEMeIA 857t =
S WEE ANNOME Fo57t B vehga| Rt
SEMeA F8=57F A9 we AF gl WsEol
ANNelA= Fawrt gIA vepget,

5.2 93729 AIAHY

A4 hehd Astel g B ATE S A B oS
AR SEMellA+= A<l 447 (0.0807), < W8 E vlale] 9lolA] thg3} e AJAA o]
(Table 10> Normalized Variable Importance

value quality risk searching gender age income
Oridinal SEM coef 0.2764 0.1864 0.3493 0.0890 0.0282 0.0006 0.0506
rigin.
gmna ANN PI 0.3507 0.2301 0.3594 0.2355 0.2032 0.1401 0.1883
) SEM coef 0.7913 0.5336 1.0000 0.2548 0.0807 0.0017 0.1449
Normalized
ANN PI 0.9758 0.6402 1.0000 0.6553 0.5654 0.3898 0.5239
SEM coef 2 3 1 4 6 7 5
Order
ANN PI 2 4 1 3 5 7 6
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2 Hrp WAE ARgste] vl eAS Edvhe dlolEl Al #45te] 54 A WirFas W
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aL HAE HoJH = o Sste] RMSER As< 47}
gowy st 2 Hrp whAe] el A A3
2 v|wsl7|7} el el £ el SEME &
dlolele} H2E do|E| R FEate] #A4F 5 gl
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< ANNOZ 20 sAbA F ),

A, SEM-ANN 25HA] Ao HeyFamwe
W3ts Bl adchks Aot SEMelA F8571 &
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(F5) ANN 22S SPSS MLPZE 103 wah2A{st 1t

(Table Appendix) 10 Cross Validation Results of ANN Model with SPSS MLP

Cross Validation Train data R* Test data R?

1 0.4853 0.5228

2 0.3106 0.6787

3 0.2642 0.5712

4 0.3456 0.4160

5 0.4386 0.5365

6 0.3387 0.4158

7 0.2757 0.3517

8 0.4969 0.5666

9 0.3244 0.5437
10 0.2873 0.5580
mean 0.3567 0.5161
std 0.0815 0.0906
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