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Thesis Title . Prediction and Association Rule of Technology Adoption Affecting
Lazada Shopping Application Usage Behavior on Smartphones Among

People in Bangkok and Its Vicinities by Using Data Mining Techniques

Program . Master of Science in Information Technology
Thesis Advisor  : Asst.Prof. Somchai Lekcharoen, Ph.D.
Abstract

The purposes of this research were to compare predicting models among decision tree, neural
network, and naive bayes, and to determine the relationship between technology adoption and behavior of
using the LAZADA shopping application on smartphones. We included subjects in Bangkok and its
vicinities who had experience using the LAZADA application. By simple random sampling method, 386
respondents were recruited and analyzed by Rapid Miner Program Studio as a research predictive tool. By
using One-Way analysis of variance (ANOVA), we found that all three models had no significant statistical
difference at value > 0.05 Thus, the decision tree method was adopted as a predicting model. The data set
was also analyzed how to develop a shopping application on a smartphone to meet the needs of consumers
more effectively.

(Total 95 pages)

Keywords: Data Mining, Decision Tree, Neural Network, Naive Bayes
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(2-14)
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3) mulFuetnaasudotdesvuaui Inu (LAZADA) lunmsdeauduiie
Uszndanarlumsdunia ldedumauineassnauaiuaziuai (UB3)
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Q

AN 3.1 dredrdeyanazii Sy

PE total EE total SI total FC total BI total BU total RESULT
4.83 4.8 4 4 3.6 4 N
5.83 5 5 5 39 433

4 4 4 4 3.6 4 N
5.5 5 5 5.8 2.8 2 N
4.17 3 e 4.6 1.8 2.17 N
4.83 5.4 4 4.2 3 3.33 N
6.17 5 5 3.8 2.8 1 N
4.67 5 3.2 4.2 2.6 3 N
5.5 5 52 4.8 3 3.33 N
3.33 3.4 3.4 4.2 3 3 N
4.5 5.2 3.4 4.8 1.8 1.33 N
3.67 4 4.2 4 2.2 2.5 N

5 4 4 3 2.2 1.33 N
4.67 4.8 4.8 4.8 2.6 3.33 N
1.5 2.6 1 4.4 1 1 N
4.67 3.6 4 4.8 3.6 3.83 N
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PE total EE total SI_total FC_total BI total BU _total RESULT
3.83 4 4.6 3.8 1.4 4 N
4.5 4 3.4 2.6 2 2.67

5 5 5 5 2.4 1 N
1.83 2.8 1.4 3 1.2 2.17 N
1.83 2.8 1.4 3 1.2 2.17 N
2.5 2.8 2.6 3 2.8 1.5 N

4 4 4 4 3.6 4 N

6 5.8 3.8 5.8 3.8 3.33 N
5.67 5.6 5.4 5.8 4.6 5.17 N
4.67 4.4 4.8 4.8 4.4 4.67 N

5 5.4 2 6.8 2.6 5.5 N
5.33 5.4 3.8 4.6 3.2 4.17 N
5.83 6.4 6.6 5 5.8 1.83 N
5.83 6 5.8 6.6 4.6 5.17 N
5.5 54 4 5.2 3.2 1.5 N
2.67 3 3.2 3 3.2 3.17 N
3.67 4.6 4.4 5.8 3.6 3.83 N
2.33 24 4.8 6 4.8 433 N
1.83 2.6 2 2.4 2 1.67 N
4.17 3.8 4.2 4 4.4 4.33 N

6 4.6 2.2 6.2 2.4 3 N
3.67 3.6 3.8 3.6 3.6 3.5 N
4.33 52 3.4 4.2 2.8 3.83 N
3.17 5.4 1 4.6 3.6 4.67 N
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a131971 3.2 Medeteyatfiazih I manudusiug

PE1 | PE2 | PE3 | PE4 | PES | PE6 | EE1 | EE2 | EE3 | EE4 | EES | SII | SI2 | SI3 | SI4 | SIS
4 34| 35| 3|45 | 5| 4|5 |[4a]7]5]3]4
s s | 7|7 23 7|5 | 4| 4| 4| 4|4)|4]4]34
sl 6| 6|7 |6 | 4|5 |5 |45 |5 |5|s5|7]7]:s
4 s | 3| 24| 3| 33| 4|35 |5]4]4]3]4
707 3 34| 3| 3|3 | 7|77 |[3]1]5]4]4
s s | s |6 | 4|5 | 44|65 | 4|a]s5]5]7]7
7071717566 |66 6|6 |7]4]6]6]6
6 | 6|7 |5 |46 6f|6 |77 ]|5|5]6]|6]7]|7
6 |6 |6 |6 6|55 |5 |5 |55 |6|4|5]5]:
7075 | 444 s |5 | 5|55 |4]4]5]5]4
6 | 6 |5 | 5| 23|55 |5 |4[5]6|6|2]3]5]6¢
7077|7176 |6 |6 | 66| 7 |6|7]7]7]|7
4| 4| 4| 4| a4 a] s sl a4 |a]a]4a]4]4
6 | 6 | 676 | 4] 5| 5|55 [5]|s5f6|4]5]5]:
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{* Retrieve Naive (Retrieve)

repository entry Idata/decistion

3 U 4.42 Set Parameters Operators Retrieve Naive

Set Role 11N15 Set Parameters ﬁﬂg‘ﬂﬁ 4.43 11as 4.44

Attribute Name = Filed Result
Target Role Label
Set Role
R 3 a9
{1 exa exa
> g s
ori
|
i
310

4.43 Operators Set Role

Parameters
4 Set Role

attribute name RESULT

target role label

set additional roles

—» Edit List (0)...

Pl 1N 4.44 Set Parameters Operators Set Role
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Number of Folds =10

Sampling Type Automatic

Enable Parallel Execution Turn

Cross Validation Haive

o o b

EXa !‘_-

| =
tes i
per [}
=

‘ per| )

h——— :‘J
gﬂ‘ﬁ 4.45 Operators Cross Validation Naive

Parameters

E}E Cross Validation Naive (Cross Validation)

split on batch attribute @
leave one out @
number of folds 10 @
sampling type automatic v (@
use local random seed @

/| enable parallel execution @

g‘]J‘I?I 4.46 Set Parameters Operators Cross Validation Naive
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Parameters
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Apply Model Set Parameters ﬁﬁgﬂﬁ 4.50 1ag 4.51

No Set
Apply Model
miad lak
unl . mod
i 1 4.50 Operators Apply Model
Parameters
« Apply Model
application parameters ~ Edit List (0)... @
create view i

gﬂﬁ 4.51 Set Parameters Operators Apply Model
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Y
Performance set parameters Qﬁ

Main Criterion = First
Accuracy =Turn
Weighted Mean Precision = Turn
Performance
lah % per :}
per exa )
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Parameters

% Performance (Performance (Classification)}

main criterion first v [ -
< accuracy )]

classification error @ _
kappa ]
weighted mean recall D
+'| weighted mean precision ]
spearman rho D
kendall tau D
absolute error D
relative error D
relative error lenient D

W

gﬂﬁ 4.53 Set Parameters Operators Performance

o a o a, 4
uaasdzUwanmsnensol lagldimaiinnisiwundoyadieds ludviduuy

Table View

accuracy: 78.67% +/- 11.03% (micro average: 78.62%)

true N trug Y class precision
pred. N 51 17 75.00%
pred. ¥ 17 74 81.32%
class recall 75.00% 81.32%

A G4 . a = J
5UN 4.54 HAMININTVUVY Table View Tagmaiin U],u@"ll\l!ﬂ’t]i
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A 79 o 9 a o 9 Y A = L4
AT NN 4.3 ﬁ?ﬂﬂﬁﬂ"l'iW‘(’J'lﬂﬁﬂ!ﬂ'JfJLLU‘Ufﬂ"lﬁ@\‘]IﬂEJSlGHWIﬂ‘L!ﬂﬂ"lﬁfﬂ'llluﬂ‘llf)u‘.ﬁﬂ'w?ﬁVlu@V\lLUﬂ

Class Class Class
Class Precision
Model Accuracy Recall Recall Precision
(Y)
N) (Y) N)
Neural Network | 78.67 % 75.00 % 81.32 % 75.00 % 81.32 %

° o 9 a o 9 Y ad = 4 .
memmmi‘wmmmTﬂai%gmﬂuﬂﬂ15i}1uuﬂmayammﬂuavhm (Naive

= T o Y o A 19 ¥ a o
Bayes) UL (Accuracy) 78.67% AN ﬂG]E]Qﬂl@\‘iﬂﬁwmﬂimﬂﬁm@ﬂhliJGl"]ﬂl,’é]ﬂwmﬂ"]fu

1 1T W o a o 1 T W
A9 1N1NY 75.00% mmgﬂﬁ’awmmiwmﬂimmnﬁaﬂ%’amuaﬂwam%um NN 81.32%

A < Y aa Al o ~ a A o
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=0.05

ANOVA 911115 Set Parameters ﬁﬁgﬂ“ﬁ 4.62 11ae 4.63
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3 U 4.62 Operators ANOVA

Parameters

5% ANOVA

alpha 0.05

gﬂﬁ 4.63 Set Parameters Operators ANOVA
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uaaswamanfsouiioy 3 matinlagls ANOVA ua@agA 111 Table View #1331l

N 4.64

Source Square Sums DF Mean Squares

Between 0010 2 0.005

Residuals 0.414 27 0.015

Total 0.424 29

517 4.64 wamsSeuieu 3 maiialasld ANOVA aaIa1LLL Table View
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Source Square Sums DF Mean Squares F Prob
Between 0.010 2 0.005 0.332 0.721
Residuals 0.414 27 0.015
Total 0.424 29

= o o aa 1
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1317 4.65 FaamnsoesgIddail

1) IF BI Total <= 2.500 THEN Result =N

2) IF BI Total > 2.500 AND PE total <= 3.415 THEN Result =N

3) IF BI Total > 2.500 AND PE total > 3.415 AND BU total <= 1.085 THEN
Result=N

4) IF BI Total > 2.500 AND PE total > 3.415 AND BU _total between 1.086 to
4.415 AND EE _total <= 3.200 THEN Result=Y

5) IF BI Total > 2.500 AND PE total > 3.415 AND BU _total between 1.086 to
4.415 AND EE total > 3.200 AND FC total > 6.100 THEN Result=Y

6) IF BI Total > 2.500 AND PE total > 3.415 AND BU total between 1.086 to
4.415 AND EE _total > 3.200 AND FC total <= 6.100 AND BI_Total > 4.300 THEN Result=N

7) 1F BI Total > 2.500 AND PE total > 3.415 AND BU total between 1.086 to
4.415 AND EE total > 3.200 AND FC total <= 6.100 AND BI Total between 3.901 to 4.300
AND PE total > 4.665 THEN Result=Y

8) IF BI Total > 2.5 AND PE total > 3.415 AND BU total > 4.415 AND
EE_total <= 4.500 THEN Result=N

9) IF BI Total > 2.5 AND PE total > 3.415 AND BU total > 4.415 AND
EE total between 4.501 to 5.300 THEN Result =Y

10) TE BI Total > 2.5 AND PE total > 3.415 AND BU total > 4.415 AND
EE total between 4.501 to 5.300 AND PE total > 5.085 AND FC total > 4.800 THEN Result=Y

11) IF BI Total > 2.5 AND PE total > 3.415 AND BU total > 4.415 AND
EE total between 4.501 to 5.300 AND PE total > 5.085 AND FC total <= 4.800 THEN Result =N

12) IF BI Total > 2.5 AND PE total > 3.415 AND BU total > 4.415 AND
EE total between 4.501 to 5.300 AND PE _total between 4.750 to 5.085 THEN Result=N

13) IF BI Total > 2.5 AND PE total > 3.415 AND BU total > 4.415 AND
EE total between 4.501 to 5.300 AND PE _total <= 4.501 THEN Result=Y
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Ta/51n53 Rapid MinerStudio (Hin3oaiions fagalii 4.66
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ori F res

fre
&

res
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ofi |
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J

Create Association ...

58 i
ne;\;

3 11 4.66 Operators nanA1%1u Association Rule

510921989 Operators
Retrieve associate Suppot 11113 Set Parameters ﬁﬁg 1N 4.67 1ag 4.68

: 9 : .
Repository entry = f4 Data INFIUVDYA Associate Tu Repository

3 1N 4.67 Operators Retrieve associate support

Parameters

ﬂ Retrieve associate suppot (Retrieve)

repository entry ldata/Associate =D

3 1/ 4.68 Set Parameters Operators Retrieve Associate Support



Select Attributes 11115 set Parameters ﬁﬂgﬂﬁ 4.69,4.70 Llag 4.71

Attributes Filter Type = Subset

Attributes FC1, FC2, FC3, FC4, FC5

Select Attributes

exg

art

Parameters n

| select Attributes

attribute filter type subset hd

attributes o Select Attributes...

invert selection

include special attributes

3 1/ 4.70 Set Parameters Operators Select Attributes
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a select Attributes: attributes
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Aftributes
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it B
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# Bu1
it Buz
i BU3
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st nen

Select Attributes: attributes
The aftribute which should be chosen.

‘Selected Attributes
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@ Apply x Cancel

511 4.71 M3 !,’cdif)ﬂ Parameters Attributes

U

Numerical to Binominal ¥11015 Set Parameters ﬁﬂg 17 4.72 uaz 4.73

Attribute Filter Type = All
Min = 0.0
Max = 5.0

Humerical to Bineminal

exa exd

ori

3 1n 4.72 Operators Numerical to Binominal



Parameters

" Numerical to Binominal

attribute filter type all

invert selection

include special attributes

min 0.0

max 5.0

&3

3 19 4.73 Set Parameters Operators Numerical to Binominal

FP-Growth 11015 Set Parameters ﬁﬂgﬂﬁ 4.74 1Uag 4.75

Input Format

Min Requirement

Min Support

Min [tems Per Itemset
Max Items Per Itemset

Max Number of Itemsets

Find Min Number of Itemsets

Min Number of Itemsets

Max Number of Retries

Requirement Decrease Factor

Items in Dummy Coded Colums
Support

0.6

1

0

1000000

True

100

15

0.9



FP-Growth

exd Iil' i
=

fre

3 19 4.74 Operators FP-Growth

Parameters ;

% FP-Growth

input format
positive value
min reguirement
min support
min items per itemset
max items per itemset
max number of itemsets
<| find min number of itemsets
min number of itemsets
max numdber of retries

requirement decrease factor

3 1/ 4.75 Set Parameters Operators FP-Growth

: items in dummy c...
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100
15

049
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Create Association Rules 11015 Set Parameters ﬁ\ig 1N 4.76 uaz 4.77

Criterion = Confidence
Min confidence =0.8
Gain theta =20
Laplace k =1.0

Create Association Rules

(lite 4B rul 1)

i ite | )

:.‘iﬂ‘ﬁ 4.76 Operators Create Association Rules

Parameters

=1 Create Association Rules

criterion confidence ¥ (D
min confidence »EI.B D
gain theta 2.0 | ]
laplace k 1.0 (D

gﬂﬁ 4.77 Set Parameters Operators Create Association Rules

[ o J a
ueraInudNWUTY0IoYa HUD Table View Iasldinalin Association Rules
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Premises Conclusion Support Confiden... | LaPlace Gain p-s Lift Conviction
FC5,FC2 FC1 0.140 0.885 0.984 -0.176 0.076 2176 5170
FC3, FC4,FC2 FC1 0.135 0.881 0.984 -0.171 0.073 2167 5.000
FC4,FC2 FCA 0.166 0.877 0.980 -0.212 0.0589 2155 4812
FC1,FC3,FC5 FC4 0.142 0.873 0.982 -0.184 0.079 2262 4835
FC5, FC2 FC4 0.132 0.836 0.978 -0.184 0.071 2166 3745
FC1,FC5 FC4 0.184 0.826 0.968 -0.262 0.098 2139 3520
FC3,FC4,FC5 FC1 0.142 0.821 0.974 -0.205 0.072 2.018 3312
FC5,FC2 FC3 0.130 0.820 0.975 -0.187 0.066 2.055 3333
FC4,FC5 FC1 0.184 0.816 0.966 -0.267 0.092 2.006 3226
FC3,FC2 FC1 0.168 0.812 0.968 -0.246 0.084 1.998 3164
FC1,FC4,FC2 FC3 0.135 0.812 0.973 -0.197 0.069 2037 3206

51/ 4.78 uaasnuduTUT Yo doYa 1Y Table View TaglHinadia Association Rules

U

M13197 4.5 agilnansmanuduius vesdoyane Association Rules

Rule Caption Support | Confidence
1 | dilmsidentiate FC5 uaz FC2 udrnziiTomaliidoniade FC1 14.0% 88.5%
2 | dilmsidensiade FC3 uaz FC4 naz FC2 udazil lomaldidonsiatde FC1 13.5% 88.1%
3 | drilmsideniiave FC4 uaz FC2 udngdilonmalvidensiade FC1 16.6% 87.7%
4 | dilmsideniade FC1 uaz FC3 nag FC5 uangdi lomalvidoniiaie FC4 14.2% 87.3%
5 | drilmsideniiave FC5 uay FC2 udaagii Tomaliideniiave FC4 13.2% 83.6%
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