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Abstract

The objective of this project is to analyze the factors influencing customer purchase decisions
(Drop Lead) using customer behavior data, particularly customer clicks on the website. The study
focuses on identifying the factors that affect customer purchase decisions and developing a model that
can accurately predict the likelihood of a customer making a purchase. The data analysis
process consists of the following steps: 1) studying and understanding the data; 2) defining the
objectives for data analysis; 3) preparing the data; 4) analyzing the data; and 5) building and
evaluating the predictive model. The tools used for data analysis includes Jupyter Notebook, and
Python for data preparation, customer behavior analysis, and predictive model development. The
results from the customer behavior analysis indicate that customers who interact with sales
representatives are more likely to make a purchase. The predictive modeling using Random Forest
achieved an accuracy of over 99%, a relatively low recall but with the highest possible value, and the
highest precision. The company can utilize these insights to develop marketing and sales strategies

effectively.

Keywords: data analytics, customer behaviors, predictive model
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2.9 Decision Tree Classiﬁer9
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324 WIANNENRUEIZHIY0YA (Data Correlation)
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I aa 1 o " a £ ¥ o & .
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- MANUFNNUTIN1NE 1 HR1eD9 Al SNIEeINANNFUWUTIBIUINNUVILT I
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Lead NE4gaaU
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. 002000
.459358
.163659

Drop Lead 1

Contact Staff ]

design_click_propertypage e

Login Facebook 0.162587

reserve_asset @.159587

Click to Register @.151953
]
a
a
]

Click Search .119383
design_click_create .117900
Registration Member .117458
design_click_start . 106549
click_banner 0.loced4
refusecookie ©.093378
acceptcookie 0.989976
Preview Detail 6.085403
Debtstructurel 8.076798
click_register_bamvestor @.957384
click_bamcheices_member_ios 0.049651
paymentpaynow_gqr @.042378
Payment Reserve 8.837334
Pageview 0.928893
design_click_viewasset @.025462
click bamchoices new_ios @.021127
click_bamcheices_new_luckydraw 0.0160%6
click_bamchoices_new_android @.015893
paymentpaynow_credit 8.015478
click_bamcheices_member_android 0.915337
click_bamchoices_member_applewatch @.010165
click submit_register_ bamvestor -0.080123
click_bamchoices_new_applewatch -0.080475

Mame: Drop Lead, dtype: floatbt4d
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d‘ @ [l 9 tﬁ o k)
717 3.11 drwdamsaine lueaiion1571119428 Random Forest
A g ) A o ) &
13 3.11 naasruaoumsad e Tumaiensihiuieale Tuea Random Forest &4
I % o a { A o o @ 1 . .
Wunilalusanestunieulddmsunisinlszinnvesngudoya (Classification) Tag 1y
a Y Yo a Y Y Y o A o 1o o
uuraamssndu ldaadulanaedudndenuiolsuljsanuwindvesmsviue
G Y
1. mswsoutoya:
v o X 3 A sa a3
- AUABANYU Drop Lead 20N310 X %QLTJ”L!WL%’OSBHWG] (features) i8NV Drop Lead
2 g
1Ry y Failudoyanmine (target).
] 9 I 9 o @ =< - 9
- wivgadeyaoeniugadeyadimiun1sHn (Training Dataset) 1Az AT oY A
o o . o <
d1MTUN1TNAADY (Testing Dataset) Iagi1viuavuIaganadouilu 20%
Y
(test_size=0.2) LAZAIAINITY 1AW random_state=42
2. msadanazinluea:
- 1% Random Forest Tasfviuas random_state=42 measeluaa
- HnaouTumadeyadeyariniieyadoyaddou (X _train uaz y_train).
3. MIMUeNaans:
- 1 Tueaidnudvhnmsiune (Predict) gatioyanadon (X_test).
a [ 4
4. msUssiiunaans:
- AMUIUASUUUANNLNUEN (Accuracy score) @18 model.score.
[ a 4 [
- uan95181UuMs9AY5E1AN (Classification Report) aiuN3 AFANNT VAN

4 L A
(Confusion Matrix) tNOATIVADUHAANT 11F9AN
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319 3.12 Modmsadie Tumansiedie Decision Tree

1ng1l# 3.12 naasmsad19Tuaad e Decision Tree Hal4 Taseadedu lidmsums
4 H v
daduly TaslivunounadiendanumsaiieTuma Random Forest uanmsiunsulasdoya
LALMSHAAIHD
=) Y

1. mawsoudoya:

- 14 LabelEncoder tivouasdosyyalu Drop Lead 1Woglugiluuudavnouirlal

a$aluaa.
o J S 9
- auAEaNY Drop Lead 910 X tazinudoyatimunelu y.
. ) < = A o A

- wgetdeyalilugarnuazyanagourRgINUZUN 3.11.

2. msaduainluaa:
v .. . o A 9

- 19 DecisionTreeClassifier 1Ag@3A1 random_state=42 INDT 9 Tuea.

- WnTwAadie X train a2 y_train.
3. MIMueHaans:

- dhmswenssimeyatoyanadon (X _test).

a v J

4. MIUszlunaans:

- AMUIUAZUUUANNLLUE (Accuracy score) UaZIAAINA Classification Report LS

Confusion Matrix.
5. msuaaslaseadiednld:
4 v A = o A
- 19 treeplot tree to10 Insaa31vvesdulddaduly Taoszyineinly

(feature _names) LazAIvesnand (class_names %Y Yes 118 No).
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- MrueanEUVeInI I 1¥U FTU (filled=True), YU1AAIONYS (fontsize=12),

LAZVUIANN (figsize=(100, 40)).

gﬂ‘ﬁ 3.13 Medamsase Tumamsiuieale Logistic Regression LL81& Support Vector

Machine (SVM)

13U 3.13 naaemsadeTueaiion1siuiedreTuma Logistic Regression 112
Y Y
svM Taglddoyadmsumssniszinn (Classification) Haglvunougail
= Y
1. maasoudeya
9 = s A v
- aoyamuie (Drop Lead) gnuensonnilives (features) 8U 9 HaznIndoya
1 [} I @ 4
whvaneeglugdunudeninu 15 "Yes" ag "No" szgnuauiludnaviveld
amnsoldnunyTuaald.
9 ' < Y 9 1% = ..
- doyagnuiseoniugadeyad15un5Hn (training set) LAZMINATBY (test set)

]
Tasgadoyanadouiidadiu 20% voatoyanaviue
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2. Logistic Regression

I { 5w o { o
Logistic Regression (JuTueafimunzdmiumsialszmndoyanaunsoneniu
Y Y . cil Y o Aa K a a a
A281aUA59 (linearly separable). Tutaail l¥danosnun1soAno8IFIa0IdAN

o 4 o ] < 1
(logistic regression) tazWInsu sigmoid amuInaNNUsluveazaad.
@ =< k4 X J Y
naannmsinlwaauad Tuaaszgnlslumsnensaideyaluganaaey uag
@ 4 @ 1 ] ) [

Hadn59eQnIinlagA1n1NNLUET (Accuracy), 1891UN15TAYTZIAN

a 4 [y
(Classification Report), aZtNNINFANNFTUT W (Confusion Matrix).

3. Support Vector Machine

3 { A LR

svM 1iluTutaaf 1$imatin Support Vector Machine (SVM) #43ja1tiiun1saiig
s A = )

lenlosimau (hyperplane) MmNz auiigalumsuenngudoya.

v ' o ¥ 9 v 9 . )
mindoya lannsaueniudroduasala Tuea SVC awnsold kemel trick (451
linear, tbf) tNedugUuuVRFUFoU U0y,

2 A Y = Y .. . Y1 1o
Tuaatignilsziiiuma ludnyaziAeIn Logistic Regression T ldmanuusiug

51891UMIINYTLIN uasmﬁﬂcﬁmmﬁuﬁu.



=).

unn 4

miﬁuaummumwmm%m

v
=t o

[ y o a J
waanh Idimseudoya (Data Preparation) 31 ladoyanamisati lUiinmsdnsizd

QU

A = a A 1 v A dy Y .

oAy ImgAnssulandinanenisandulesousagnai (Data Correlation) 1agN1511INIAA
o L. 4 { o ' 3 ° o A

M3¥UEKA (Data Prediction) auidou lvnsmualauds ae'liazidlumsiiwadnin laun

° ) y 9 Y Y 2 Y a =® Y o A °

neueligldiihla1d0e nazansodidsdoyaeanldde MuAemsiuauonrun e

Woya (Data Visualization) Taagsaii latdennisinauswalugluunveansi (Graph) uaz

Y

a J 4 @ o oA
UNUNLNY (Bar Chart) waznsIMuUUIUS MuANUINE FURUHaaNE N 1A

a d a $ U A X v da
41 M3InszhngAnsIniitinademsandularenindduvesgnii (Drop Lead)

o v  J a L4 v o J ' . 4
Gluﬂ?‘iu?lﬁu@WﬁﬁW‘ﬁ%1ﬂﬂ153lﬂi?$ﬁﬂ31ﬂﬁuwuﬁ5%14’31\15191}63&1 (Correlation) RTERR

a A v a & o da v Y A
Wf]ﬁﬂﬁﬁu'ﬂﬁ\iwﬁ@]ﬂﬂ13§]ﬂﬁu€lﬁ]°ﬁﬂ‘ﬂi‘wﬂﬁu"llﬂ\igﬂﬂ1 (Drop Lead) ﬁ"liJ"IﬁﬂGl.GIfﬂi"W‘lﬂﬁfl

ad A Y v D) v X JI O o o @ A
Llwuﬂ3J1/”,1’7lﬂgﬁn&W@ﬂfjﬂiﬁmﬂl%ﬂ]@anﬂﬂqstuu TﬂﬂGIUﬂjmu ATAINMUTUNUTIINNINN

U

e

IS

waaailudanay lanadnsaail

Drop Lead 1.0080008
Contact Staff @.459358
design_click_propertypage 2.163659
Login Facebook @.162587
reserve_asset @.1595387
Click to Register @.151953
Click Search ©.119383
design_click_create @.1179@0
Registration Member @.117458
design_click_start @.106549
click_banner @.106044
refusecookie 9.093378
acceptcockie 2.2889976
Preview Detail @.e85483
Debtstructurel @.876798
click_register_bamvestor @.@57804
click_bamchoices_member_ios @.249651
paymentpaynow_qr @.042378
Payment Reserve @.037334
Pageview @.0828893
design_click_viewasset @.825462
click_bamchoices_new_ios @.821127
click_bamchoices_new_luckydraw 2.216096
click_bamchoices_new_android 9.015893
paymentpaynow_credit 9.015478
click_bamchoices_member_android @.@15337
click_bamchoices_member_applewatch @.210165
click_submit_register_bamvestor -9.000123
click_bamchoices_new_applewatch -0.000475

Name: Drop Lead, dtype: float64
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= " o Y I 1 a 1 9 Y A Aa a
- Contact Staff UAMFIFAUNINU 0.459 uaaeliriuIINsAnae1in Yonna

l 1 v A - v A {
pgnuInaemsdadulagensniduvesgnaninigea

a

1 1 [ a ¢ A [
- design_click_propertypage NA1INITY 0.163 AI1TAANAIANLAEIA DN

)

o 2 v dAAa A 1 v A tg < v o A
adanIsunIndNansnanemaaaulageluouaun 2

- Login Facebook IAWMA1 0.162 M3141g 53 VU8 Facebook Hnaaomaanduly

v
v A

A o
Fofluaaun
- reserve_asset AN 0.159 A Click to Register UAUNINY 0.151 WOHANTIY
) v A = dsaa A < o w A 35 o
MydiseanTndauiazmsamziounionsnaludiaun 4 13 2 MInszim

{ v o

a A a o =3 c'> 9 a 4
NHANTIUDUA nuaNuduWusszauthunaeded ansolslseneumsuasie
A a A Y A = d%‘ Y v cgl
LWNL@N!W@WHLN?THNW'&I&E)ﬂﬂﬂlullﬂ NU

- click_submit_register bamvestor 481& click bamchoices new new_applewatch 1A

[ a Q‘{d é 1 =3 [ o Y] 9 1 v Aa tg
Fuszansitluay F9U1UenIRNVAUNUT N 19asInUIINAenTanau lade

4.2 M3a3eluaainemsiueaIy Random Forest

0 [ ] o o A
TumsinauenadniainTuaa Random Forest azuaas Ifiiiunadns nisviueh

@ dy o Y A v A v 9 o dsl o a Aq Y1
Tuaadaiidila medszneumsaaaulandeyaditimungniu Tuearia luui Tdaanw

HUUEIFIgA

Accuracy score: ©.9936521781266657

Classification Report:

precision recall fl-score support

a .99 1.09 1.60 82838

1 9.47 8.09 8.15 518

accuracy 0.99 82548

macro avg @.73 8.55 @.58 82548

weighted avg 2.99 8.99 @8.99 82548

Confusion Matrix:

[[81976 54]
[ 47e 48]1

{ v J
717 4.2 uananaansvee Iuna Random Forest

1103104 4.2 naaanadnsveaIuiaa Random Forest Tuiaalinnuiiudigaie 99.36%

~ 1

Fanureanun lueadwsoine ldgndeslunsaidiulvg uanisnarsananuuiug

]
A A o % 1

YosuaazAaENAN 1tiownn lduaavesgadoyanisiuiudledisluaaid o wann

U

9
.. 9 1 o @ <3|
A 1 Precision @1¥IuUAAd 0 ﬁ'ﬁ] 0.99 Wll185\1‘0’]ﬂﬂ’]5°ﬂ’]u1ﬂﬂﬂﬁuﬂlﬂu‘ﬂﬂ’]ﬁ 0 e 1%
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Y
ARANAIA Recall A5 UAAIA 0 AB 1.00 LaAAIN TUAAAINITOIVAIBENNNINUAVDIAAIA 0
1451 Precision vsuAaa 1 Ao 0.47 361 ulanTmsiiuienata 1 FANOANAIT Recall
o [ A 1 [ [l Y A 1 g’/ = 2
dvisunad 1 Ao 0.09 vuea1 N lumadualodnad 1 laies 9% mniv audulgm

nulddiodoya liauga

4.3 M3a319]aaNeM MR Y Decision Tree
° o o L. < o o o {
Tumsrinauenadnianldluiaa Decision Tree dzuand IHUNAaNT N8N
% dy ) 9 z!' v A "9 Y l-;‘ 1Y a d' Y
Tuaadaiidila medszneumsaaaulandeyaditimungiu Tuearia lvun ldaanw

HUUEIFIgA

Accuracy score: B.993543158651742

Classification Report:

precision recall fl-score support
e 0.99 1.00 1.00 82030
1 0.43 8.08 8.14 518
accuracy 8.99 82548
macro avg 8.71 8.54 .57 825438
weighted avg 8.99 @8.99 .99 82548

Confusion Matrix:
[[B1972 58]
[ 475 4371

= Y4 ..
g‘ﬂ‘ﬂ4.3 HAAIHAANTUDIT1IAR Decision Tree
A v J .. = Il o =2

1n3UN 4.3 uaaIHadnsued Tuaa Decision Tree TuIAANANNUNUEIZIDG 99.35%
Faguilouwiudwn uanrsiosanlusieazideavesuaazaaid esnindoya liduga
(AAd 0 TTWIUNANIIAAIE 1 8819110) AATA 0: Precision = 0.9 HIWAIMFIWIBAAT 0
gNABIFININ Recall = 1.00 Tumadm1509uAI0619Ad 0 1AATUNNAIDE19 Fl-score = 1.00
ﬁﬂuﬂzuuu‘ﬁﬁzﬁ’aummﬁnﬂmwdw precision Uaig recall AA1d 1: Precision = 0.43 TREGR
A o < a A A 9 Y [l
o Tuaasinedlunaie 1 Tiiee 43% NgnAvd Recall = 0.08 TuAaa1u1303UAID AR

Y
1 18 8% 11371 Fl-score = 0.14 19Uendamsmunenata 1 63ludiin
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4.4 m3aluaariiomsmunede Logistic Regression #a& Support Vector Machine
) v J .. . .
Tumsrinauenadnsanl¥luma Logistic Regression 118¢ Support Vector Machine 92
Y < v J o A o Lg o Y A v A "9 @ dy
Llﬁ@\ﬂﬁlﬂimﬁﬁW‘ﬁf‘lﬁ‘l’HUW‘ﬂTm@ﬁﬁ’J‘L!‘VH‘lﬂ Lwaﬂﬁzﬂaumm@ﬁuimmayamumuw

% a d‘ Y ] o
mJTuma%uﬂ'lwuﬂwmmwmmumqq’c;fﬂ

Logistic Regression:
Accuracy score: 0.9936521781266657

Classification Report:

precision recall fl-score support

@ .99 1.60 1.0@ 82030

1 0.46 @.e7 @.12 518

accuracy 8.99 82548
macro avg 8.73 @.53 @.56 825438
weighted avg @.99 8.99 g.99 82548

Confusion Matrix:
[[81989 41]
[ 483 35]1

Support Vector Machine (SVM):
Accuracy score: B.99368852086183869

Classification Repeort:

precision recall fl-score support
@ .99 1.60 1.0@ 82030
1 0.47 @.05 a.e9 518
accuracy @.99 825438
macro avg @.73 8.52 0.54 82548
weighted avg @.99 8.99 g.99 82548

Confusion Matrix:
[[82002 28]
[ 493 2511

{ v J
31N4.4 naaanaansvea luaa Logistic Regression 11ag Support Vector Machine

%1ﬂ§ﬂ°ﬁ 4.4 uaasnaanivesluna Logistic Regression L8 Support Vector Machine
Tumafinnuusiuigeia 99.36% Fequiloumiudunn uaarsfinsanludiuvesluaa
Logistic Regression 318ag188avaaudazaard iiiesnindoyaliauga (aa1a o fisuau
VINAINATA 1 981930IN) ABA 0: Precision = 0.99 HNIWAINITHIUIWAATT 0 NADIFININ
Recall = 1.00 Tuinaamisnsudaesianare 0 18asunndaesia Fi-score = 1.00 ifuazinui
A2 ROUAINANARTZHI1N precision 11AZ recall AAT 1: Precision = 0.46 #1897 1ile Tuiaa
sneunaia 1 fifies 46% fignded Recall = 0.07 Tuwaaamsasudeduamea 1 1difieq
7% 111171 Fl-score = 0.12 teuendenisriunenata 16¢lidn uazludiuves Tuiaa
Support Vector Machine 318a2180av0udazaa e iiosn1ndoyaliiauga (aare o Hman
YINAINAA 1 98190IN) ADTA 0: Precision = 0.99 HNIWAINITHIUIWAATT 0 NADIFININ

Recall = 1.00 Tuiaaeunsadudiodenata 0 ldnsunndiodis Fi-score = 1.00 ilunzuuui
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