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ABSTRACT

Liquidity risk is one of the most important risks in the banking sector since the short-
term deposit is used to be the finance loan funding, which has a longer duration than the deposit.
As a result, assets cannot be converted to cash in the maturity of the liabilities’ time. With this
business practice, liquidity shortages possibly happen, especially when withdrawals are
proportionately higher than usual.

The objective of this study is to develop a model to predict the possibility of services
cancellation of fixed deposit customers using machine learning techniques with data classification
model on 3-month fixed deposit data. Therefore, the bank can apply it to prevent liquidity shortages.
The churn model testing results show that the Random Forest technique provided the highest
accuracy with an overall recall value of 79%. In the case of closed accounts, the recall is 64%,
representing 99.67% of the total closing amount. We found that the most important feature is the
number of months since account opening. Besides, if this feature is not considered, we found
another three important features which are the number of years as a customer, the total amount of
3-month fixed deposit, and the customer's age. The results show that the range of 2 to 12 years of
being a customer has a significant effect on the tendency to churn, and the chance of cancellation
decrease as the number of years as a customer increase. Furthermore, the customers with age
between 30 and 55 years old have a high possibility to churn, and decreases as the age increases.
The total amount of 3-month fixed deposits affects the tendency of customers to churn more when
the balance is 800,000 baht or higher. The aforementioned factors can be used in issuing a policy
to motivate these groups of customers to further use the service and deposit money with the bank

in the future.
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3.3 A39a9UANNGNARIVRITRYaNazINIENTBYaN]F]1a1M (Data Preparation)
3.3.1 N3ZLIUNIATINADUANNATLAIUYDITDYA (Data Exploration)

9 A 9 I - ~ "9
ﬂiﬂ%ﬁﬂﬂﬁ?%@gﬁﬂﬂﬂW?Tﬂua&ﬂﬁﬂﬂﬂmﬂﬂmﬂgﬁﬂﬂﬂTWﬂﬂ1Wﬂﬁ&3TﬂﬂWU31m®

1 1 9 % d‘
AMNNYsENeUMIEalITMuAISIe N1 3.5

#

[V s B R VI W o Y O W O T PR » B
1

PRI R R R BRI R R R R R S e e e e
e R i SO R N e o P T S = N S P NP -

EL]
31
32

dataset.info()

Column

CID

MEBALLM

ACR

IRN

I¥YTD
DEP_M_LIFETIME
MONTHTOMATURE
TRM3_CNT
TRMG_CNT
TRMS_CNT
TRM12_CNT
TRM24_CNT
TOTAL_TIME_CNT
TOTAL_SAVING_CNT
TRM3 _BAL
TRMGE_BAL

TRMS _BAL
TRM12_BAL
TRM24 BAL
TOTAL_TIME_BAL
TOTAL_SAVING_BAL
TOT_PDEBIT

AGE
CUSTOMER_AGE
CORECUSTYPE
INVP

GENDER

IHNCOME
INCOMESCR
EDUCATION
QOCCUPATON
REGION

CHURHN

<class 'pandas.cors.frame.DataFrame’ >
RangeIndex: 45919 entries, @ to 49182
Data columns {(total 33

columns):
MNon-Null Count
4819 non-null
4219 non-null
4819 non-null
4219 non-null
4819 non-null
4219 non-null
4819 non-null
4219 non-null
4819 non-null
4219 non-null
4819 non-null
4219 non-null
4819 non-null
4219 non-null
4819 non-null
4219 non-null
4819 non-null
4219 non-null
4819 non-null
4219 non-null
4819 non-null
1558 non-null
4819 non-null
4219 non-null
4819 non-null
4219 non-null
4738 non-null
452@ non-null
45819 non-null
4528 non-null
4836 non-null
4219 non-null
4819 non-null

Dtype
int64
float64
floated
float64
floated
int64
int64
int64
int64
int64
int64
int64
int64
int64
floated
float64
int64
floats4
floated
float64
floated
float64
int64
int64
object
abject
object
abject
object
object
object
object
int64

dtypes: float64(11), inte4(14), object(s)
memory usage: 1.2+ MB
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GENDER Object 189
INCOME Object 399
EDUCATION Object 399
OCCUPATON Object 83
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NN 3.5 Boxplot FMIVVDYAYAN 2
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200 +
L ' ¥ H A
150 A
B e " CHURN
5 100 | ' - 0
= E [ I
& 50 CHURN 20 -
= = 0
04 a1 o
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CHURN CHURN
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NN 3.6 Boxplot vosasilimanilna
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3.3.3 P3zLIUMSIIANNAz1AUBNA (Data Cleansing)

v
1 J = =W 1

a 1 v aa & 2 o =
3.3.3.1 umansidind1e 91na15199 3.5 Faudaeseazideadnlsniining
3 a 9 A1 <3| an o A
awsatmuagduuylums@udeyaniiaiieesmilu 3 354l
v 9
- Gender: f11919903A21115 Gender nu1ngnA1N liilsiinaa auiuldisau

ANINIAEAT “C” 1WDLENODNIINTOYANANDN “F” 1Az INAIY “M”

) A

I . a A 1 1 o
- Joyadl type 111 Object: 1ANA1IIAIAT Mode VoILAAZ AT

) A

=1 [~ . a 1 1 9 1 d' ] @
- Joyaiil type Tty Object: IANAIIIAIBA IR DOVDIUARZA IS

v

3.3.3.2 fdamAaln@ A1e35msmuIumananIegas quartile il
Swmane Indi 1 Q1) nay e'ngd 3 (Q3)
- 1191 IQR lag
IQR = Q3-Q1
- I upper/ lower bound Lﬁ@i%}ﬁlﬂmﬁﬂﬂﬂa
Upper bound = Q3 + 1.5 * IQR
Lower bound = Q1 - 1.5 * IQR

@ A 9 A

a Aan o J 9 '
ﬂlﬂyawﬂﬂﬂﬁﬁ%gﬂm ABDNAD UVBYANUAININNIT Upper bound W%E] UBYNI Lower bound

u

3.3.4 N3ZUIUMSIALNAVANYME (Feature Selection) 1¥msnadovdoyaniadda lag

[

(] a dy
LL‘U\?!JJ’L! 2 INAUAANU

'
a1 1 =)

3.3.4.1 723 N1A19 019199 (Continuous Variable) nadouIasld ANOVA 1daa

11)sATA1 P-Value < 0.05 @979 3.7

Variable P-Value
MEBALLM 0.000562654]
ACR 4.98166E-10
DEP_M_LIFETIME 8.87685E-17
TRM3_CNT 1.02198E-14
TRM6 CNT 1.36776E-49
TOTAL_TIME CNT 1.97368E-29
TRM3_BAL 0.00085418
TRM6 BAL 3.11383E-10
AGE 1.24615E-08
CUSTOMER._AGE 1.61199E-17

MNN 3.7 Continuous Variable : P-Value < 0.05
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3.3.4.2 dwlsnfian luaeiles (Categorical Variable) nagoulaely Chi-Square Test

Tadulsnaiar P-value < 0.05 A9 INA 3.8

Variable P-Value
CORECUSTYPE 1.93391E-07
INVP 0.017504555
INCOME 5.09755E-06
INCOMESCR 0.000404851
EDUCATION 6.44367E-11
OCCUPATON 0.00051516
REGION 0.046125973

MNN 3.8 Categorical Variable : P-Value < 0.05

3.3.5 nazvaumsifasuni/asvena (Data Transformation)

]
=

4 < o 1 S
3.3.5.1 wlasunilasdoyangninuludnyme Categorical Taoutsoanilu 3 suluuy

U QU

2e
=De

{ o w g‘/ . . . Y 1w <
- JoyaNamnsnvendauiu 14 (Ordinal Categorical Variables) laua aamils @

Y L
[ L4 v I

< J [ 1 a o ! o
Lﬂﬂﬂ1ﬂ1i%ﬂﬂQiJGU’ENQﬂﬁ}W]nJEJ’E]@Nthﬂ‘i’HJ MNsuYaImauaIaUIUAIAIT 1N 3.6

M13199 3.6 LLanan1sulaanueanluls CORECUSTYPE

Categorical Values Transform Values
Retail 0
Medium 1
Corporate 2

a a { [ < 1
-JoyarFalSurandanuuuuil 2 A1 (Binary Nominal Categorical Variables)
o = 1 a3 Y [ dy Y 1 o ] 1 a3
mansommalasuanilu o vay 1 dwlsanyaeil 1dua 69 INVP #unua1ilu Personal LA

o { 1 o w
Corporate MMM 3tfasuaniu o uaz 1 muaay
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[ [

9 a a d' (= =W 1 1 . .

-Guagammﬂimmm”lunmﬂmmwmmﬂmw 2 A1 (Nominal Categorical

A % o 1 Ao & 1 @
Variables) 1435113 One-Hot encoding ¥19z1uasdoyalasimniamny luuaazaduisuan

I S 1 < 1 1 v A 1 9
ponilunoaandos o numlunaazaoaanlugduuyluuis o1 mwmvesdoya

[T <3 ' o A 4 {
3.3.5.2 YFuravestoyaliiuriufedny aremaila  Standardization 11090157
Toyaudazimiwlsiivisvesdeyaiunnd1aiu 1wy vilviin feature bias Tudunaunisaii

Tuma

3.4 MSNAUI Model (Modeling)
3.4.1 n3zVIUMSIRSENTeYad WS VAR UILLS 1809
- miseyad M udouLaz NAdOULDUTIADIRIBTAT I 80:20
-uddymideyaliauqavesyadoyaaou Tagldimaianisianguaaid

[ Y am Y o ' 1 @ s A I Y 9
AIUNINAIYIT k-mean Ll,ﬁ’J‘VHﬂﬁi:fllﬁﬂ"l]1ﬂlmEIzﬂaﬁmE]ilW@L‘]J‘LAﬂﬁﬁiN“UE]iJuﬁﬂa1ﬁ

'
a

J 1 YA Y A [ 1 Y ,3 3’/ Ja o d Y
drnnInildivwelnafesnuaaiadiutesuinyy MnuulelIsdunsiznvoyarivy
(Synthetic Minority Oversampling Technique: SMOTE) SRR Uclﬁ}"lgjl’émvaﬂa1ﬁ diurieanay

aaaaruuntviialndimesty wan'lddaning 3.9

Not Churn Not Churn

Omngimnal Train Set K-Mean DownSampling SMOTE

Al 3.9 nszpaumsudtymdeya luauga

3.4.2 NIZTVIUMIAAIADNIVUVI 1209 ( Model Selection)
&’ o ° ° a 1 o
Glummﬁ’ummimﬁammumammuuﬂﬂszm‘ﬂ%uﬂmm "lﬁ'wammin 3.7
=) = v A o A A v v A
TaeglinansdSouneuaenIng 3.10 HUVIADINUAT F1 1NNFA 3 9UAVLUINAD Random

Forest, Gradient Boosting (181& Kernel SVM



M135199 3.7 LUV : Base Line

Model Baseline

Logistic Regression random_state = 0

SVM (Linear) kernel = 'linear', random_state = 0

K-Nearest Neighbors n_neighbors = 22, metric = 'minkowski', p =2

Kernel SVM kernel = 'rbf', random_state =0

Decision Tree criterion = 'entropy', random_state =0

Random Forest n_estimators=300, criterion = 'entropy', random_state = 0
Gradient Boosting n_estimators = 100

20

Model Accuracy Precision Recall F1 Score F2 Score

Random Forest @.97959 ©.741%4 ©.69697 @.71875 @.78552
Gradient Boosting @.95918 ©.45946 ©.51515 @.48571 @.50296
Kernel SVM 8.94104 ©.32727 ©.54545 @.40909 0.48128

Decision Tree @.91837 ©.25926 0.63636 @.36842 @.49296
Logistic Regression @.89456 ©.19388 ©.57576 @.25008 2.41304
K-Nearest Neighbours @.87868 ©.19167 ©.69697 @.30065 @.45635
SVM (Linear) 8.87642 B.16667 ©.57576 @.25850 #.38618

d' I o
M 3.10 1WSeuneunannLUUIIad

v v

d a d ) 3
3.4.3 nszvaumsmlamesmnimesimanzaniiga Taon1s 197MaA% GridSearchCV

1 Y ]
WA a1 uSULUUTIA0ING 3 HUY AININN 3.11-3.13

[ I TV Y

~ O

# Fit random forest classifier

param_grid = {'max_depth': [3, 5, 6, 7, 8], 'max_features': [2,4,6,7,8,9],
'n_estimators':[50,10@], 'min_samples_split': [3, 5, 6, 7]}

RanFor_grid = GridSearchCV(RandomForestClassifier(), param_grid, cv=5,
refit=True, verbose=@)

RanFor_grid.fit(X_train,y_train)

best_model(RanFor_grid)

©.9242916449813002
{'max_depth': 8, 'max_features': 9, 'min_samples_split': 3, 'n_estimators': 1@@}
RandomForestClassifier(max_depth=8, max_features=9, min_samples_split=3)

MWN 3.11 W3 10995 NMIIZUD9 Random Forest
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1 #Stochastic Gradient Boosting

2 param_grid = {'max_depth': [2,3,4,6,8], 'n_estimators': [50, 100, 300, 500]}
3 GB = GBSklearn()

4 model_GB = GridSearchCV(GB,parameters,cv = 5,n_jobs = 10,verbose = 1)

5 model_GB.fit(X_train, y_train)

6 best_model(model_GB)

Fitting 5 folds for each of 20 candidates, totalling 100 fits
©0.9898284433604406

{'max_depth': 8, 'n_estimators': 100}
GradientBoostingClassifier(max_depth=8)

MNN 3.12 AR5 NHNIZV09 Gradient Boosting

# Fit SVM with pol kernel

param_grid = {'C': [@.5,1,10,50,1@00], 'gamma': [@©.1,0.01,0.001],
‘probability':[True], 'kernel’: ['poly'], 'degree':[2,3] }

SVM_grid = GridSearchCv(SvC(), param_grid, cv=3, refit=True, verbose=@)

SVM_grid.fit(X_train,y_train)

best_model(SVM_grid)

©8.8827433628318584
{'C": 5@, 'degree': 2, 'gamma': ©.1, 'kernel': 'poly', 'probability': True}
SVC(C=50@, degree=2, gamma=@.1, kernel='poly', probability=True)

H J a s
ﬂ1Wﬁ 3.13 ﬂ’lW’lfl"liJL@]@i‘ﬁLWiJ’]&“UﬁN SVM

3.5 5zuIMMSIalszansmnuuudiass (Model Evaluation )
A I Y a o 9 a = o
olumsmgadoyaimiuiz lunmsi U144 lunegsne 3eihimsaounas

9
nagouuuUsIasImedoya 2 jUuuude 1.19oyavesgnainiyanasIsualLaz Hayana

9 @ A = o 9 b Y 'y
lmgiﬁnﬂﬂmaﬂymgﬂgﬂmﬂﬂQWNﬁgmﬂﬂ &34ua$ZJWHNWWMSQQQﬂﬂaﬁSiNQWuazﬁﬂ

! '
o v A = a =

9 v
wdnyuz NuuRouawalaiyFoen e inauyaguin winlunsainsiuunon

9 9

)]

ee #

a v A 1 1 a a o a 9 d‘ (d‘d
QM@Uﬂﬂlﬁy%%gﬁﬁNﬁ@@ﬂizﬁﬂﬁﬂTW%ﬂQMDU%Wﬂ@ﬁ1u7nﬂﬁiﬂ%uﬁ381ﬂﬂﬂgﬁ1ﬂaQﬂﬁﬂu

ha]

1 o 2 Y
nnnzﬁuﬂ@ﬂmaﬂymzuqﬂ

9
o a 3 A A

3.5.1 l9deyavesgndmayanasssuaaz dayana naz lnnauanyuzgnidenay

Q q L) U

v 9 A

2 ) S A
Wﬁmﬂﬂ:&34Iﬂ8ﬂ$ﬁﬂﬂ%ﬂyﬁﬁﬂuﬁ1maya%@ﬂ1



2152 ANTMNUDAULVI1a09 Random Forest Han 1aaan1nh 3.14

Confusion matrix
800
700
Not CHURN <8 500
500
z
© 400
=
300
12 21
CHURN A 200
100
T T
= ol
N &
& oF
t\o"
Predicted label
accuracy=0.9399; misclass=0.0601
Random Forest = RandomForestClassifier(max_depth=8, max_features=9, min_samples_split=3)
precision recall fl-score  support
%] @.89 8.85 8.97 849
1 @.34 8.64 G.44 33
accuracy @.04 282
macro avg @.66 8.79 a.71 382
weighted avg 8.96 8.94 .95 382

MNN 3.14 Confusion Matrix : Random Forest éﬁ'agamﬁ 1

DEP_M_LIFETIME
CUSTOMER_AGE
TRM3_BAL
TOTAL_TIME_CNT
MEBALLM

AGE

TRM6_BAL
INCOMESCR_SALARY
TRM6_CNT
INCOME_<10,000

0.00

002 004 006 008 010 012
Random Forest Feature Importance

0.14

0.16

NN 3.15 Feature Importance : Random Forest “lgllfmva“]gﬂ‘ﬁ 1
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Ja1l5eANTANVeUVUI1A99 Gradient Boosting Hah laadnIni 3.16

Confusion matrix
800
700
Mot CHURN 5
G00
500
E
=
o 400
S
300
CHURN g = 200
100
T T
s o
5 S
& oF
x\sv
Predicted label
accuracy=0.973%; misclass=0.0261
Gradient Boosting = GradientBoostingClassifier(max_depth=8)
precision racall fl-score support
=] a.99 a.98 a.99 849
1 8.62 a.76 8.68 33
accuracy @.97 882
macro avg a.81 a.87 @.84 882
weighted avg 8.98 8.97 8.98 882
[[834 15]
[ 8 25]]
Accuracy of the model on Testing Sample Data: 8.96

WA 3.16 Confusion Matrix: Gradient Boosting slsllﬁlya"lgﬂﬁ 1

DEP_M_LIFETIME
CUSTOMER_AGE
TRM3_BAL

TOTAL TIME_CNT
MEBALLM

AGE
INCOMESCR_SALARY
TRM6_BAL
INCOME_<10,000
TRM6_CNT

000 002 004 006 008 010 012
Gradient Boosting Feature Importance

014

0.16

WA 3.17 Feature Importance : Gradient Boosting Gﬁiflya%ﬂﬁ 1
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Tdszansmmvewuutasy SVM lagly fATUDYaTOU Wa‘lflllﬂﬂ\‘]ﬂﬂ"lﬂ 3.18

Confusien matrix

700

Not CHURN

500

- 400

Tue label

300

CHURN 8 = | 200

r100

5 A

& &
2 )

>3 ¢
Re &

S
Predicted label

accuracy=0.9263; misclass=0.0737

SVM with Pol Kernel = SWC(C=58, degree=2, gamma=8.1, kernel='poly', probability=True)

precision recall fl-score  support

2] 8.99 @.e3 .96 249

1 a.3e a.76 8.43 33

accuracy B8.93 382

macro avg @.85 @.85 8.78 882

weighted avg .96 .83 9.94 282
[[792 57]
[ & 25]]

Accuracy of the model on Testing Sample Data: 8.97

MW 3.18 Confusion Matrix: SVM Yoyayai 1

@ a a o Y o e a 9 Y
aﬂﬂizﬁﬂﬁﬂ1wmaduuuﬂ1aaﬂiﬂﬂﬁ%ﬂ1iEnxmﬂﬂeﬂaﬂuU1m1aaﬂﬂﬂ3Lﬂﬂuﬂm1ﬂﬁu

<3 % ~
Nalt)uaanNINgm 3.19

ensemble = VotingClassifier(estimators=[('1.Random Forest',
RandomForestClassifier(max_depth=8,
max_features=3,
min_samples_split=3)),
('2.ranfGradient Boosting',
GradientBoostingClassifier(max_depth=8)),
('3.5WM with Pol Kernel ',
SVC((=58, degree=2, gamma=0.1, kernel='poly',
probability=True))],
voting="soft')

precision recall fl-score  support

a 8.99 8.98 8.99 849

1 8.62 8.76 8.68 33

accuracy 2.97 882

macro avg 8.81 @.87 8.84 882

weighted avg 9.98 @.97 B8.98 882
[[834 15]

[ 8 25]]

Accuracy of the model on Testing Sample Data: ©.98

MW 3.19 wamsiallsz@nEnimveunniln Ensemble Yoyagai 1
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9
3.5.2 lfmwizdoyayanasssua tagdaguanbue SuwAsuswailatiydoon Ta

= 9 cal' U 9 A
ZLIINTVBYAYAUIN VBYAYAN 2

a2 ANTMNUD LU 1a09 Random Forest Han 1aa3an 1w 3.20

Confusion matrix
BOO
700
Not CHURN o 500
500
z
]
I 400
&
300
CHURN B v 00
100
& @
& §
& &
«
Predicted label
accuracy=09706; misclass=0 0294
Random Forest = RandomForestClassifier(max_depth=8, max_ features=2, min_samples_split=3,
random_state=188)
precision recall fl-score  support
e @.98 8.99 8.98 32@
1 8.61 .55 @.58 31
accuracy @.o7 851
macro avg a.8e 8.77 a.78 851
weighted avg .97 9.97 .97 251
[[8e2 11]
[ 14 17]]
Accuracy of the model on Testing Sample Data: 8.97

MNN 3.20 Confusion Matrix : Random Forest %’agaﬁyﬂﬁ 2

CUSTOMER _AGE

TRM3_BAL

AGE

INCOME_<10,000
TOTAL_TIME_CNT

TRMG_BAL

TRM6E_CNT

MEBALLM

INCOMESCR_SALARY
REGION_Bangkok metropolitan

0.00 002 004 006 0.08
Random Forest Feature Importance

010

NA 3.21 Feature Importance : Random Forest %@Qﬁijﬂﬁ 2



Ja1l5eANTANVeUI 1299 Gradient Boosting Hah laaanIni 3.22

Confusion matrix

NN 3.22

NN 3.23

800
700
Not CHURN = 00
500
% 00
S
300
CHURN a2 T 200
100
= >
& &
&
Predicted label
accuracy=0.9706; misclass=0.0294
Gradient Boosting = GradientBoostingClassifier(max depth=6, n_estimators=5@8)
precision raecall fil-score support
=) @.o9 @.98 @.98 228
1 @.59 @.61 @.68 31
accuracy @.97 851
macro avg @.79 6.28 @.79 851
weighted avg .87 8.87 2.97 851
[[287 13]
[ 12 191]
Accuracy of the model on Testing Sample Data: 8.97
. . . . a
Confusion Matrix: Gradient Boosting UDyagan 2
CUSTOMER_AGE
INCOME_=10,000
TRM3_BAL
TOTAL TIME_CNT
MEBALLM
QCCUPATON_GOVERNMENT OFFICIALS
TRM&_CNT
REGION_Bangkok metropalitan
TRMG_BAL
INCOMESCR_SALARY
T T T T T
n.00 005 0.10 0.15 020

Gradient Boosting Feature Importance

Feature Importance : Gradient Boosting %’ayamﬂﬁ 2
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Tdszansmmvewuutasy SVM lagly fATUDYaTOU Wﬁ‘ﬂulﬂﬂ\‘lﬂTWVl 3.24

Confusion matrix

Not CHURN

500

True label

300

CHURN 1 20 200

100

o~ &
Q‘i‘ GQ"
& &

Predicted |abel
accuracy=09448; misclass=0 0552

SVM with Pol Kernel = SwC(C=58, degres=2, gamma=@.1, kernel='poly', probability=True)

precision recall fl-score  support

e @.99 8.%6 @.97 8209

1 @.36 8.85 @.46 31

accuracy @.%4 851

macro avg @.67 8.2e @.72 851

weighted avg 9.95 .94 .95 251
[[784 36)
[ 11 28]]

Accuracy of the model on Testing Sample Data: ©.96

NN 3.24 Confusion Matrix: SVM %’agayﬂﬁ 2

@ a a o Y o e a 9 Y
’mﬂ‘izﬁmmwmmgmumaaﬂ@tﬁ%mi Ensemble A3LLUUINADING 3 INAUAUVINAU

I [ ~
WAt UAINING 3.25

Predicted label
accuracy=0.9683; misclass=0.0317

ensemble = VotingClassifier(estimators=[('1.Random Forest',

RandomForestClassifier(max_depth=8,
max_features=2,
min_samples_split=3)),

("2.ranfGradient Boosting',

GradizntBoostingClassifier(max_depth=8

n_estimators=588@)),
("3.5VM with Pol Kernel ',
SWC{C=58, degree=2, gamma=6.1, kernel="poly",
probability=True))],
voting="soft"')

precision recall fl-score support

8 @.99 @.98 @.98 328

1 8.56 a.61 @.58 31

accuracy @.97 351

macro avg a.77 @.8e @.78 351

weighted avg 8.487 2.97 2.97 851
[[885 15]
[ 12 19]]

Accuracy of the model on Testing Sample Data: 9.97

MW 3.25 wamsiallsz@nEnmveunniln Ensemble Yoyagai 2
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3.6 N3VIUNT Deployment

ulasuuuiiassh IntiUssansnmangaliedlugiuny file .pkl iiverirla)14

Wuetoyans

3.7 1n3elenlFlumsive
< I A o
3.7.1 M¥1 Python do1un1vi 1dsunsueundseasnntouiunl¥luaudiy Data

X A A A oA Y Y} Y
Science 1119991nAI09d 0 IiFon ldau 1dae

=1

< A A ] ~ Y} A A
3.7.2 Jupyter Notebook HJ‘L!Lﬂﬁ’l’NiJ@‘VIt;lﬂ’f)@ﬂ!L’]JUiJﬂ‘Hﬁ'"IiﬂiE]LSEJﬂGl“D'ﬁ‘L!Vla‘Uﬁ VIU
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o o o o 2 4 v I {

"’lsllf]‘iga NITNATDUANANTITNINTIUUBDILLVUINADN LlﬁzﬁaﬂHﬂ!%ﬂl’[’)x‘]fﬂﬁ‘ﬂ']GBTLﬁ@ﬂNﬁﬁWﬁ%ulﬂuﬁ
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NaMIANHE

MnMsAnE AL UTIaeuieieuud Iumsendnldusmsdmsugnm

9 o o . . =
FUIA15 AUV UT10099 11 NU52AN Random forest , Gradient Boosting , SVM Uag INAUA

Y
Y o
Ensemble I@#an1snaaoy auseazideanail

4.1 wamsialszanimuanugndesvewuudiaesiadoyanaaen

9 ~

E o A9 A o A
doyanlwlumsnageunuuiiass Aotoyakurnilszin 3 hou o 30
WOAINIBU 2563
Y d‘ ~ ¥y 2 @ 1 = o w I o
4.1.1 Yoyayad 1 1M9du 882 10619 Taofithed1n iy 0 (Not Churn) 1191 849

@ T o v a3 o o i 9 o ¥
#10819 tazdithemnuilu 1 (Churn) $1147% 33 §19813 wanisnaaeu TaglFuuusianan 4

MANAAINATITIN 4.1 ung 4.2

Mms19h 4.1 wansnadoulszaninmvesuusiaesuenawiheiiny Yoyayad 1

Churn Not Churn
precision | recall fl | precision | recall fl
Random Forest 0.34 0.64 0.44 0.99 0.95 0.97
Gradient Boosting 0.64 0.76 0.69 0.99 0.98 0.99
SVM 0.30 0.76 0.43 0.99 0.93 0.96
Voting Classifier 0.51 0.70 0.59 0.99 0.97 0.98
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M1 4.2 wamsnadeulsz@ninwvewuuTiass doyagad 1

macro avg weighted avg

precision | recall f1 precision | recall f1

Random Forest 0.66 0.79 0.71 0.96 0.94 0.95

Gradient Boosting 0.82 0.87 | 0.84 0.98 0.98 | 0.98

SVM 0.65 0.85 | 0.70 0.96 093 | 0.94

Voting Classifier 0.75 0.84 | 0.79 0.97 0.96 | 0.97

$ g’J n: o 1 o w I o
4.1.2 Yoyayaf 2 M@y 851 10619 Taoltefinuidu 0 (Not Churn) $1191 820
o T =\ o v & o @ 1 9 o g
#0619 tazdthemnuily 1 (Churn) 91171 31 §19813 wanisnaaeu TaglFuuusiasana 4

MANAAINATITIN 43 ups 4.4

M5197 4.3 wamsnadoulszaninmvewuuiaswenawthefiny Yoyayai 2

Churn Not Churn
precision | recall f1 precision | recall fl
Random Forest 0.61 0.55 | 0.58 0.98 0.99 0.98
Gradient Boosting 0.59 0.61 | 0.60 0.99 0.98 0.98
SVM 0.36 0.65 | 0.46 0.99 0.96 0.97
Voting Classifier 0.56 0.61 | 0.58 0.99 0.98 0.98

H a A o 9 =
ﬂ1§1\1ﬁ 4.4 Waﬂ’li‘ﬂﬂﬁﬂﬂﬂi%ﬁﬂﬁﬂ’lwellﬂﬂllﬂﬂﬂ'laEN VUDYAN 2

macro avg weighted avg

precision | recall f1 precision | recall f1

Random Forest 0.80 0.77 0.78 0.97 0.97 0.97

Gradient Boosting 0.79 0.80 | 0.79 0.97 0.97 | 097

SVM 0.67 0.80 | 0.72 0.96 0.94 | 095

Voting Classifier 0.77 0.80 | 0.78 0.97 0.97 | 097
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4.2 #am3IAUIZENTNINANNGNALIVRMLUT 10037 38YaYa Unseen

e
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4.2.1.1 Random Forest

Confusion matrix

2500

Not CHURN
2000

Tue label

1000

CHURN 62

& &
& &
&
Pr ted label
accuracy=0.6039; misclass=0.3961
Unseen Data = RandomForastClassifier(max_depth=8, max_features=9, min_samples_split=3)
precision  recall fl-score support
] 9.98 0.60 0.74 4687
1 8.06 0.63 0.12 191
accuracy .60 4878
macro avg 8.52 0.64 .43 4878
weighted avg 8.94 0.60 0.72 4878

Accuracy of the model on unseen data: ©.72

NN 4.1 Confusion Matrix (Unseen “lgﬂﬁ 1) : Random Forest



4.2.1.2 Gradient Boosting

Confusion matrix
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Not CHURN 1363 2500
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H
u
= 1500
1000
CHURN 123 68
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5 S
& &
R S
& L
&

Predicted label
accuracy=0.6954; misclass=0.3046

Unseen Data = GradientBoostingClassifier(max_depth=8)

precision  recall fl-score  support
o 9.96 8.71 0.82 4687

1 @.e5 @.36 0.e8 191

accuracy e.7e 4878
nacro avg 9.51 8.53 .45 4878
weighted avg 8.93 e.7e 8.79 4878

Accuracy of the model on unseen data: ©.79

NN 4.2 Confusion Matrix (Unseen “I;’ﬂﬁ 1) : Gradient Boosting

4.2.1.3 SVM

Confusion matrix
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Not CHURN
2000
:
E 1500
1000
CHURN 104 8
500
N N
& §
Gl &
&
Predicted label

accuracy=0.6603; misclass=0.3397

Unseen Data = SVC(C=50, degree=2, gamma=8.1, kernel='poly', probability=True)

precision  recall fl-score support
] 0.97 8.67 0.79 4687

1 8.05 8.46 .10 191

accuracy 0.66 4878
macro avg 8.51 8.56 0.44 4878
weighted avg 0.93 8.66 0.76 4878

Accuracy of the model on unseen data: .76

NN 4.3 Confusion Matrix (Unseen “lgﬂ‘ﬁ 1): SVM




4.2.1.4 Ensemble: Voting Classifier

Confusion matrix
3000
Not CHURN 1215
2500
5 2000
o
=
&
+ 1500
CHURN 105 B [ 1000
[ 500
ol =
o o
& <
¢$
Predicted label
accuracy=0.7294; misclass=0.2706

PNA 4.4 Confusion Matrix (Unseen “I;’ﬂﬁ 1) : Voting Classifier

Predicted label
accuracy=0.7294; misclass=0.2706

Unseen Data = VotingClassifier(estimators=[('1l.Random Forest',

RandomForestClassifier(max_depth=8,
max_features=9,
min_samples split=3)),

('2.ranfGradient Boosting',

GradientBoostingClassifier(max_depth=8)),

('3.5VM with Pol Kernel ',

SvC(C=5@, degree=2, gamma=0.1, kernel='poly',

probability=True))],
voting="soft")

precision recall fl-score  support

Q 0.97 0.74 0.84 4687

1 0.07 0.45 9.12 191

accuracy 0.73 4878
macro avg 0.52 0.60 0.48 4878
weighted avg 9.94 0.73 9.81 4878

Accuracy of the model on unseen data: ©.81

MNN 4.5 Measurement Score (Unseen 51‘5@171 1) : Voting Classifier



4.2.2 UszanimmanugnAesveanuudiasslaglideya Unseen yai 2

4.2.2.1 Random Forest

Confusion matrix

200

Not CHURN
2000
3
H
£} 1500
v
E}
H
1000
CHURN n 108
500
= Sl
& &
N )
& &
&
Predicted label

accuracy=0.6411; misclass=0 3589

Unseen Data = RandomForestClassifier(max_depth=s, max_features=2, min_samples_split=3)

precision  recall fl-score support
L] a.97 a.64 8.77 4581

1 a.86 @.58 8.11 185

accuracy 8.64 4686
macro avg @.52 8.61 2.44 4636
wEl'ghtEd avg a.94 .64 8.75 4636

Accuracy of the model on unseen data: 9.75

NN 4.6 Confusion Matrix (Unseen Glg'ﬂﬁ 2) : Random Forest

4.2.2.2 Gradient Boosting

Confusion matrix
3500
3000
Not CHURN 851
2500
z 2000
u
5
-
1500
CHURN 13 ] 1000
500
> >
& &
& &
5
-«
Predicted label
accuracy=0.7943; misclass=0.2057
Unseen Data = GradientBoostingClassifier(max_depth=6, n_estimators=588)
precision recall fl-score  support
2] @.97 .81 2.88 4581
1 @.es .39 8.13 185
accuracy 8.72 4686
macro avg @.52 9.6@ 9.51 4686
weighted avg @.93 8.7 8.85 4686
Accuracy of the model on unseen data: 8.35

NN 4.7 Confusion Matrix (Unseen Glgﬂﬁ 2) : Gradient Boosting



4.2.2.3 SVYM

Confusion matrix
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Not CHURN 1130 2500
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-1
I
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= 1500

CHURN 105 B0 1o

500
& &
& &

o
Predicted label
accuracy=0.7364; misclass=0.2636

Unseen Dsta = SVC(C=58, degree=2, gamma=8.1, kernsl='poly', probsbility=True)

precision recall fl-score support
=] 2.97 @.75 8.85 4521

1 2.87 @.43 9.11 185

accuracy 8.74 4686
macro avg @.52 .59 ©.48 4686
weighted avg 2.932 @.74 e.82 4686

Accuracy of the model on unseen data: .82

/NN 4.8 Confusion Matrix (Unseen "]qfﬂﬁ 2): SVM

4.2.2.4 Ensemble: Voting Classifier

Confusion matrix
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Not CHURN
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2000

Tue label

1500
CHURN uy & 1000
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) 2
\3‘} &
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Predicted label
accuracy=08504; misclass=01496

NN 4.9 Confusion Matrix (Unseen Gljﬂ“l?l 2) : Voting Classifier
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Predicted |abel
accuracy=0.8504; misclass=0.1496

Unseen Data = VotingClassifier(estimators=[('1.Random Forest’,

RandomForestClassifier(max_depth=8,
max_features=2,
min_samples_split=3}]},

("2.ranfGradient Boosting’,

GradientBoostingClassifier(max_depth=8,

n_estimators=5@@)),
("3.5vM with Pol Kernel °,
SVC(C=58, degree=2, gamma=8.1, kernel="poly®,
probability=True))],
wvoting="soft")

precision recall fl-score  support

2] @.97 a.87 B8.92 45a1

1 @.1e @8.37 8.16 1&5

aCCUracy B.85 4686
macro avg @.54 8.62 8.54 4686
weighted avg a.94 @.85 ©.89 4686

Accuracy of the model on unseen data: 9.89

/NN 4.10 Measurement Score (Unseen Gljﬂ“ﬁ 2) : Voting Classifier
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1. Input File 1sznoudedoyanmanyus Fuiu

D)
UDYA o

U

30 WYAIN1BU 2020 LAz Yoya

therry Fadiud 31§ 2020
1NN BIL uﬂlaya i} TUAUN
As At 30-11-2020

CID ACN ACTYPE| MEBALLM ACR IRN IYTD DEP_M_LIFETIME | MONTHTOMATURE | TERM|TRM3_CNT |TRM6_CNT
270000000177 1140000087 3001 10000 8.49338| 0.5 48.93 209 1 3 2 0
270000000189 2070000030 3001 10000 8.49338( 0.5 48.93 209 1 3 1 0
270000000300| 1590000084 3001 4000000 3397.26024| 0.5 19572.59 209 1 3 1 0
270000000975| 1860000168 3001 10000 8.49338| 0.5 48.93 216 1 3 1 0
270000001485| 1170000060 3001 10000 8.49338( 0.5 48.93 216 1 3 3 0
270000002082 | 1830000342 3001 10000 8.49338| 0.5 48.93 214 1 3 2 0
270000002085 1830000342 3001 10000 8.49338( 0.5 48.93 209 1 3 2 0
270000002151| 2040001491 3001 60000 50.95904| 0.5 293.59 214 1 3 4 0
270000002154 | 2040001491 3001 20000 16.98614| 0.5 97.87 211 1 3 4 0
270000002499| 1530000141 3001 100000 84.93132 0.5 489.31 216 1 3 1 0
270000006126| 2010002292 3001 100000( 110.95866( 0.5 501.91 207 0 3 1 0
270000006615 | 2190005058 3001 10000 8.49338( 0.5 48.93 216 1 3 3 0
270000006618| 2190005058 3001 10000 8.49338( 0.5 48.93 215 1 3 3 0

As At 30-11-2020

TRM9_CNT |TRM12_CNT|TRM24_CNT | TOTAL_TIME_CNT | TOTAL_SAVING_CNT | TRM3_BAL | TRM6_BAL |TRM9_BAL|TRM12_BAL|TRM24_BAL| TOTAL_TIME_BAL | TOTAL_SAVING_BAL
0 0 0 2 1 20000 0 0 0 0 20000 5302.02
0 0 0 1 2 10000 0 0 0 0 10000 36857.89
0 0 0 1 1 4000000 0 0 0 0 4000000 1282468.22
0 0 0 1 1 10000 0 0 0 0 10000 3285.14
0 4 0 7 3 30000 0 0 70000 0 100000 637674.65
0 0 0 2 3 20000 0 0 0 0 20000 190580.2
0 0 0 2 3 20000 0 0 0 0 20000 190580.2
0 0 0 4 1 120000 0 0 0 0 120000 55394.57
0 0 0 4 1 120000 0 0 0 0 120000 55394.57
0 0 0 1 2 100000 0 0 0 0 100000 32833.7
0 0 0 1 1 100000 0 0 0 0 100000 42122.41
0 2 0 5 4 30000 0 0 15000 0 45000 8744.37
0 2 0 5 4 30000 0 0 15000 0 45000 8744.37

As At 30-11-2020
TOT_PDEBIT [AGE | CUSTOMER_AGE | CORECUSTYPE INVP GENDER BDOl INCOME INCOMESCR EDUCATION OCCUPATON REGION CHURN

64 17|Retail PERSONAL (M B360 |30,000 - 49,999 BUSINESS SECONDARY BUSINESS OWNER (UNREGISTERED) Southern 0
70 17|Retail PERSONAL |F B360 (30,000 - 49,999 BUSINESS B.A. BUSINESS OWNER (UNREGISTERED) Southern 0
68 17|Retail PERSONAL |F B360 (15,000 - 29,999 BUSINESS B.A. BUSINESS OWNER (REGISTERED) Southern 0
72 17|Retail PERSONAL (M B543 [<10,000 OTHER VOCATIONAL CERTIFICATE OTHER Northern 0
67 17|Retail PERSONAL |F B551 15,000 - 29,999 BUSINESS SECONDARY BUSINESS OWNER (REGISTERED) Northern 0
56 17|Retail PERSONAL (M B543 [<10,000 SALARY B.A. SPECIFIC PROFESSIONS Northern 0
56 17|Retail PERSONAL (M B543 [<10,000 SALARY B.A. SPECIFIC PROFESSIONS Northern 0
84 17|Retail PERSONAL |F \8_543 15,000 - 29,999 BUSINESS HIGH VOCATIONAL CERTIFICATE BUSINESS OWNER (REGISTERED) Northern 0
84 17|Retail PERSONAL [F B543 (15,000 - 29,999 BUSINESS HIGH VOCATIONAL CERTIFICATE BUSINESS OWNER (REGISTERED) Northern 0
61 17|Retail PERSONAL (M B543 [<10,000 BUSINESS VOCATIONAL CERTIFICATE BUSINESS OWNER (UNREGISTERED) Northern 0
50 17|Retail PERSONAL (M B934 OTHER OTHER Southern 0
51 17|Retail PERSONAL |F B366 (15,000 - 29,999 SALARY B.A. 'GOVERNMENT OFFICIALS Southern 0
51 17|Retail PERSONAL |F B366 (15,000 - 29,999 SALARY B.A. 'GOVERNMENT OFFICIALS Southern 0
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2. Fenld Tlsunsuieyinsieds Model Niasn

M Anaconda Prompt (anaconda3) = m) X

ers\kfaoz>cd C:\Users\kfaoz\OneDrive ktop\IS-Present

ors\kfaoz\OneDrive\Desktop\IS-Present>python PredictChurn.py

tion filename:2020-12-3MDep.xlsx

- RandomForestClassifier(max_depth=8, max_features=9, min_samples_split=3)
precision recall fl-score support

9.98 0.60 .74 4687
09.06 .68 9.12 191

accuracy .60 4878
macro avg 9. a. 0.43 4878

weighted avg 0. .72 4878

[[2817 1870]

2020-12-3MDep.x1sx

) C:\Users\kfaoz\OneDrive\Desktop\IS-Present>

M 6.2 nihemsisenly Model

o 1 I a a 1 v A
3. Naﬂﬁ‘ﬂTLHﬂlla$ﬂ1ﬂ31ulﬂu1ﬂ1muﬂ15‘(’Jﬂ!ﬁﬂ‘lﬁﬂﬁ"ﬂ@ilmﬁz 3151

CID BOO | MEBALLM |CHURN | PREDICTION | PROPENSITY_TO_CHURN(%)
270000000177|B360 10000 0 0 9.07
270000000189|B360 10000 0 0 0.01
270000000300|B360| 4000000 0 1 100
270000000975|B543 10000 0 0 0.06
270000001485|B551 10000 0 0 1.57
270000002082|B543 10000 0 0 1
270000002085|B543 10000 0 0 1
270000002151|B543 60000 0 0 3.09
270000002154|B543 20000 0 0 5.77
270000002499|B543 100000 0 0 12.67
270000006126|B934 100000 0 1 88.09
270000006615|B366 10000 0 1 54.59
270000006618|B366 10000 0 1 54.59
270000008676|B366 28000 0 0 14.2
270000009258 (B584 10000 0 1 60.17
270000009492|B581 10000 0 0 13.22
270000009495 (B581 30000 0 0 15.37
270000010479|B581 10000 0 1 86.88
270000010560(B581 10000 0 0 10.32
270000014064 |B366 22000 0 0 19.41
270000014205 [B585 14500 0 0 0.13
270000014208|B585 17900 0 1 79.95
270000016419 (B585 90150 0 0 0.34
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