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Abstract

This case is about a bank (Thera Bank) which has a growing customer base.
Majority of these customers are liability customers (depositors) with varying
size of deposits. The number of customers who are also borrowers (asset
customers) is quite small, and the bank is interested in expanding this base
rapidly to bring in more loan business and in the process, earn more through the
interest on loans. In particular, the management wants to explore ways of
converting its liability customers to personal loan customers (while retaining
them as depositors). A campaign that the bank ran last year for liability
customers showed a healthy conversion rate of over 9% success. This has
encouraged the retail marketing department to devise campaigns to better target
marketing to increase the success ratio with a minimal budget.

The department wants to build a model that will help them identify the potential
customers who have a higher probability of purchasing the loan. This will
increase the success ratio while at the same time reduce the cost of the
campaign. We conducted a simple step-by-step analysis of customer
characteristics to identify patterns of effective selection of the subset of
customers who are more likely to purchase a new “personal loan” product from
the bank. We performed the following steps:

- We checked all twelve characteristics, whether or not each of them was related
to the fact that the product was sold.

- We found five key characteristics that have an above-average strength of
association with the product.

- We analyzed the main characteristics and obtained segments in each of them
with different strengths of association with the product.

- We have tried to form a subset of customers with optimal characteristics who
have the highest probability of purchasing the product. Unfortunately, there
were too few, so we moved on to the next stage, building the classifiers.

- We built four classification algorithms: 1- Decision Tree Classifier. 2-
Random forest classifier. 3- The nearest neighbor classifier. 4- Naive Bayes
classifier.

The objective of the bank is to convert liability customers into loan customers.
They want to create a new marketing campaign and hence, they need
information about the relationship between the variables contained in the data.
Four classification algorithms were used in this study.

The decision tree algorithm has the highest accuracy and we can choose that as
our final model.
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, Classification, Decision tree , Association Rules suki 5 3 Python 3 ds.jnll 4l

- gl Gagyal) il ) AL A el

£

: Yo
;b judaald
AP Ll afyiind g sadail) Aiagty o gdin
import os , sys

import pandas as pd
import numpy as np

#get rid of future warnings with seaborn
import warnings
warnings.simplefilter(action="ignore', category=FutureWarning)

. Warning 3 Numpy 4 Pandas «liSs a)yiiul &

- el Glshanll e Jaladll : Numpy

cdeS) o daldll xIsx g esv J) ek 36) @l ¢ Pandas
- el g sl aa Jalaill : Warning

5 cangioad) dgaall A Y] b daiag g (paddll (asl) dsae O iy agiin Y
. ,S) daly)

a = master[ 'Personal Loan']
master.drop( ' Personal Loan', axis = 1, inplace = True)
master['Personal Loan'] = a

c oY) ks Aaa cpe B dam Jols Jsaall (i ped Cigu

master.head(1)
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Age

25

Exp Inc

1 49

b LS Sl S

Securities CD CreditC

ZIP Family = CCAvg Edu Mortgage Online
Account Account ard
91107 4 1.6 1 0 1 0 0 0
: Ll

 gadall g cilibull ) guasl
DAL b dag OIS 1Y L gy 5 bl elsl e RaSIL o s

df = master.copy()
df.info()

.&LASQ\:\LMS\Q’_\JKJ

<class 'pandas.core.frame.DataFrame'
Rangelndex: 5000 entries, 0 to 4999

Data columns (total 14 columns):

# Column Non-Null Count Dtype
0 ID 5000 non-null  int64

1 Age 5000 non-null int64

2 Experience 5000 non—null int64
3 Income 5000 non-null int64

4 ZIP Code 5000 non-null int64
5 Family 5000 non—null int64

6 CCAvg 5000 non—-null  float64
7 Education 5000 non-null int64
8 Mortgage 5000 non-null int64
9 Securities Account 5000 non-null int64
10 CD Account 5000 non-null  int64
11 Online 5000 non-null int64

39
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12 CreditCard

5000 non—null

13 Personal Loan

5000 non—null

dtypes: float64(1), int64(13)

memory usage: 547.0 KB

Age

Experience

Income

ZIP Code

Family

CCAvg

Education

Mortgage

df.describe().transpose()

count

5000.0

5000.0

5000.0

5000.0

5000.0

5000.0

5000.0

5000.0

5000.0

mean

2500.500000

45.338400

20.104600

73.774200

93152.503000

2.396400

1.937913

1.881000

56.498800

int64
int64

std

1443.520003

11.463166

11.467954

46.033729

2121.852197

1.147663

1.747666

0.839869

101.713802

40

o Joaall b Ll LS 5agike a5l 32l a aag Y -

s dadas bl o) e Sl Y

min

1.0

23.0

-3.0

8.0

9307.0

1.0

0.0

0.0

t b LS bl culS

25%

1250.75

35.00

10.00

39.00

91911.00

1.00

0.70

1.00

0.00

50%

2500.5

45.0

20.0

64.0

93437.0

2.0

1.5

2.0

0.0

75%

3750.25

55.00

30.00

98.00

94608.00

3.00

2.50

3.00

101.00

max

5000.0

67.0

43.0

224.0

96651.0

4.0

10.0

3.0

635.0



count mean std min 25% 50% 75%

Securities
5000.0 0.104400 0.305809 0.0 0.00 0.0 0.00

Account
CD Account 5000.0 0.060400 0.238250 0.0 0.00 0.0 0.00
Online  5000.0 0.596800 0.490589 0.0 0.00 1.0 1.00
CreditCard  5000.0 0.294000 0.455637 0.0 0.00 0.0 1.00
Personal Loan  5000.0 0.096000 0.294621 0.0 0.00 0.0 0.00

. gobeaill Zlins g MiN Sgeall 8 Lol LS Al cilily 40 aas Experience il
cdalaill Bals 5 dadas LS (gAY c¥satal)
. Experience juaiall 4 4l cbilal)l LS (65 Cagw Y

df[df[ 'Experience’] < @][ Experience’'].value counts()

.&LASQ\:\LMS\Q’_\JKJ

-1 33
-2 15
-3 4

Name: Experience, dtype: int64
3= ad 4 52— dad 15 51— i 33 Ll

all Sl ) aalaics Experience el (g9 adals)) it s € 1)) L (58 g
. Seaborn  Matplotlib : 2l CalSall 2yl agiin Yy
. A8l asel) e deleill : Matplotib
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1.0

1.0

1.0
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ncol
grid
grid

- Ailas¥) agll ae Jalaill : Seaborn - -
import matplotlib.pyplot as plt

import seaborn as sns
sns.set{color codes = True)

. Experience il aa (558 balii)) Lgd Al LaSl chpuiiall asd Cagu Y

["Age', 'Income', 'CCAvg', 'Mortgage']
= sns.PairGrid(df, y_vars = 'Experience', x_wvars = ncol, height = 4)

.map(sns.regplot);

P LS Sl S

40

X0
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s
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x
w
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0

30 0 50 @ % 100 150 200 0 2 4 6 8 10 0 100 200 00 400 00 800
Age hcome CCAvg Mortgage

- Age Luidll 8 g Experience paiall aa (598 Jaliiyl 4l dag paatia dagr 43l 5y WS

Aalady) dadll Jagien Al dad JS Jaiaad o WiSay bl aodl) 410 il Y) 5 -
- Age janll juities ddadiyal)
b b g el ) lee )OS aladls agiin )

ages = df[df[ 'Experience'] < @]['Age'].unique().tolist()
ages

P b LS Sl S

[25, 24, 28, 23, 29, 26]
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Al aal) @i (Indexes) Goledl) Ao Jeaniv e
indexes = df[df[ 'Experience’] < @].index.tolist()

o me S A 5dll hugia Experienced e A L) adll Joad agiie Y g

for i in indexes:
for x in ages:
df.loc[1i, "Experience’] = df[(df.Age == x) & (df.Experience > 8)].Experience.mean()

:‘)kﬂ$SY1g a}i&x C;y\_j
df.Experience.describe()
:‘?Jeusg;gm\mtsj

count  5000.000000

mean 20.135743

std 11.413140

min 0.000000

25% 10.000000

50% 20.000000

75% 30.000000

max 43.000000

Name: Experience, dtype: float64

cAdli dad Yy aag Y

- dalarilly Tag o)) ks 5 Aadas 5 dla] i) US Y1 -

-

: Glilal) Julas

P Asal g Gl Jlai

Lo gaddl) i J gas didag Auaddld) clad) (pn Le Jalidy) dllia Ja =Y

¢ paid ap

i G Judal) Lol Y uaie KUl desane sl i) (e (3RS e
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Julasll clghad (y "8pal slasid )58 a8 ¢ "5all 5" el Ggd Ualay) Laag LY flas
-(Multicollinearity) saxaiall 4uadll &) Cuiail

: (Quantitative Variables) 4.a<l) cyaial)
[Age', 'Income’, 'CCAvg', 'Mortgage']
Paaly Jenias lgaiasy a5

quant_df = df[['Personal Loan', 'aAge', 'Income', 'CCAvg', "Mortgage’]].copy()

‘LLCD\ d‘si; d.u_'\.uj

quant_df.corr()

bl (<Al e cla i) kS
Personal Loan Age Income CCAvg Mortgage
Personal Loan 1.000000 -0.007726 0.502462 0.366891 0.142095
Age -0.007726 1.000000 -0.055269 -0.052030 -0.012539
Income 0.502462  -0.055269 1.000000 0.645993 0.206806
CCAvg 0.366891 -0.052030 0.645993 1.000000 0.109909
Mortgage 0.142095 -0.012539 0.206806 0.109909 1.000000
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tAld) (e salasind 3 Personal Loand) usial bl )¥) cdlales Ao Joanlly agiin oY)

quant_df.corr()[ 'Personal Loan][1:]

p A UKl e cildanall culS

Age -0.007726

Income 0.502462
CCAvg 0.366891
Mortgage  0.142095

Name: Personal Loan, dtype: float64

t OV iy Aadailly o ghies

quant_df.corr()['Personal Loan'][1:].plot.bar();

0.5
g
0.3
02
_
0o

k]

T

Income
CCAvg
Mortgage

Personal Loan JI jia Ciusca bli)) agal Mortgage s Age (ppaidl o) oDl -

. Personal Loan juiall Lalg)l agasl CCAvg 4 Income (jyuiall 5 -

-y

polaad) zigal aladiul ialadl ileal) Confidence 4& (e (323l o gain
quant_df[ "intercept’'] = 1

log_mod = sm.Logit(quant_df['Personal Loan'], quant_df[['intercept’, 'Age', 'Income’', 'CCAvg', 'Mortgage']]).fit()

log mod.summary()
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Logit Regression Results

Dep. Variable:

Model:

Method:

Date:

Time:

converged:

Covariance Type:

Personal Loan

Logit

MLE

Sun, 15 May 2022

intercept

Age

Income

CCAvg

Mortgage

coef

-6.5144

0.0080

0.0351

0.0688

0.0007

log mod.pvalues|
plt.axhline(y

18:10:15

True

nonrobust
std err z
0.308 -21.155
0.005 1.550
0.002 22.313
0.029 2.409
0.000 1.757

& =

.8

s UKl e cila il cls

No. Observations: 5000
Df Residuals: 4995
Df Model: 4
Pseudo R-squ.: 0.3657
Log-Likelihood: -1002.9
LL—Null: -1581.0
LLR p-value: 4.743e-249
P>|z| [0.025 0.975]
0.000 -7.118 -5.911
0.121 -0.002 0.018
0.000 0.032 0.038
0.016 0.013 0.125
0.079 -8.49e-05 0.002

p 8elyall Jaeil P-Values Jl haa Jaxs agtin

5].plot.bar()

);
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b A UKl e cildanall il

12
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0.0s
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ooz
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E & €

=

ol g Lilaa] Ao @b ADle Legd "CCAVG' 5 "daall' (e IS of Ay Jsis of Ly
0.05 e B Jlaay) 8 AlanY) Legiad Y Blai ¢ " ol

. Dictionary 4 0.05 (s J3 Wylasil dad Al pdll  cohyrial) Jabsy o giin )

quant_df main = {}
for i in log mod.params[1:5].to dict().keys():
if log mod.pvalues[i] < @.85:
guant_df main[i] = log mod.params[i]
else:
continue

: CCAvg g Inome (yuaiall e JSI YY) (ubids V) & gkin

quant_df main odds = {k : np.exp(v) for k, v in guant_df main.items()}

quant_df main_odds
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{Income’: 1.0357095990302452, 'CCAvg": 1.0712155752174697}

T
: o Aglaas) VD 3 ADMe 4 ad ) (ol

e Income : coef = 0.03508
« CCAvg : coef = 0.06879

c ol mdsas 6 W) LS

e LS (sginy of aaa Personal Loan J) ey ol U gy (il DS
f b o Jsin o WiSar ¢ V5 1000 dagiy 5325 52ng

dllas) 2 %3.58 ke 82l 4ie i Incomed) e 8 $1000 lsie 83y S -

c GAY) delsall Gl pa, padl) Gl ay
dllas) 2 %7.12 lsia 821 4ie i CCAVGJ) jsia 851000 Jlsia 33y S -

c GAY) delsall Gl e, rad ) Gl ay

:(Categorical Variables) dadiall &) iial)
ZIP Code, Family, Education

Bydlia + W) gl Wi 1A ¢ ugid cpuadi i oyt Education g Family ¢y paial)
oaf Jan Ale Al (oS o) A Y g« (Nominal) ew) i 9o Zip Code . agile
. JL\SAY\ (e salalil ?3-“ Sl "‘fai.aﬂ\

. daly e (e Clpiiall gagy agtin Yol -

cat df = df[[ 'Family', 'Education’, 'Personal Loan’]].copy()
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.Personal Loan JI x« Education 4 Family cpyaiall Ao daloy¥) Lol guaie GY)

cat_df.corr()

s UKl e cila il cals

Family Education Personal Loan

Family 1.000000  0.064929 0.061367
Education (.064929 1.000000 0.136722
Personal Loan (.061367 0.136722 1.000000

el Aggnd Lily Lgindaly o ghi
cat_df.corr()}['Personal Loan'][8:2].plot.bar();

Pl JSal e pladl oIS

014
012
010
003
0.0
004

0.0z

000

Family
Education
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A& (e @eanll ag2in ¢ Personal Loan . (FIVEEN ILI,\:D\ Education 5 Family L.y

polaad) zagal pladiul LYl Confidence

log mod.summary()

Logit Regression Results

p S e cilaiall S

Dep. Variable: Personal Loan  No. Observations: 5000
Model: Logit Df Residuals: 4997

Method: MLE Df Model: 2

Date: Mon, 16 May 2022 Pseudo R-squ.: 0.03415

Time: 15:25:52 Log-Likelihood: -1527.0
converged: True LL-Null: -1581.0
Covariance Type: nonrobust LLR p-value: 3.575e-24
coef std err z P>|z| [0.025 0.975]

intercept  -3.7670 0.175 -21.574 0.000 -4.109 -3.425
Family 0.1623 0.042 3.863  0.000 0.080 0.245
Education 0.5487 0.059 9.260  0.000 0.433 0.665

Personal Loan as degs dsilas) dDle Ll Education 5 Family ;e IS o Jsis off Wiy
c0.05 oo B Senlll laay) b Lllaa) Legiad Y D ¢
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t 8e)all lasill P-Values 1 hlada Jozy o g

log mod.params[1:3].plot.bar();
sl UKa) e halaad) oS

(1 5]
04
03
a2

. -

oo

[=
=1

Family
Educat

. Personal Loan uidll e Family uiall (e (g6l dalsi)) 40l Education il
. Dictionary 3 0.05 (s J8) lalass) dad Al asal) 5 il ysaial) Jabsy agoie (Y1 -

cat_df main = {}
for i in log mod.params[1:3].to dict().keys():
if log mod.pvalues[i] < 8.85:
cat_df main[i] = log mod.params[i]
else:
continue

: Education 4 Family sl e JST Y as¥) Gubids Y 2 sdb

cat_df_odds = {k : np.exp(v) for k, v in cat_df_main.items()}

cat_df_odds
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s UKl e cila il cls

{'Family': 1.1762340487826346, 'Education’: 1.7310508695002493}

i

: o Aglaas) VD 3 ADMe 4 ad ) (ol

o Family : coef = 0.16231
o Education : coef = (0.54873

c ol mdsas 6 W) LS
o Lo st o) WiSay " et Gl o el JS laiize Cpnpiall OIS
s P17.62 laias 52b) die iy Familyd) juaie 3 8aslg Sang jhies 82b) JS -
@AY Jalgal) il pa, paddl) (il o dllial

& PT73.10 laia 83L) aie zin Educationd) juaie A saalg sasg jlaies 5Ly S -
c AY) Jelsall Gl g, pradl) il Lllaia)

: (Binary Variables) 4.l c)yaial)
'Securities Account’, 'CD Account’, 'Online', 'Credit Card'

bin_df = df[['Personal Loan', 'Securities Account', 'CD Account', 'Online’, 'CreditCard’']].copy()
: LL\BJ\ d}h d.na_u.u 9
bin df.corr()
s Al U<l e cila i) culS
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Personal Loan Securities Account CD Account Online CreditCard

Personal Loan 1.000000 0.021954 0.316355 0.006278 0.002802
Securities Account 0.021954 1.000000 0.317034 0.012627 —0.015028
CD Account 0.316355 0.317034 1.000000 0.175880 0.278644
Online 0.006278 0.012627 0.175880  1.000000 0.004210

CreditCard 0.002802 -0.015028 0.278644  0.004210 1.000000

el Laseatl Ty dadailly ol Cagus
bin df.corr()[ 'Personal Loan"][1:].plot.bar();

s UKl e cila il culS

S|
=]
]
Securities Account I
CD Account
Online
CreditCard

. Personal Loan JI as daugia Jalis)) 4l (2l s gll juaiall g0 CD Account juasall

: Personal Loan il 2 CD Account juaiall jlass¥) Gl agii ¥V 5 -
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log_mod

sm.Logit(bin_df[ ' Personal

log_mod . summary( )

Logit Regression Results

Loan'], bin_df[['intercept’,

CD Account']]).fit()

b A UKl e cildasall il

Dep. Variable: Personal Loan  No. Observations: 5000
Model: Logit Df Residuals: 4998

Method: MLE Df Model: 1

Date: Tue, 17 May 2022 Pseudo R-squ.: 0.09632

Time: 15:29:54 Log-Likelihood: -1428.7
converged: True LL~-Null: -1581.0
Covariance Type: nonrobust LLR p-value: 3.340e-68
coef std err z P>z] [0.025 0.975]

intercept -2.5508 0.056 -45.301 0.000 -2.661 -2.440
CD Account 2.4049  0.128 18.730  0.000 2.153 2.657

oY Bl ¢ Personal Loan se dege dxlas] ile Ll CD Account f Jsii of ey

POV VLAY s asiiae
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bin_odds {'CD Account" : np.exp(log_mod.params[1])}

bin_odds

b A A e cila il culS
{'CD Account': 11.076978939724048}

: e
: o Aglaas) AVD 3 ADMe 4l ad ) (ol
o« CD Account : coef = 2.40
ol mdsas 6 W) LS
ol Lo Jsii o Wiy ' ami ) Gl s i) (S8 Taig il

ol g eV Laa) oo of adgi ¢ i) (6ol CD Gl 402) OIS Juanl) oY Bl -
- AV dalgall il e ¢ Cilya 10 il

: dadAl
2 Ailian) A0 G ADke 4l ad ) ol

« Income : coef = 0.03508

« CCAvg : coef = 0.06879

o Family : coef = 0.16231

o Education : coef = 0.54873
« CD Account : coef = 2.40

fol L Jgi o) Wi " il Gl o sl (S A pe disld) < paiall S
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dllaa) 3 %3.58 ke 83k aie gaw Incomed) a3 $1000 Jlsias 52l IS -

AV dalsall il e, il gl a

ddlaa) 4 %7.12 Jlsia 83k aie g CCAVGJ) usie 3 $1000 Jlsias 53l JS - -
c GAY) dalsall Gl radl) Gl

2 B17.62 ey 82l aie i Familyd) juitie (8 saaly Sasg jlake 80b) S -
c GAY) dalsall Gl pa, radil) il dllaia)

st %73.10 ey 52L) aie =i Educationd) jute i Basly Basg ke 83L) JS -
c GAY) Qelsall Gl g, peadl) il Lllaia)

ol s N Laal alag of adgn ¢ clill (53 CD Glaa 43l IS Jaenll oY Bl -
c GAY) Jalsall Gl pa ¢ Cilya 10 adiil

U] gy shiasd ¢ Aty (ailad ued o ading " paddl) Gal of Lang O Hae
il e danls ki sllly Ly Galall bl

3 lag) L) Ll Al Lad Gailad) ¢y B0 bl ) (e due b desana b Lad
o hugiall (e el L) anag " caddll (o @ll

exp_df = df[['Income’, "CCAvg', 'Family', ‘Education', °CD Account®', 'Personal Loan']].copy()

p ol s Jl (il agkin V) 5 desanal UK 5

exp_df.head(2)

p S e il S

Income CCAvg Family Education CD Account Personal Loan
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log_mod = sm.Logit(exp_df[ 'Personal Loan'], exp_df[['intercept’, 'Income’, *CCAvg", 'Family’, 'Education’, 'CD Account']]).fit()

log mod.pvalues[1:]

p S e cilajiall S

Income 1.568180e-104
CCAvg 4.872101e-03
Family 2.077119e-21
Education 2.509902e-53
CD Account  1.430875e-28
dtype: float64

P Y laa) Gluas agtin Y
odds = np.exp(log_mod.params)
odds

s UKl e cila il culS

intercept 0.000001

Income 1.056149
CCAvg 1.114028
Family 1.991695

Education 5.352795
CD Account  12.021627
dtype: float64

o=iladll o Personal Loan JI ¢y Lol 868 ducs eagy Unladie (2 yes asiis (Y1

C 9AY) At
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sizes = odds_df.0Odds.tolist()# List of sizes of slices
labels = odds_df.index.tolist() # List of Labels
explode = (@.15, 8.1, 0.2, 0.1, @) # "explode” the 2nd and 2rd slices
fig = plt.figure(figsize=(18, 5))
plt.suptitle( ' The Proportion of Strength of Association Between \n Personal Loan and Main Characteristics’, \
fontsize = 14, y = 1.18)
plt.axis('equal'); # set aspect ration as egual to make sure the pie is drawn as a circle
plt.pie(sizes, labels = labels, explode = explode, radius = 1.5, \
shadow = True, startangle = 98,autopct= "%1.1f%%")

plt.savefig( ' proportion_of_stregth_of_association.png’, bbox_inches = "tight");

s dal dsall e Gllae ) ciilS

The Proportion of Strength of Association Between
Personal Loan and Main Characteristics

Income:

CD Account

: iyl 4 Personal Loan amjll ehd dulee Je fi5 Lo JSI o) Jmn Lea
. %55.8 4.1 CD Account -1

. %24.9 i Education -2

. %9.2 4. Family -3

. %5.2 4w CCAvg —4

. % 4.9 i Income -5
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b ) Al e SBI sl Glsa e Gandly s oY)
Personal b (558 balii)) Lt A Lyl (atbadld] e il & L — Ll

.Loan

P Ayl ailadll e JS e dasld 5ylay 2l Lied

: CD Account
: CD Account . cile gaas o Personal Loan aé aujg b Lad

series_cd = exp_df[exp_df[ 'Personal Loan'] == 1]['CD Account'].value_counts()
series_cd

p S e cilayiall S

0 340
1 140
Name: CD Account, dtype: int64

. CD Account agal oIS (sl g il (il 480 Juaal (1e 140
: CD Account .d cile gana G Gl g fda ol cpdl) add aaygi (e yaia Y

series_cdd exp_df[exp_df[ 'Personal Loan'] B]['CD Account'].value_counts()

series_cdd

bl (S8 e cila i) culS

0 4358
1 162
Name: CD Account, dtype: int64

o el Gyl ehdu sk o 5 CD Account 4l oIS duee 162
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: el Cagedd Ly i) s asiis V)

pd.DataFrame(dict( NO_PL= series_cdd, PL= series_cd,)).plot.bar(figsize = (2,6))

plt.ylabel( 'Frequency’)

plt.xticks(np.arange(2),( 'No CD Account','CD Account'), rotation = "horizontal’)

plt.legend(( N0 Personal Loan', 'Personal Loan'));

plt.title( 'Distribution of "Perscnal Loan" Values \n among Groups of "CD Account" Values', fontsize = 14, y = 1.85);
plt.savefig('distribution_of_ PL_among_CDacc.png’, bbox inches = "tight")

s UKl e cila il culS

Distribution of "Personal Loan” Values
among Groups of "CD Account" Values

s MO Persconal Loamn
mmm Personal Loan

3000
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Mo CD Account CD Account

0 CD Gl 2l ae agins (sa (ooadd i agaal cpdl (alds) duws of Jsii o) iy

A ye Sl
- opedgall G Cpayigal)l Al 3adall dasll (651 Lged

series = exp_df[exp_df['CD Account'] == 1]['Personal Loan'].value_counts()

plt.axis( equal")

plt.title('Proportion of Customers Who Have Personal Loan and Who Don\'t,\n among CD Account Holders®, \
fontsize = 14, y = 1.2)

labels = ['NO Personal Loan', 'Personal Loan']

plt.pie(series, labels = labels,autopct= '#1.1f%%', shadow = True,explode = (8.1, @), radius = 1.6, startangle = 9@)

plt.savefig('Proportion_of_loanees_among_depositees.png’, bbox_inches = "tight');

b ) JSEN e cila il el
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Proportion of Customers Who Have Personal Loan and Who Don't,
among CD Account Holders

Personal Loan

NO Personal Loan

. ) (mall glyin 1568 38 CD Account ils o %46.4 -
e el 320 o giie L oisledie o) o) Ly -

: Education
: Education o8 cile gene o Personal Loan o ajg b Lesd

series ed = exp df[exp df['Personal Loan'] == 1]['Education'].value counts()
series_ed

b S e il il S

3 205
2 182
1 93

Name: Education, dtype: int64
o3 agaad dapy il g mll el gald (Dlaal) (10 205 (]
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: Education a8 cile gana Gzl g ad ol (il sl ayg (i Y

series_edd = exp_df[exp_df[ 'Personal Loan'] == 8][ 'Education’].value_counts()

series_edd

1
3
2

s UKl e cila il cls

2003
1296
1221

Name: Education, dtype: int64

c2 83 5] gl dayy culS gl (g ol ) SY) L) o

pselall Jagetl Ll 30l in e agbias (Y

pd.DataFrame(dict(NO_PL= series_edd, PL= series_ed)).plot.bar(figsize = (8,6))

plt.
plt.
plt.
plt.
plt.
plt.

ylabel( 'Frequency’}

x1abel('Education Level’)

xticks(np.arange(3),("1","2",'3"), rotation = 'horizontal")

legend(('NO Personal Loan', 'Personal Loan'))

title('Distribution of "Personal Loan" Values “n among Groups of "Education” Values', fontsize = 14, y = 1.85);
savefig('distribution_PL_among_Education.png', bbox_inches = "tight")

s A UKal e cila i) culS
Distribution of "Personal Loan" Values

among Groups of "Education”™ Values
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series_edu 3 = exp_df[exp_df[ 'Education'] == 3]['Personal Loan'].value_counts()
series edu 2 = exp_ df[exp_df['Education'] == 2]['Personal Lecan'].value counts()

series_edu 1 = exp_df[exp_df[ 'Education'] == 1]['Personal Loan'].value counts()

labels = ['NO Personal Loan’, 'Personal Loan']

fig, (ax1, ax2, ax3) = plt.subplots(1,3, figsize = (18,6),subplot_kw=dict(aspect="equal"))

plt.axis('equal’)

axl.pie(series_edu_3, labels = labels, autopct= '#1.1f%%', shadow = True,explode = (8, ©.1), radius = 1.25, startangle = 9@)
axl.set_title('Education Level 3',fontsize = 14, y = 1.1)

ax2.pie(series_edu_2, labels

= labels, autopct= '%1.1f%%', shadow = True,explode = (@, @.1), radius = 1.25, startangle = 98)
ax2.set_title( Education Level 2°

, fontsize = 14, y = 1.1)

ax3.pie(series_edu_1, labels = labels, autopct= '%1.1f%%', shadow = True,explode = (8, ©.1), radius = 1.25, startangle = 9@);
ax3.set_title( 'Education Level 1',fontsize = 14, y = 1.1)

plt.suptitle('Proportion of Customers Who Have Personal Loan and Who Don\'t, among CD Account Holders', \
fontsize = 16, y = 1.12);

plt.savefig( ' Proportion_of_PL_among edu_levels.png®, bbox_inches = "tight');

p Aul Ul Je abdazal) calS
Proportion of Customers Who Have Personal Loan and Who Don't, among CD Account Holders

Education Level 1

Education Level 3 Education Level 2
Personal Loan

Personal Loan Personal Loan

7

NO Personal Loan MO Personal Loan
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Paaly e (eia ageaje g daid aall eyl 19l Cpdll il apain Y

plt.axis('equal’)
plt.title( 'Proportion of Customers With Different Levels of Education \n among Personal Loan Hol
ders', \
fontsize = 14, y = 1.3)
labels = ['Education Level 3',' Education Level 2°,'Education Level 1']
plt.pie(series_edu_4, labels = labels, autopct= '%1.2f%%', shadow = True explode = (8.1, 8, 8),
radius = 1.6, startangle = 98);
plt.savefig( 'Proportion_edu_levels_among_PL.png', bbox_inches = 'tight");
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b A UKl e cildanall il

Proportion of Customers With Different Levels of Education
among Personal Loan Holders

Education Level 1

Education Level 3 (§

Education Level 2

3 oale (s5ie pgudl ¢ (padd g agadl ) GalAiY) e 737.9 5 742.7 -
LMl e 2 (gginas

Gl palaill a addl) Al ml dawdll w3yall - Education J) el dawills -
- el (e Gl JBN GLgical) agaal

- D i 2 33 . Education juanel diagioal) sl -

: Family
: Family a8 cile gana o Personal Loan i ahg v Lo

series fam = exp df[exp df['Personal Loan'] == 1]['Family’].value counts()
series fam

p S e il S

4 134
3 133
1 107
2 106
Name: Family, dtype: int64
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Al 5 Jaee 134 annae (€ 54 (e aaabil dlae) 6 (Al Dlaall il Q) duall )
5107 apdlae) cil€ 52 51 arabil sae GIS il 25, 133 aaaae S 53 avalil axe gls
. sl e 106

-

: Education a8 cile gana g (sl g il ol (pdl) ad auygs ayain OY)

series_famm = exp_df[exp_df[ 'Personal Loan'] == @][ 'Family"].value_counts()
series_famm

p S e cilayiall S

1 1365
2 1190
4 1088
3 877
Name: Family, dtype: int64

D34 S22 81 Al 2 aae OIS Gl (g Al S Y Al o)
pselall Jagel Ll Al injas o gbias (Y

p A UKl e cildasall culS

Distribution of "Personal Loan" Values
among Groups of "Family” Values
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series_fam_3 = exp_df[exp_df['Family'] == 3]['Personal Loan'].value_counts()
series_fam_4 = exp_df[exp_df[ Family'] == 4]['Personal Loan'].value_counts()

labels = ['NO Personal Loan', 'Personal Loan']

fig, (axl1, ax2) = plt.subplots(1,2, figsize = (12,6),subplot_kw=dict{aspect="equal™))
fig.suptitle('Proportion of Customers Who Have Personal Loan and Who Don\’'t,

among Different Family Sizes®, fontsize = 16, y = 1.1, x = 8.51);

axl.pie(series_fam_3, labels = labels, autopct= "%1.1f%%', shadow = True,explode = (8, 8.1), radius = 1.25, startangle = 98)
axl.set_title('Family Size 3',fontsize = 14, y = 1.1)

ax2.pie(series_fam_4, labels = labels, autopct= "%1.1f%%', shadow = True,explode = (8, 8.1), radius = 1.25, startangle = 98)
ax2.set_title( 'Family Size 4°, fontsize = 14, y = 1.1);

plt.savefig( 'Proportion_of PL_among family levels.png', bbox_inches = 'tight');

s Jal JSal) e cila il culs
Proportion of Customers Who Have Personal Loan and Who Don't, among Different Family Sizes
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plt.axis('equal’)
plt.title('Proportion of Customers With Different Family Sizes \n among Personal Loan Holders', \
fontsize = 14, y = 1.3)
labels = ["Family 2'," Family 1", 'Family 3', 'Family 4']
plt.pie(series_fam.sort_values(ascending = True), labels = labels, \
autopct= "%1.2f%%', shadow = True, explode = (8.1, 8.1, ©.1,8.15), radius = 1.6, startangle = 98);
plt.savefig( 'Proportion_family_size among_PL.png', bbox_inches = "tight');
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Proportion of Customers With Different Family Sizes
among Personal Loan Holders

Family 2
Family 4

Family 1

= Family 3

o3 54 SBle aas agl cadd g agal ol (aladY) (50 127.7 5727.9 -
sl

Ol paladl) a addl) Al al dawdyl) m3yall - Education sial Ll -
4 53 bl aas gl

G pgadl ) paladl) daw o Cus ¢ 4 53 s Education i disgied) aill -

J13.2 -3 §)4-&\ e&@&r—ﬁ)ﬂ P ‘:s_;a;.&

: CCAvg
: CCAVQ o Cile geas (yn Personal Loan 8 ag b Led

series cca = exp df[exp df['Personal Loan'] == 1]['CCAvg'].value counts()
series cca.describe()

p S e il S
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count  95.000000

mean 5.052632

std 3.349717

min 1.000000

25% 2.000000

50% 5.000000

75% 7.000000

max 19.000000

Name: CCAvg, dtype: float64

D el gl Wil w3l iayen o ghin

width = 1.5

series _cca.plot.hist(bins = np.arange(series_cca.min(), series_cca.max() + width, width ), figsize = (8,8))
plt.xlabel( 'CCAvg")

plt.title( 'Distribution of "CCAvg" values among "Personal Loan” holders', fontsize = 14, y = 1.85);
plt.savefig( 'Distrib_ccavg_among_PL.png', bbox_inches = "tight")

s A JKal e cildasall culS

Distribution of "CCAvg" values among "Personal Loan™ holders
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Lglgl @y 5 Ahagiuse Clegana 4 CCAVG (4o (iic gana Jgl )

. :3 < (::(:IQ\\/SJ < (5 : LsAjfj\ ;is;Jyaqa.nj\ -
.0 < CCAvg <3 : iulll degead -

: Income
: Income i cile gana o Personal Loan aud auys Ay Lasd

series_inc = exp_df[exp_df['Personal Loan'] == 1]['Income’].value_counts()
series _inc.describe()

P dal dsal e Gldasal) i<

count  102.000000
mean 4.705882
std 2.723525
min 1.000000
25% 2.000000
50% 4.000000
75% 7.000000
max 11.000000

Name: Income, dtype: float64

P el Jagetd Loy ) iayoy o siins

width = 1.5

series_inc.plet.hist(bins = np.arange(series_inc.min(), series_inc.max() + width, width ), figsize = (8,8))
plt.xlabel( Income"}

plt.title( 'Distribution of "Income" values among "Personal Loan” holders', fontsize = 14, y = 1.85);
plt.savefig( 'Distrib_incoms_among_PL.png", bbox_inches = "tight")
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Distribution of "Income” values among "Personal Loan" holders
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el el e gia Al bl sacli 3l e sl 3l
CD Account = (0,1
Education = 2,3
Family = 3,4
CCAvg=0to6
Income = 101 to 200

Perfect = df[(df["Perscnal Loan'] == B8) &)\
{df['CD Account'] »= 8) &\
(df[ "Education’] »= 2) &\
{(df['Family'] >= 3)&\
(df['CCAvg'] »= B)&\
(df['CCavg'] <= B)&\
(df['Income’] >=188)&"\
(df[ "Income’] <=288) ]

Parfect.shape[@]

p S e cbball S

58

csag sl ehal eV Ll sl Juee 58 Ll (4l

: (Classification) izl

dﬁ)ﬂ Z\AJAAM lavadll O 2\_1)&&3\ 9 E.Jj_;j,d\ &"_11_113.\” ‘_AL ;.Q:um:iﬂ Q\.}A‘)‘)ba 4 ée.\k:l ?3:""“
D e lsn Gl fe s Gl 8 Al cSleall CiteacS soldiel 2 Ciias Jomdl |

. Decision Tree gl 52 -

. Naive Bayes yL ali -
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. Random Forest ai)gdall cblad)
. KNN (K — Nearest Neighbor) < ay! lall
: Decision Tree _))all §a.d
ehd Alee o 55 A eadd) il Jads Aie , Gite ) Al Jeal o gt )
Py ahl) usiall aiags ashin e g, Wl Lgiynas W ) 5 Gl
¥ = my _data[['Family', 'Education', 'CCAvg', "CDAccount’', 'Income’]].values

y = my_data["PersonallLoan"]

paldl Ayl i) acdics (N
Geal 00 W70 s G5 5 Lo )il La))lead) ag@il Y (o aud 5 X (e anid
. Al

JSE 5 A8a) dans ddpea 5 lgle LAAN elal daa) loal) ol Y (e aud 5 X (e pud
- AlleaY) Al e 38WY %30

X_trainset, X_testset, y_trainset, y testset = train_test split(X, y, test size=8.3, random_state=3)
Pl Baky agiw (V) 4

drugTree = DecisionTreeClassifier(criterion="entropy™, max_depth = 4)
drugTree # it shows the default parameters

from sklearn import metrics
import matplotlib.pypleot as plt
print({"DecisionTrees's Accuracy: ", metrics.accuracy score(y testset, prediree))

s UKl e cila il culS

DecisionTrees's Accuracy: 0.978

. %97.8 . Decision Tree Ciiadl 2l Accuracy J) duws o) gl
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: Naive bayes L Ul
P a))lead) Gakdy ot

naive_model = GaussianNB()
naive model . fit(X_trainset, y_trainset)

prediction = naive_model.predict(X_testset)
print{“Naive Bayes's Accuracy: " , nalve_model.score(X_testset, y_testset))

s UKl e cila il clS

Naive Bayes's Accuracy: (0.8953333333333333
. %89.5 . Naive bayes caiadll sal Accuracy J 4w () L”gi

:  Random Forest Classifier i|séal) cillad)
P daay)lead) Gukiy ot

randomforest_model RandomForestClassifier (max_depth=2, random_state=8)

randomforest_model.fit(train_set, train_labels)

predicted_random=randomforest_model.predict(test_set)
print{“Random Forest's Accuracy: " ,randomforest_model.score(test_set,test_labels))

s UKl e cila il culS

Random Forest's Accuracy: 0.904

. %90.4 .~ Random Forest Cavadll sal Accuracy JI 4w ol L"gi

: KNN (K — Nearest Neighbour) <& Ll

knn = KMeighborsClassifier(n_neighbors= 21 , welights = ‘uniform', metric='euclidean')
knn.fit(X_Train, ¥_Train)

predicted = knn.predict(X Test)

from sklearn.metrics import accuracy_score

print("KNN's Accuracy: ",accuracy_score(Y_Test, predicted))

bl (S8 e cula i) clS

KNN's Accuracy: 0.9159439626417611
. %91.5 » KNN K-Nearest Neighbor Ciiadll sal Accuracy Jl duus of

73



DDA By Civan (o) ) dadiiesall A )Y ) ciliiadl) il o 45kl DA e
OkaaY adde slae¥) g Julb 5, gAY Glivadll (e Jail sa (Decision Tree)
c ol ehdl ALlE 5KV Sl

74



p Sluagdl g gl
i
Jladl) HLaa¥) alaif yaal Jueall Gailiadd sglady sshad Unsss Slat L il
" and () s e eyl Sl bl agal Gl laall (e due il de ganall
(3l clghaal) La L elildl e
e Adan L)l e (S OIS elsu Byde  ABY) (ailadll aaes (o LS -
N ol gl
il Tagiall e el Laliy) 898 gl Lasy pailiad ek Liday -
Ll 868 il lgie IS & mild Ao Jgeandly Lol (ailiadl) dolay Liad -
Lllaa) el agadl e (ailady oDl (e dac 8 degana (0S8 Ul 22l -
o 5 Ll As pall W) 13, Tas Jul8 saedl IS ¢ Laad) ggud L oziia) o]l
. Gldiadl el
Civae =2 . LAl Bad Chiae =1 1 Chpieal ilia)ylsd daoy sliy Liad -
) b Caias =4 L V) el Cias =3 L ddlgdall L)
Aes L) Osun cpmg A Dlae ) ddgiuall Dlae digad go il Caaa -
Shasiall G Al Jon Dlaslan ) dalag agd ¢ o ey Suda daliged
C Al o3 b il e lsd al aladiad & L cllall sl

Ll il e el lad) liSag 88y el anam LAl sad duapled of -

75



: Giluagll)

EDaall 8yla) o i Joaall Lald Lucs 4L bl e dufyall coypsidl o
calie S0 08 Jaeal) e Gilagleal Jguagll gl 40 g0l

Gl ahadinl 5aS e bd) da) e 4l 5 dieall Qlalal Gawal) 50l @
- bl & cugil)

5 aill bl e 15 B paes Ao bl & il Ll Hladaul e
Gy IS daaall ae IS 5 danlall 5 Adalal Lblee Jeus

Oine aad L] aae g clil) oLl aes e ciliball 8 cuinll cilas Guls e
5 lull Jals (goil) Llip¥) 5 dishll (gaall (Ao Chiae o 4l Wl (32190)
- Jrandl e alalss

OS5 () g eDlandl (1 lgale Jguanll cony Al bl 18) o5 Leie @
LB ¥ Al bl e paliall g 5uke Cilaglan  Joail rosia (S8 A 2
- libal) 8 cuinll clbai DA e L JaY plaaany) S S

SV 4 eDlaall slae) 83l pe 5538 S dushall sale s maats UM L 8 (IS Slaall 232 @
- bl e e aaal iy bl 8 el

- Siiss Cplainall Dlealls sull Hhal a7 dgai dlaic) o

76



D aaal

Ay Sll Gldaed) & gl Gl aladial , 2020, cenad) aBU deas o

- 5ylaall Agell )

Lalail Calasany bl e el s, 2017, ehlad) o) aau goall @

gl Al yall OO analSY) Jaanl 5

- OO (giue Jalail Apardail) Cilisgall cilily & il , 2016, las dle o

2021 ,cbbaadl) & cupnl) pladial dnejl) =3HAN s g se aenal, dgas g8 @

han, j., kamber, n., & pei, j. (2000). Data Mining concepts and
techniques.

Palace, B. (1996). Data Mining, Technology note prepared for
Management. UCLA.

https://www.javatpoint.com/machine-learning
https://www.sciencedirect.com/topics/computer-science/decision-tree-
classifier

https://www.baianat.com/ar/articles/mine-gold-in-your-data
https://techzonee.com/

https://economistsarab.com/

77


https://www.javatpoint.com/machine-learning
https://www.sciencedirect.com/topics/computer-science/decision-tree-classifier
https://www.sciencedirect.com/topics/computer-science/decision-tree-classifier
https://www.baianat.com/ar/articles/mine-gold-in-your-data
https://techzonee.com/2022/03/%D9%85%D8%A7-%D9%87%D9%88-%D8%A7%D9%84%D8%AA%D9%86%D9%82%D9%8A%D8%A8-%D8%B9%D9%86-%D8%A7%D9%84%D8%A8%D9%8A%D8%A7%D9%86%D8%A7%D8%AA-%D8%A3%D9%88-data-mining%D8%9F/

