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Technology

Facebook, Xiaomi Eye India’s $1 Trillion
Digital Loan Market

By Suvashree Ghosh
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Kaggle2/ ‘Loan Prediction Based on Customer Behavior TlO/EIE AlL FH220/5H £/&/=

a=




EEEER

@, python’
= eclipse
ﬁlpandas
ﬁ 2 NumPy

matpltlib

TensorFlow ‘
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" Loan Prediction Based on Customer Behavior’ - .-

oo Lo L sl L e

income AH|X[| AS S ESE

age 2H[Xte| 17 Sk int
experience HA| Mdtel dy 2= X8 int
profession EAGUH 2]->1571 ZUEF RS string
married Z20iR(ZE/n12) ST string
house_ownership FEHA Q0B (AQ/HE/SC OFL) CIESY string
car_ownership i A8 0jE(2!2/912) x5 string
Current jobyears =257|2t ES ] int
Current house years X XM A 7| ZH ESE int
City F7 X[A(ZA)) FIEST string
state F X|A=F) e string
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A M abel(risk_flag)®} feature ZH AFEHRE| S

Experience 0.034523
Bhubaneswar  0.030400
rented 0.026647
Kochi 0.024464
Car_Ownership 0.024036
owned 0.023499 v 2|thzx0] 0.03¢21 o= KOt

Madhya_Pradesh 0.023271 -
Gwalior 0.022567 2 E Hof label 2H

v A9l 1571at =&

Age 0.021809 _
Married/Single 0.021092 A2HEA| 7L 7{2] giCta mHEE

Buxar[37] 0.02068%

Barasat 0.020651
Kerala 0.020617
Satna 0.020009
Sikar 0.019850




2-2. H|o|E| =% | 7|=S

v’ Feature 1174 A2}

v' RandomForest MR EO| Q4 57|E Fe{A| <0 £IX]|

(ASSE-IY-AH-287|7h-71F7|2)

<EF> |
Label
(Risk_Flag)

ZETEL
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HIO|E

Id Income Age Experience Married/Single House Ownership Car Ownership
@ 1 1383334 23 3 single rented no
i 1 2 7574516 48 18 single rented no
1. id(oto|C|) g
2 3 3991815 66 4 married rented no
2. income(&5
oiaq Profession CITY STATE CURRENT_JOB YRS
3. age(l_:lo) @ Mechanical_engineer Rewa Madhya Pradesh 3
. &l AbOiL 7421 B 1T 1 Software_ Developer  Parbhani Maharashtra 9
4. experlence(dxil '—I-E'E o= =X) 2 Technical writer Alappuzha Kerala 4
5. profession(%{¢
P _ (__' &) CURRENT HOUSE_YRS Risk Flag
6. married(EZ=85 0 13 0
. 1 13 a
7. house_ownership(&! 28 5 1o 5
8. car_ownership(X} &8
9. risk _flag (CH= SIS E)

10. currentjobyears(2%7|Zh)
11. currenthouseyears(7{37|7Hh
12. city(£A])

13. state(F)
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= NERE

<class '‘pandas.core.frame.DataFrame">
Rangelndex: 252000 entries, O to
251999

Data columns (total 13 columns)

married(ZE82)
house_ownership(&! 28
car_ownership(X} &8
profession(Z!ld)
city(IEA])

state(F)

© oK N U A

> Object type B4 67} &tol

<class 'pandas.core.frame.DataFrame’:>
RangeIndex: 252888 entries, @ to 251999
Data columns (total 13 columns):
Non-Null Count

#

[ I S I T W Y " Wy S T S s T

18
11
12

Column

Id
Income
Age

Experience
Married/Single
House Ownership
Car_Ownership
Professicn

CITY
STATE

CURRENT _JOB_¥R5
CURRENT HOUSE YRS
Risk Flag

252888
252008
252888
252008
252888
252088
252888
252888
252888
252888
252008
252888
252088

dtypes: inte4(7), object(s)

MEMory Usage:

25.8+ MB

non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
non-null
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. = = Income Age Experience Married/Single House Ownership Car Ownership
1. Uniquegt+A2 NaNZt 212 =tol _ _
. — 8 1383834 23 3 a rented a
2. id?l-E-I X7 1 7574516 48 1@ a rented a
El:.| 117 ) 2 3991815 66 4 1 rented 8
3. married(B=/5)
g g - Profession CITY STATE CURRENT JOB YRS
] (I | 1 - 7'. _ _
[Slngle married ] > 0,1k EHX‘II 8@ Mechanical engineer Rewa Madhya Pradesh 3
4. car OWI"IEI’Ship(iI‘ _JI\__IC_I>_ 1 Software Developer  Parbhani Maharashtra 9
) B 2 Technical writer Alappuzha Kerala 4

['no’ 'yes']-> 0,12} CHA]|

CURRENT HOUSE_YRS Risk Flag
B 13 B
1 13 )
2 160 )
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- 2pgolal

Bis unique()&tol

data la = data[[ 'House Ownership’, 'Profession’, 'CITY', 'STATE']]

in_ X2 data_la.loc[:, 'House_Ownership'] = LabelEncoder().fit_transform{data_la[ 'House Ownership'])
1' House—ownerShlp 3-5-"- data la.loc[:, 'Profession’'] = LabelEncoder().fit transform{data_ la[ 'Profession’])

' e L ' data:la.lnc[:: CITY'] = LabelEncoder().fit_transform{data_la[ 'cIT¥'])
[rented norent—noown Owned] data_la.loc[:, 'STATE'] = LabelEncoder().fTit_transform{data_la[ 'STATE'])

2. Profession - 515%

Income Age Experience Married/Single Car Ownership CURRENT_JOB YRS

3. CITY - 3175 % @ 1383834 23 3 8 8 3
1 7574516 4@ 18 B B 9

==
4. STATE - 295 2 3991815 66 4 1 2 4

CURRENT_HOUSE_YRS Risk Flag House_Ownership Profession CITY STATE

datalLabel.shape : (252000, 12) 8 13 8 2 33 251 13

1 13 @ 2 43 227 14
2 18 ] 2 47 8 12
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o
s
o
f
oo

1. House_Ownership - 3&5&
2. Profession - 5155
3.CITY - 317& &

4. STATE - 295 %

dataOneHot.shape : (252000, 408):
S51(& ) +317(A)+29(F)+3(E0{5)+13
(Rl284)-5(1D, House, Prof, CITY,
STATE)

housenames=sorted(data[ 'House Ownership'].unique())

data x1 = pd.DataFrame({OneHotEncoder().fit transform(
data x[ 'House Ownership'].values[:, np.newaxis]).toarray(),\
columns=housenames, index = data x.index)

data x = pd.concat([data_x, data x1], axis = 1)

Income Age Experience Married/Single Car Ownership CURRENT_JOB YRS
1383834 23 3 a a 3

CURRENT HOUSE YRS Risk Flag norent nocown owned rented Y\
13 a a.a a.a 1.a

Air traffic_controller Analyst Architpct Army officer Artist Aviator
a.a a.a a.a a.a a.a a.a

Biomedical Engineer Chartered Accountant Chef Chemical engineer 3
a.e e.e @.e a.e

Civil engineer Civil servant Comedian Computer_ hardware_engineer
a.a a.a a.a a.a




2-3. H|O|E{ =& | H|O|E{ Fx{z]

Profession
5158 -> 15552 Mz

datalLabel_pro.shape : (252000, 12)
> MAAH | abelQl TS El H|O]E]

dataOneHot_pro.shape:(252000, 372)
> Meixt¥ OneHot2l AL Sl O|O|E

data tt[ 'Profession’] = data tt[ ‘Profession’].replace([23,15,7], 'Business and Financigl Operations Occupations')

[ [ ] (I

data tt[ 'Profession’] = data_tt[ 'Profession’].replace([47,42,11], 'Office and Administrative Support Occupations’)

data tt[ 'Profession’] = data tt[ 'Profession’].replace([36,17,29,33,10,2,9,18,46,19,48,21,49,6], 'Architecture and Engineering Occupations')

data tt[ 'Profession’] = data_tt[ 'Profession’].replace([34,26,1,40,44,41,20], 'Life, Physical, and Social Science Occupations')

data tt[ 'Profession’] = data tt[ 'Profession’].replace([43,13,14], 'Computer and Mathematical Occupations’)

data tt['Profession’] = data tt[ 'Profession’].replace(31, 'Education, Training, and Library Occupations')

data_tt[ Profession’] = data_tt[ 'Profession’].replace([32,38,39], 'legal Occupations’)

data tt[ 'Profession’] = data tt[ 'Profession’].replace(3, 'Military Specific Occupations’')

data tt[ 'Profession’] = data_tt[ 'Profession'].replace([16,45,37), 'Healthcare Practitioners and Technical Occupations')

data tt[ 'Profession’] = data tt[ 'Profession’].replace([12,22,27,58,4], 'Arts, Design, Entertainment, Sports, and Media Occupations’)

data tt[ 'Profession’] = data tt[ 'Profession’].replace(28, 'Personal Care and Service Occupations')

data tt[ 'Profession’] = data_tt[ 'Profession’].replace(s,
[ [ ] ([0
[ [ ] (3
[ [ ] (I

'Food Preparation and Serving Related Occupations')
.replace([@,5, 25] Transportation and Material Moving Occupations')
.replace(35, 'Management Occupations')

.replace([24,38], 'Protective Service Occupations’)

data tt[ 'Profession’] = data tt[ ‘Profession
data tt[ 'Profession’] = data_tt[ 'Profession
data tt[ 'Profession’] = data tt[ ‘Profession
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£|E Exc| Cl|o]E

Income Age Experience Married/5ingle Car_Ownership CURRENT_JOB_YRS 1\

datalLabel : (252000 12) 1383834 23 3 @ @ 3
> Label®lZ &=l 0|O|E] CURRENT_HOUSE_ YRS Risk Flag House Ownership CITY STATE
33

13 ] 2 251 13

Income Age Experience Married/Single Car Ownership CURRENT_JOB YRS
13@3834 23 3 ] @ 3

CURRENT_HOUSE_YRS Risk Flag norent_noown owned rented W\

dataOneHot : (252000, 408) T3 e 6o 6.0 1o
> OneHot?lAE!=l H|O|E]

ir_traffic_controller Analyst Architect Army_officer Artist Aviator
8.8 8.8 a.8 .8 a.e 8.8

Income Age Experience Married/Single Car_Ownership CURRENT_JOB_YRS %
1383834 23 3 a & 3

datalLabel_pro : (252000, 12)
> Ateisadd | JbelQlA SISl Cf|O|E

CURRENT _HOUSE_YRS Risk Flag House Ownership | Profession | CITY STATE
13 & 2 & 251 13

Income Age Experience Married/Single Car Ownership CURRENT_JOB_YRS
1383834 23 3 @ & 3

CURRENT_HOUSE_YRS Risk_Flag norent_nocown owned rented
13 a a.a a.e l.@e

dataOneHot_pro : (252000, 372)
Architecture and Engineering Occupations
> Ateiat# OneHot QA El C|O|E Lo

Arts, Design, Entertainment, Sports, and Media Occupations

a.e
e e e e e e e e e e e e e e e e e
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LogisticRegression
KNN

SVM

MLP

NaiveBayes
DecisionTree
Randomforest
XGBClassifier
LGBMClassifier

Tensor

i
=

87.65 %
90.06 %
87.65 %
89.33 %
87.65 %
87.80 %
93.71 %

91.38 %

90.41 %
87.73 %

Mste (Test)

87.81 %
89.41 %
87.80 %
88.96 %
87.81 %
87.71 %
90.06 %
89.83 %
89.59 %
87.60 %

xX X X X X X X X X X
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ool GridSearchCVe| GridSearchCVe| Cross Validation 0|
Z|H mi2to|E Z|n Fste Ya "l

LogisticRegression 87.81% ‘C': 0.01 87.81% 87.70 %
KNN 89.41% 'n_neighbors’: 15 89.41% 89.41%
SVM 87.80 % 'C': 0.01 87.80% 87.80 %
MLP 88.82 % ‘hidden_layer _sizes™ 4, 88.96 % 88.15%
'learning_rate_init: 0.1
NaiveBayes 87.81 % X X 87.70 %
DecisionTree 87.71% X X 87.711%
Randomforest 90.06 % ‘n_estimators’: 500 90.06% 90.06 %
XGBClassifier 88.25 % 'max_depth’: 10, 89.83 % 89.69 %
‘n_estimators’: 300

LGBMClassifier 87.94 % 89.59 % 89.83 %

Tensor 87.60 % X X 87.60 %
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RandomForest

True Positive Rate (Positive label: 1)

1.0

0.8

0.6 1

0.4

0.2

0.0 —— RandomForestClassifier (AUC = 0.94)

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False Paositive Rate (Positive label: 1)

[onehot ver, AFiZ

0|Z8, 2Y/EAF 23]
HMslir 1 90.06 %

& 4475600, L5 4:7870
confusion_matrix:

[63123 3215]

[ 4297 4965]

True Positive Rate (Positive label: 1)

1.0

0.8

0.6

0.4

0.0 —— RandomForestClassifier (AUC = 0.94)

0.2 0.4 0.6 0.8 1.0

False Positive Rate (Positive label: 1)

0.0

[simple ver, Aiat s ZlQ/5 Al/FE XN|Q|]

HMElE 1 90.01 %

& M£:75600, 5 4:7797
confusion_matrix:

[63067 3271]

[ 4281 4981]
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LGBM Classifier

True Positive Rate

1.0 1

0.8

o
o

o
'S

0.2 1

0.0 - —— LGBMClassifier (AUC = 0.90)

0.4 0.6 0.8 1.0

False Positive Rate

0.0 0.2

True Positive Rate

1.0

0.8 4

0.6 4

0.4 1

0.2 1

0.0 - —— LGBMClassifier (AUC = 0.91)

0.4 0.6 0.8 1.0

False Positive Rate

0.0 0.2

[onehot ver,

AAZ D|ES, ZG/EA/F E3]
XMslir 1 89.83 %

& 4475600, L5 4:7870
confusion_matrix:

[64412 1971]

[ 5899 3318]

[simple ver, st gt ZIQ/5 Al/F H|Q|]

HMelr : 89.81%

& M£:75600, 5 4:7797
confusion_matrix:

[64294 2089]

[ 5708 35009]
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ROC CURVE - Tensor

False Positive Rate

[onehot ver, Ai7 O

Mstr 1 87.60 %

| st xlod

£ 24275600, 2774:9368

confusion_matrix:
[66232 0]
[ 9368 0]

Tensor

True Positive Rate

ROC CURVE - Tensor

1.0 A

0.8 4

0.2

0.0 4

: : - - - :
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

[simple ver, st gt ZIQ/5 Al/F H|Q|]

HMelr : 87.60 %

& 4475600, 25 4:9368
confusion_matrix:

[66232 0]

[ 9368 0]
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