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ABSTRACT

At present of financial innovations, data scientists have used Artificial Intelligence (AI) to analyze big
data with Machine Learning (ML) for serve customers to more convenient and faster such as using Al to analyze
credit approval that acts on behalf of the financial officer or to analyze credit card emergency loan approval etc.
Due to limited access to and use of the data in Thailand. So the objective of this study was to study machine
learning in financial data and measure efficiency of 3 ML algorithms of the Credit Approval Analysis by using
German Credit data, from the UC Irvine Machine Learning Reposity, and using R Programming as a tool to create
Machine Learning.

The results showed that the KNN model had the most efficient, with Accuracy Score, Precision Score,
Recall and F1-Score as 99.33%, 99.03%, 100% and 99.51%, respectively, followed by Logistic Regression
simulated with Accuracy Score, Precision Score, Recall and F1-Score as 73.00%, 75.00%, 90.73% and 82.12%
respectively, whereas CART Model with Accuracy Score 69.00%, Precision Score 87.32%, Recall 72.76% and F1-
Score 79.38%.

Keywords: Credit Approval Analysis, Machine Learning, KNN (k-Nearest Neighbors), Accuracy Score, Precision

Score, Recall, F1-Score
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a A 9 9 v 2 ) Ao A v ¥ = Y o
W%Wim1auwiﬂ"lu1Wﬂaauuuu"lﬂ mmauawumﬂamumimg 3Jﬂ'lﬂ'J']1]l!1J§’]Ji’Ju’c;f\1 ANUUHIIABDININIG
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normalize data Wumsnlasuanaliiiilu o — 1 (Fonou TaeAs  normalization 3 la¥a187s Min — Max

. . = 3 ama A
Normalization: 53 Lﬂu’J’ﬁ‘VNWEmf:{ﬂ mu

auns 3.1

T

" max(z)—min(z)

r z—min(z)

3.1

Y = o ' =) o_ v ' 9
NNUUIITIIMIMa anuudsdsiu Llﬁ%lif]\iﬁ1ﬂ‘ﬂﬁ]Wﬂﬂnﬂﬂll‘ﬂu@ﬂ

9 v
AVUABUMT feature 1A o4 Low Variance Filter naenldne Telephone, Account Balance, Value

Savings/Stocks , Instalment percent, Duration in Current address , No of dependents , Concurrent

Credits , Most valuable available asset

Variable

Description

1 = approve ,

Creditability 0 = not approved

3=0-200 DM,

Account Balance

1 = no running account ,

2 =no balance or debit ,

4 > 200 Dm or checking for at least 1 year

2=<100,- DM,

Value Savings/Stocks 5=>=1000,- DM

1 = not available / no savings ,

3=100,- <= ... <500,-

4=500,- <= ... <1000,- DM,

DM,

1=>=35,
2=25<=..<35,
3=20<=...<25,

Instalment percent 4=<20

1 =<1 year,

Duration in Current address 4 =>=17 years

2=1<=..<4years,

3=4<=..<T7years,

2 = Car / Other ,

Most valuable available asset

1 = not available / no assets ,

3 = Savings contract with a building society / Life insurance ,
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4 = Ownership of house or land

1 = at other banks ,
2 = at department store or mail order house ,

Concurrent Credits 3 = no further running credits

1 =3 and more ,

No of dependents 2=0to?2
1=no,
Telephone 2 =yes

v =3 ) . Y o 1 o =3 any [
5. @319M330UFUDYA(Train Data) Tag 1y dadau 70% Tumsmsadisnds ML uaag Tuaa
D) Yo 1 o A A ' ad
6. nAAoUYDYA (Test Data) Jasld¥dadiu 30% lunsmszliends ML uaaz Tuaalunioy

mmuamduiiondu 123

wa A

7 fFouiszaninmanuutudvesmsoydadu¥ons 3 uuUT1ae9928A1519 Confusion Matrix

an 1

o a o ] ° . . I
sazihmsAned Tumanadiamansiegnioluszilionds ML uaazd 190901319 confusion matrix 111A1519
A Y A o & o o v o o ' Y 9
e ldsziiunadnivesnsiauvesuusiae lasnadnivean1siueHavesmsileu feature 19111
IWOMINIT NS UINIOYNTATUIFOYARADIN feature creditability 7 label 13187 mwmsiSouives ML nuy
F
Supervised Learning #30m3iseuiuvuiifdaon TaoliA191n Confusion Matrix @9a 11/1ife Accuracy Score,

Precision Score, Recall, F1-score

1 2
= @

@ U I (3 v o o o
Accuracy Score ﬁaﬁﬂmmﬂmwummmgﬂ@m ﬁi’) UIUNMUIYYN/ATUIUTNHNA AN
auMms 3.2

Correct Predictions _ TP+ TN
All Predictions ~ TP +TN + FP + FN

Accuracy =

(3.2)
1 o o o .. o I '
Precision Score ﬁammuuuﬂwmwamma%zﬁu% Wﬁ‘i’l”IuWﬁ?ii‘JPredlctlonﬂ Mwrauilumm

AAAIUN % MNANMST 3.3

True Positives
Precision =  True Positives+ False Positives

(3.3)

v ]
a2 A =< =

o o a o Jdo A g a v ' ' y
Recall ﬁi‘) NITINATANVLUNUYIDNUATT U “Vlﬁuslﬁ]WﬁﬁW’ﬁﬂﬂﬁLﬂuﬂlﬂﬂ%ﬁﬂﬂ’Jﬂ LYY NBQ’JWIMW]QUN

egnABIn % WeMenAunUYeIIs MuaNmMs 3.4

True Positives
Recall = True Positives+False Negatives
(3.4)

F1-Score Ao Anuaadlszansnm Iaen131181 Precision tag Recall MIAUIMNIAURAY HID

{39091 Harmonic Mean 471499991 Model 11/55@n5n1ma amanms 3.5

2 x (Precision x Recall)

F1 Score =

Precision + Recall
(3.5)
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a v
4. #aN13308

) 9. 3 A ' =

= v . ~ ) Y a g
ﬁ]1ﬂﬂ15ﬂﬂBWTﬂfﬂ"]ﬁHﬂ‘UﬂNﬁﬂ?lﬁ]gﬂ German Credit Tﬂﬂuﬂ?i!ﬂﬂﬂ]@yﬂgﬂﬂ?ﬁu%ﬂﬂaiJ‘WLN NUU

a U a

o 9 Ay v Y 9 A - ' Y 1 A o & ¥ o
uvmmayaw"lmmmmgnmwawagammmwmﬂ( Missing )ﬂaumqmﬁmaﬂ Feature mxﬂummmmi

1 g’/ o sy . .
ﬂsuama%’ayaiﬂﬂmsﬁw Data Normalization AounntumMsaenly Feature #e3T Low Variance Filter 910
v H '
VYUNDUNIT feature Iﬂfﬂ‘lsf} Low Variance Filter Feature ﬁlﬁﬂﬂi%ﬂﬁluﬂ Telephone, Account Balance, Value
Savings/Stocks , Instalment percent, Duration in Current address , No of dependents , Concurrent Credits , Most
valuable available asset HaZ¥IMSUUITATIU Train 70% 1Az Test 30% IATIHIU ML 1UU Supervised
Learning 3 model 1A KNN (k-Nearest Neighbors, Logistic Regression 18¢ CART Model tazinlszansnw
° Y] . LA ] ' o ' Vo
GIJEN!LU'UiHﬁ’ENTﬂEIGl‘]WHiN confusion matrix ‘Vlﬂigﬂ’ﬂllﬂ’f]ﬂ ATANNTNYNAD (Accuracy Score) AMANULUNUYT
1 9 v
(Precision  Score) mmmgﬂﬁawmmsﬁmwamzaumﬁm%mﬁfmmJﬁm’mﬂiwmm@mmfmwm
' a s a ' L. 9 = oo
(Recall) thazAURQYUUUIITUDUNTLHNIN Precision 148 Recall (F1-Score) llﬂWallﬁﬂﬂlﬂﬂﬂiuﬂ?"ﬂllmuEJ”I‘UE’N

mynasaneylaaureawaalugl 1.22

Comparative result of credit approval

Il Knn |l Logistic Regresstion [l CART Model
99.33% 99.03% 100.00% 99.51%

Accuracy Score Precision Score Recall F1-Score

90.73%

87.32%
| I I I

100.00%

5 00% 73:00%9 00%
50.00%
25.00%

0.00%

82.12%9.38%

72.76%

]
=

3 1 4.1 Comparative result of credit approval

lugd 4.1 naadl¥idiumn

o) Accuracy Score Tagiatlunlesidu KNN (k-Nearest Neighbors) 99.33% , Logistic Regression
73.00% 1az CART Model 69.00 % aua1al

f1 Precision Score Tagiaihulosidud KNN (k-Nearest Neighbors) 99.03% , Logistic Regression
75.00% Uaz CART Model 87.32 % ¢ua1ay

1 Recall Tagtaidun)osidud KNN (k-Nearest Neighbors) 100.00% , Logistic Regression 90.73%
uag CART Model 72.26% ¢ ud1al

A1 F1-Score lagailunlofidud KNN (k-Nearest Neighbors) 99.51% , Logistic Regression 82.12%

1az CART Model 79.38% A11a 101
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5. unagluazdorauenmy

]
=

HANIANBINDI HUUT1A09 KNN (k-Nearest Neighbors) Hisz@nsnmgeiga Taol Accuracy
Score, Precision Score, Recall Liag F1-Score Ao 99.33%, 99.03%, 100% LLag 99.51% MUEIAY 59929117 D
HUVIAD Logistic Regression Tagil Accuracy Score, Precision Score, Recall Lla¢ F1-Score Ao 73.00%,
75.00%, 90.73% uag 82.12% AUERY 1ag LUUI1a89 CART Model lagll Accuracy Score, Precision Score,
Recall 11a F1-Score A0 69.00%, 87.32%, 72.76% 11ag 79.38% AWa1AY

NUNANUIVE“Credit Approval Analysis” Taw Abiola Smith, Brendan Maher 18& Deepesh Khaneja
WU ML ﬁﬁmmgm'us]’mmﬁqﬂ 3 BUAVUIN A0 Classification and Regresstion Tree (CART) ,Logistic
Regression 1182 K-Nearest Neighbors Tag anaiiiesaufenfie accuracy score atiiosnindosiialunmsigia
waz19doyaluszmalny msidenld Data Set fiunldiiswazideauandraii uaznis fananiniadem
Taun Accuracy Score, Precision Score, Recall i8¢ F1-Score HAMIANEIIINANULANANNUIINVNANNITY
F10a11 Ao KNN - fiandwundiaesdumait KN iflunnuiaesiide mumnefudoyauunlszian

wa ' wa a ) Y

. g 1 A A < Yy A a 9 A ] v o
(nominal) (MUMIFU aumma‘lmgm varIome 1uau 3Jmiwfn15mmmmagmsﬂugmg%amqﬂ K a7

o

o A

= 3 o A3 o ¥ 3 o A ' ] A ) A 19 W
aunlusualumae 1o Gl,vrmumuﬂTﬂﬂms‘wmsmﬁzﬂzwstwanmaylaﬂau%ﬂmayamgiﬂa
g9 K indio
v ] o Y A A ax A a dqyq v A v
Yatauauuz lunmsairauuudiassdeuasnszileuIssomaian s lmvuizavuazine 14
° a a a A o I Y a Y A Y} o A Ao ' o
ISTSINRG RN Lﬂﬂ‘].]ﬁx?ﬁ’lﬁﬂ]WﬂﬂLLﬁ$u1blﬂ1ﬂimlﬂﬁliﬂ E]”Iﬁ]ﬂ’ENJJﬂWiGIﬁIﬂL‘]J‘ll‘lﬂﬂ@\i@uﬂwiﬂﬂﬂ’ﬂ 3 UUUID

o 1 y A Y1 Ao 9 A @ ° . A @ Y
ANNAT %Tﬂuulﬁﬂﬂi%ﬂ1ﬂﬂﬂﬁﬂﬂlﬂﬁlﬂha Wi@ﬂﬁﬂi‘ﬂgull'ﬂ‘ﬂﬂ?ﬁﬂﬂ(l\/lodel Tuning) waztwonau luns 19

q U

1 ]
A a =
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nuldrialueman wazlunsaiinamsaeuiuimnulyl (overfitting) 9199z W 581019 (split) 1T unate e
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