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ABSTRACT

According to the COVID-19 pandemic, Thailand’s economy was severely affected,
especially on the issue of labor market. The cash shortage situation has widely expanded due to
the declines in income. Consequently, the significantly increasing number of university
employees have applied for welfare loans. The loan officers have to put more effort to examine
more documents. The former research has shown that the important factors for loan approval are
the credit history of loan applicants and surety's liability. This work attempts to propose a loan
welfare approval model by using machine learning techniques. The input features include several
properties of loan applicants and surety, especially their jobs status, financial data, and risk
scores. Experimental results showed that the highest accuracy of 97.50% can be obtained by
random forests technique. The most important factors are surety risk and employee salary of
applicant, and surety, respectively. Therefore, these factors are capable of formulating suitable

future loan policies.

Keywords: Approval of loan welfare, Classification, Prediction Machine learning
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Iﬂﬁli‘]ﬂiaﬂﬂﬁ Max-Min Normalization (I®NENT WEIIAANAI, 2557) VLN le"lcwauaa
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2 MINAUMVVIIA04 (Modeling)
2.1 madenmaiaaiuuuTIans (Select Modeling Technique)

[

Tuaeulumsidenmaiiafiminzaususzanvesadesita nsudly
Tamuazannsminnldon 1§13 aluaniselldise 18T mewann TumanS suien
ﬂ’J”IJJLLiJ‘L!EjW%I/QﬁJJﬂ 4 U1 A3 1) Naive Bayes algorithm 2) K-Nearest neighbor algorithm 3)
Support vector machines algorithm 118 4) Random Forest algorithm §1%5 U3 uUns2nnns
Wunenamseysiavse lieytiamsvediuaiaanis

2.2 MITFNVUMINAADL (Generate Test Design)
AoUNTA3 1N UTIA099ZADITINITNATOUAINYNADIVDI THIAA 13U

o [ a Y [ 9 Aq Y o A 9 v &
mﬂmzmjmmwﬂwammﬁl%ﬁlummmmmwmaweyaﬂﬁvﬁlumimmummaya ANUU DT

~ ) o oA 9 q Y
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¥ o & a . ) Aq ¥ a ¥
ﬁ'i%‘]LLUU%Ta@ﬂ!W@ﬂﬁ%!NUﬂﬂ!ﬂWW (Training Set) uaxifﬂ%gaﬂmm%ﬂ (Test Set) AULLH

La’E]‘L!E]QWﬂll 2562 ﬁﬂ‘Wi]‘Hﬂ"lﬂ?J 2564 11U 5,870 31¥N13

2.3 MIAF1WUUT1a949 (Build Model)
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vogRuaiaamsaremaialude 2.1 TumsWwauszuudamanisinszHozuaainis

] 1 I 1 { [ v ) o .
nisngqugnmeemilu 2 UszinAonquidn 145 un150us@ (Training Set) d115UN5 Train

Q

o—

$119U 3,305 319013 1A (Test Set) SMTUNATOUTIUIY 804 519m15 nguEnN 1 1A5uNS
BYNA (Training Set) F11TVUNI3 Train 9IUIY 1,429 318015 14ag (Test Set) AMTUNATOU
UIU 332 519015

2.4 M5UssuUUIa09 (Assess Model)

v = a 7 A ° A v A

PUNANANISAUATIZHIA TuA Taun1sdszmuuuudiasuiie Myulaniany

] d' A ] v A o (% g‘; 1 a 4 a
Uurede tazri eI gIumMsaaduly vazmmsdsvlyainsammnimesuazilsziiiupa
] A < R A A gJa Aa sy o

wnezeu lantlusduvvvesTumadnaga Tasldisnisinszvdoyanaz ia
Us2ANTAINAY 4 A1 A AINUTEAN (Recall) AIAIIULNUET (Precision) AR AYUD I

Precision 8% Recall (F1 Score) uaxﬂ'wmmgﬂﬁm (Accuracy)

HaN13)08

1. wam3iadszansmmanugniesvesluaa
v a A 1 a ax 4
nnramsinlsz@nsamanugndesved Tumanudn matindsusuaenvledisa

H Y
(Random Forest) NANNUNUIIGINGA (Accuracy) 0.9956 TANNANTINUILAIL
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o a J
1) wamsvinnelasldmatinisusuaeunesisa (Random Forest)

Confusion Matrix for Random Forest Model
- 1400

> ;
© - 1200
©
=
(@]
< - 1000
]
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2
o
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>
©
-9‘ 400
o
<
o fs
- 200
P
Approve Not Approve
= . .
NN 2 715719 Random Forest Confusion matrix
Random Forest Model - Classification Report
precision recall fl-score support
1 1.00 1.00 1.0 1422
5} 9.96 0.99 0.98 189
accuracy 0.99 1611
macro avg 0.98 0.99 0.99 1611
weighted avg .99 .99 8.99 1611

MNN 3 91519 Random Forest Classification matrix

a J Y o 9J a as 4
1NN AAIIEveya wanisiimelagldmatiaisusuaeunedsa
(Random Forest) 9oyatazialsz@nnimaie 4 A1 Ao A1A1INTZAN (Recall) AI1AINILIUEG
(Precision) ANNABV Precision 1182 Recall (F1 Score) 11AZAIAIINGNADY (Accuracy) 1aeiisne

a o <
1DYAAINITIIN 3
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d’ a a a  ax 14
M1319N 3 Useansmmves Tumamaiaisusuaouosise (Random Forest)

LYY

eirl9] Precision Recall F1-score Accuracy

Random Forest | 0.98 0.99 0.99 0.99

2. ﬁ1ﬂﬁ1ﬂ!ﬂai’)1ﬂuﬂ]iﬂi%ﬂ1ﬂ!ﬂ1iﬁ1ﬂﬁﬂ

nnmsialszaninmangalunisimiueniseyddenaisvedduaiaanis
a [ 1 a A J 1 (] o {
UMINGNAGNVIUNATAITUIUADUNWO T3 a (Random Forest) WUMANUUUUIIGIZAN 99.56
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1. NSLNA False Positives (FP), Type I Error = 2 Lﬁawmmqqmwﬁ’ﬂqm

'o 1 = 1 9)901 [ ] =

(WorkAge) ¢1n71 3 U u@01g91u@A1) 527 (SuretyWorkAge) 101313 1)
2. N3N A False Negatives (FN), Type I Error = 7 1499910018914 Wi N 311

p 1 9ol % 1 =}
(WorkAge) 91021 3 gl uazmqqmé}mﬂizﬂu (SuretyWorkAge) Yesni1 39

(Y] A A d
3. 4UIMINSana Rule ﬂ]ﬂ!ﬂﬂuﬂﬁ%!!ﬁuﬂﬂuwﬂiﬁﬁ (Random Forest)

L8 4 —E

Train set Random

Random forest Construct
forest Model

prediction resule Decision tree
Model

Rules

1 % a as 4
ﬂ1Wﬁ 4 LUINNNITANA Rule NnadaIsusUaNoSIS e (Random Forest)

a dy d‘ wvAa ya
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G Y

<=3.63 [31/34*100=91.17%)]
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Naive Bayes kNN SV Random Forest
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2. ﬂﬂﬁ’aﬁﬁmmﬁﬁm (Feature importance)
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ERETRET)

o J a Y a . %’
aRI1EIUNUIAOU Iéjli;] A9 INNY (LoanAmount/Period)/EmployeeSalary Feature 8 818911 lﬁlﬂ 1

e

155U (Surety Age) Feature 10803 1d 2w i3uidoudaidszduaeaaiug
(SuretySalary/LoanAmount) Feature 11m1m?{&wm;§'ﬂf (LoanAmount/Period)/EmployeeSalary
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a d v H
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