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ABSTRACT

According to the COVID-19 pandemic, Thailand’s economy was severely impacted
especially on the labor market. The cash shortage situation spread widely due to the declines in
income. Consequently, the significantly increasing numbers of university employees have applied for
welfare loans. The loan officers have to spend more effort to examine extra 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 proposes 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 show that the highest
accuracy of 97.50% can be obtained by using the 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.
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Lﬂ' A %
3.3.2. 5ol lumsiannszuy
1) Google Colab
< X g {

Google Colab 1111 TA59015910 Google Research Bailuan1niinasunly Jupyter W3

Fawao s aieayaiuiin Jupyter [M3WouTisunsu] esunazizon 1% Python [16] uaz
A A A A 9 ad =) U A 1
N300V IYANANA WA TY Python  tazsuITNNITFTEUFVOIUATOUYY Pandas, PyTorch,
A < I 2 o = = A
Tensorflow, Keras, Monk, OpenCV 1azdu ¢ luiuws1ises ayatiunnmsweuldsuniuae
S A 2 = o = = o Y

wadnsemesualsznnuilaluzluuuvedldsunsulssuanamdunamnsasutazsulag
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o 9 ' 3 ¥ a ] . 2 7 s o ' S A W
Whnnuvaslan lduusumesiiin Project Jupyter 1iuesAnsyonduas lotmugesanwauaz

@ Y o [ .

aduayulilatin Jupyter dmSumsdsgutanauunIdnou (Jupyter Available, 2021)

2) Microsoft SQL Server Management Studio

A A g9 a o D) A o o o o Y A o

1R300 19 1M IVIHITIANIFIUToYABIdUW YT (RDBMS) 1t lunisdanis
QAN WINNIE 1FU M3TANTFIUToYa MIaiaseIvd mamudeyaaieg Tuaisie ms
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D)

gn N Cross-Industry Standard Process for Data Mining (CRISP-DM) gauyuilu
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3.4.1 AU 19n1953509 (Business Understanding)
9 = v 9 .

34.2 mmmﬂmﬂmﬂmaga (Data Understanding)

3.4.3 Ma@soNtoya (Data Preparation)

3.4.4 MINAUIWVVTI09 (Modeling)

3.4.5 NINAFDVLLLIA04 (Evaluation)

3.4.6 M3thwuysiaed 1119 (Deployment)
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(2) Data Understanding Loan
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Prediction
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-

Required
more data

Select the best model

Yes

v
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Yes
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(6) Deployment
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H 9 ]
MNA 3.1 mumeumswmmuuuﬁi’wamgﬁaﬁmmmswu Nuga’mﬂmiwummﬂsumﬂ

UUADY CRISP-DM #1301: (Chapman et al, 2000)
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3.4.1 ﬂ’JmL"’IQJ}ﬂWIN‘.I;iﬁ% (Business Understanding)
o [ 4 a . . . .
1) mimﬁuﬂﬂﬁqﬂizﬁﬂﬂﬂNﬁiﬂﬂ (Determine Business Objective)
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U

[ Ad' d‘d J o [ J = =3 d' a 49!

Yoo Nnademimvuaiagilszasauaznamulniams soudadymluedaninadu ans
o a A ] v A 9 [ Y] A A = Y] Y a k4
s Nese lumsaaauladlesuny ioNazNaunwneIn Ut muielun1s s g v
9
oy

o o . . d
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3.42 anunlaveya (Data Understanding)
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. . Y a
1. Qualitative features: UDYALBIAWUNIN
1.1 Nominal Variable
1.1.1 MaritalStatus (9140 W) Uszaeuale Taa, ausea,nen
1.2 Ordinal Variable
1.2.1 PersonType (Usztnnwiinain) Yszneudie wiinauuniiness,
9 Y o
11319713, gna1asea

1.3 Binary Variable

Y Y @ = ° 1
1.3.1 Degree (szaumsany1) dsznouaie szaudlsaynnasvuliuazdini

USyane

v Y a 9
1.3.2 Gender (tW#) 152 NOUAEY AN, A8

o U

v ga o o

1.3.3 LoanApprove (0 1uzmM3oysiagian) Usznousie Tieyia, oy
1.3.4. JobLevel (Uszinnasaiu) Usznoudls a1oimns, aeatiudyu
2. Quantitative features: YoyaIFITU
2.1 Age (919)
2.2 WorkAge (818M135%11911)

9 Y

2.3 EmployeeSalary (RUPDURR)

Y
2.4 SuretySalary (Nmﬁ@ué’mﬂizﬂu)
Y
2.5 SuretyWorkAge (91g91UA52M1)

. o A d‘ Yya
2.6 Period (MUIUADUNNNU)

U

a Y.

2.7 LoanAmount (S1UIUNUD)
2.8 Children (11IUYAT)
o F o A ) 9 [ 9 AA A
3) M35d13529U8Ya (Explore  Data) MIAITUAUTOYAIINUUAIVDYANUNT O
IUAUINT (Visualization) 11aznAANTI1891 (Reporting  Techniques) 1o 1 iAanud1las

Y
ldsmsdrsndoya Taeliswazideadadiudoyaniae il
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Personal Loan Approval Percentage

Mot Approved

Approved

WA 3.2 Personal Loan Approval Percentage

Number of samples: 5870

Number of features: 15

Number of Target features: 1

Number of Approved Loan: 4734 (80.65%)
Number of Not Approved Loan: 1136 (19.35%)

Imbalance Ratio ~ 4:1

4 msmnﬁauﬂmmwmmﬂ’fam (Verify data quality)
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343 N3 m’%au%’ay‘a (Data Preparation)

1) m3faaentoya (Select Data)
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2) ﬁ1mma$mﬂ%’aya (Clean Data)
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3) Tnsaai1auayalnl (Construct Data)
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Y

[ o

3 A YA 9 9 A o A ! ) & )
malsznu UIUNUR mmmﬂmay’aummumﬂ@mﬂuclmiawmmwawmga ¥91lsEnovnIeY

= v

P
VoA @ ' VA A 19 ¥ a ' ' o Y v o & Yy =
ANY 1 ¥an (MAaNUUY) LUAZAINY 6 LW@llllblﬁlﬂﬂﬂfJuJLL@ﬂ@’]\‘iﬂi’JUﬂqiuﬁllm']sUﬂHaﬂ“ﬂuﬁﬂﬂu

o 1 9 Y 1 o = 1Y Y o . . .
M31lsurevesvoyaliedluussnagiu@edny Taglenannis Max-Min Normalization (19

a

£ o J v o 1 1 J : [ 1
Ans WsdAneT, 2557) sz 1w Iddoyaeglugieszyane o e 1 deamnsailSusemdeyala
. 4
aeaunsa (1)
. v—min,

V'= — (new _max, —new _min ) +new_min,
max, —min




20

4) M3smYoya (Integrate Data)
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I g 9 Y| Ao ] 2 A
Lﬂumuﬁeuiumimmqmeyammaﬂm@uﬁammmumuﬂ 2 ﬂaauumu"lﬂ NIV
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VoA A A [ [ o o A Y o A va Aa Y
Ny ) UNAINUINUANUTUNUTOU mMruaalsnaeInIsiIwIene ﬂ?ﬁﬂHNﬂLQuQ(Loan
Approve)

5) suuDvesYoYa (Format Data)
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WUNITY (Person  Type) Uszianareau Job  Level) 1WA (Gender) ADIUSNITOUNANNY
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9 =1 T, @ o 9 ] 1 a Y ya o
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lavimsiinn 4 Tade eaziBeagasiuiuasn i 1 1az510az0onquaulianens e 2

Gender

2 - = a2 - ' P s ¥ -
PersonType 3 1. MSKIRASIA2UDULADURNT 2. ﬂ'lSh"IOClS']aDUl\)UlOaUP‘JJFT'IUSan
Degree 2 na)UlBUQ naJUlY)Uﬂ“
’J‘ZEIi.i:i;tams ; gasdud  EmployeeSalary(E) J0SAUIN  SuretySalary(s)
chiideen 6 LoanAmount(L) LoanAmount(L)
Age 42
korkig A4 o - e ° = a3 -
ExnTavadtalamy 276 E 3. MSAMUDAUANUIAYVUDVWA 4, mSmujanWUlaEJ\)UEJ\J@mUS.ﬂu
LoanApprove 2
[Suretysalary 2884 S SasAudeu LoanAmount(L)/Period(P) aasfud LoanAmount(L)/Period(P)
SUretyWorkAge o EmployeeSalary(E) SuretySalary(S)
[Period ﬂ P
[Loanﬁmount 299% L

dtype: intod

a 2 wa o
HNNN 3.3 N 4 ﬂmﬁuummzqmmu’am

'
v A F) A A Y v . Aa

= a 4 a o
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Yoy Uszandoya Aedugdoya
Degree Qualitative data (Binary Variable) FEAUNIANY
PersonType Quantitative data (Ordinal Variable) Uszinnmiinau
JobLevel Quantitative data (Binary Variable) szinnargau
Gender Quantitative data (Binary Variable) LNF
MaritalStatus Quantitative data (Nominal Variable) ADIULHIN
LoanApprove Quantitative data (Binary Variable) TAOIUSNT ?Jlgmm ﬂij U
Age Quantitative data 91Y
WorkAge Quantitative data 91gN1591191U
Children Quantitative data NUINYAT
EmployeeSalary Quantitative data [UA ’t]ulﬁ!ﬁ
SuretySalary Quantitative data [UA ﬂuéﬁ 1senu
SuretyWorkAge Quantitative data mqlﬁ’ﬁg 1Wsenu
Period Quantitative data IR @uﬁﬁ (]
LoanAmount Quantitative data ii’wmuﬁuff
(EmployeeSalary/LoanAm | Quantitative data daduiudeudinoradug

ount)

(SuretySalary/LoanAmoun

Quantitative data

o 1 a2 A 9/%1 [
ﬁﬂﬁﬂulﬂulﬂﬁut’ﬂﬂ1ﬂ‘i$ﬂu

£) ADRUY
LoanAmount/Period) Quantitative data ﬂ’J”IﬁJL?:fENGU?N I%i}f]}
/EmployeeSalary

(LoanAmount/Period) Quantitative data ﬂ’J”IﬁJL?:fENGU?N Ei}f%l 1lsenu

/SuretySalary
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3.4.4 MINAUWVVIIA0Y (Modeling)

1) MIBANANATTIUUTIAD (Select Modeling Technique)

g A a A ) Y o w £

ﬂluﬁ@uﬁluﬂ']ﬁlﬁf’)ﬂl‘l/lﬂl!ﬂ‘l/llﬁﬂ"lgﬁuﬂﬂﬂﬁ%kﬂﬂﬂlﬂﬂﬂu‘ll@%'lﬂﬂ ﬂmm"lsuﬂﬂumnmz

o 9 Y a é a o g Iy o Yy [ =1 [] o
mmaaumﬂwm"lmn GINGl,U\TIH'JﬂfJUE!'J%ﬂllﬂiJﬂ']'iWGJJHWIﬂJLﬂaLlﬁﬂﬂlﬂﬂﬂﬂ'ﬂﬂllﬂufﬂ
g}/ F) axn a A = 4 . a Aax Yy A [ d‘
TNUUA 4 LUy ﬂ’]ﬂ')‘ﬁmﬂuﬂ’)‘ﬁlﬂﬂwmﬂ (Naive Bayes) mﬂuﬂ'J‘ﬁﬂ'ﬂiJiﬂﬁLﬂfNﬂulﬂﬂ“Vlﬁjﬂ (K-

A ax o 14 o ~ a A
Nearest neighbor) INAUAITENNOTAINADILUNYYF Y (Support Vector Machine) INAUAITLUIUADY
4

Wo3515d (Random Forest)

2) MIANWVUMINAADY (Generate Test Design) AOUMI A1 VUTI0099EABIIN
MINATOUANNYNABIVDL Tuaa 15U Mithszauanuianatauldlumsiaguamvesioya
Aq v o A g v & - ] < oA
ﬂi%iuﬂ'ﬁﬂnﬂ‘hﬂﬂﬂ]ﬁ)i&!a PNUU ﬂ'lﬁ’[’]@ﬂ!,!,ll‘ﬂﬂ1§ﬂﬂﬁ@ﬂﬂ35ﬂ$hﬂ'lﬁl!‘(’lﬂ"]]f]ia!ﬁf]@ﬂlﬂu 2 ngu Ao

Y] Aq Y Y} o A a L. Y] Aq ¥
“]J'ﬂ5]]?Jllﬁﬂi%iuﬂ'ﬁﬂﬂﬁﬁ]ﬂﬂ'ﬁﬁiwu‘ﬂﬂi]'lﬁ@\ﬂ‘Wﬁ]‘]JigliJuﬂmﬂTW (Tralnlng set) LLﬁ%‘ljﬂ"U@iJ”aTIGl,“]f

a U a

9119549 (Test Set)

ya

9 Y
o . 7 =1 o ] I~

3) M3ad1aunudiaos (Build  Model) Tuduasuiigive laadresTuaandaiu 2
4 v
Y Y I o A a v Aa a, o
duaeu Tuaouusniumsiemseyianisvegiuaiaanisaleismssuunlszmnnnag
° . . . g o . a 4 1 1
N1UNY (Classification and Prediction) “l,umiwwmizuuc‘fﬁwamiamswmzuﬁmmmmﬂ@u

Y < A " Yy Yo wa 1 YyAy 1 Yo wa
gnmeenidlu 2 Uszinnaenguddn Idsumseyiangudgn lulasumseyia
a o Y] a 4

4) M3Usziliunuusiand (Assess Model) iuiinHan1sinszioinluma launis

dsziunvuanasuieldiulaniianuin¥ene vazriiumasgiumsdadule uazviins
o EAR] A I PN 1 A 4 Y1 prp P
Ysvilgamaasmmaiiimesuazlsziiunasunnzyonu Idutlugdnuuves Tumaanage
a o . I Aa 1 § a
5) M3dszlunnusians (Evaluation) tunsisziiulumaild ivewarsanau
) o 9 Y1 A 1 o w o 9 ~
mimnzanlumsiihwuuiieesliszgndldnlanuuiudinumsiunennioeiiosla
o o Y
3.4.6 Mmstuuudiaes 119 (Deployment)
o Y o ) dy I )
1) M3219uHuMIUTulsuuUT1a09 (Plan  Deployment) vuaouiliilunisiinanis
a o v Aa a [ ) J Y

Usziiuuaznagns lumsaaduleliIdaueie §3serh Tuaanlszgna lumswannsz oy Tael

a 4 [ {
swazeadnaenisuvesTUsUNTUADUNUADT (Application Architectures) A4NINTA 3.2
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4.1 anudlogsnolsziuBIa (Business Understanding)
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4.2 MmamsanYoya (Data Preparation)
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[

Y
Ysganesvull ae

A 9Yg = = ]
vogunumwamsan I laa e1gaussuna 15 1 msAnyiedluszau
9
)

nuaTuaYY 75 % veadududedi 20,000 11 SanauiwAeuddaeruiudidlu 2 i
sandiniudoudmisziudoraiudilu 3 111 75 % vesssRuanudssvesddedii s % 75 %
ﬁumizﬁummL?'fmﬁlmwiﬁwﬂizﬁuag:ﬁ 3%
count mean std min 25% 50% 75% max
Id 5870.0 2935.500000 1694.667371 1.00 146825 2935.50 4402.75 5870.00
Gender 5870.0 0.298126 0.457474 0.00 0.00 0.00 1.00 1.00
PersonType 5870.0 1.115843 0.439804 1.00 1.00 1.00 1.00 3.00
Degree 5870.0 1.017376 0.130681 1.00 1.00 1.00 1.00 2.00
JobLevel 5870.0 1.726576 0.445755 1.00 1.00 2.00 2.00 2.00
MaritalStatus  5870.0 0.174446 0.380422 0.00 0.00 0.00 0.00 2.00
Children 5870.0 0.532709 0.831647 0.00 0.00 0.00 1.00 8.00
Age 5870.0 9.891113 3200 4000  47.00
WorkAge 5870.0 10.814140 7.877537 0.00 4.00 10.00 44.00

EmployeeSalary 5870.0 32216.553152 14946.329363 10170.00 21980.00 27070.00 39360.00 122810.00
SuretySalary  5870.0 47570.453748 22895981338 9140.00 32475.00 40057.50 59040.00 184215.00
SuretyWorkAge 5870.0 15.458433 2937393 2.00 13.00 15.00 18.00 20.00
Period 5870.0 10.000000 0.000000 10.00 10.00 10.00 10.00 10.00
LoanAmount  5870.0 17878.094463 10157.100570 5040.00 11125.00 14420.00 (21243.75 |101200.00

Epam | 1.022595 0.380851 0.21 2.00 2.00 2.00 5.31

Suwtysmey!  sg70D 2827537 0.620370 0.31 3.00 3.00 3.00 7.97
DSCR Employee 5370.0 0.057402 0.032522 0.02 0.05 0.05 0.05 0.48
DSCRSurety  5570.0 0.036639 0.023331 0.01 0.03 0.03 0.32
LoanApprove  5870.0 0.806474 0.395096 0.00 1.00 1.00 1.00 1.00

~ a <Y Y
NMNN 4.1 Gni']\‘]ﬂ"lﬁ'JLﬂﬁTgﬁ"UﬂﬂJ”al']J'ﬂQ@]u
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42.1 mifa@onyoya (Data Selection)

[ [ @

a dlsl [ v J Ya v A Yy = A 9

NUIYNADINITHIANNANNUTUDINITUBNNUFITAANIT HIVYIIAALADNIRANISUVDYA
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M1319N 4.1

q‘ 9 A o Py o 9
M1919N 4.1 "]J@Ha‘l/'lu'IiJ'lGlG]fGlUfniﬂ'luWﬂ"U@Ha

foya Moeturedoya
Degree FLAUMSIANEN
PersonType Uszanwinau
JobLevel szinnaieanu
Gender LNe

LoanApprove anugMsoyiAnRY
LoanStatus Usziamstszain
Age 91Y

WorkAge GRELIRERIRRREY
Children UINYAT
EmployeeSalary [ aué’ﬁ’
SuretySalary {UA aué’hgwﬂﬁzf‘fu
SuretyWorkAge mqéﬁwﬂiz T
Period SnwRouidiiy
LoanAmount Sankug
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422 HANNAZoIRTOYA (Clean Data)
o v J Aa oy Y gaow o v ) =
nnmsaansesdeyaluiieuioonds FIverhanudzeiadoyadis SQL SRVER
= z U A A a ) Y .. a 9 a A A d T
HanusidounioralnAvesdoyanienis Remove missing values lANToyaiuRouiiua1ig

A o

o 9 .. v Y 19 { E
AU To118uH1a9A18N15 Replace Missing Values tioai1enunmldundoyainihunldods
L3IUEN
o 9 Y 1 .
4.2.3 m3iveyalvedluziuuuuIasgIu (Data Transformation)
& 3 & ¥ "y Loy 0 D, ° ¥
WeswTmdoyanauaud? wuNdoyaurduds ldawnsoih ldadwouiaedld
A 9 R o v o Yo w9 ) 9
iesnngUnuvvesdoyada lumuzauiumsadaunuiiaes fivsdeslasdoyarindoni
I o ] [ 9 a S ° 1 a
Wudnay sy szaumsanyidsgnevdle 1 USyanasvuly 2 dnandSyias, dszan
@ 9 o a v 9 9 o
WINAIY Y5gnouAl18 0 WITNNUNKIINGIAY 191519015 2gna1a)segdn, Nl
Y Y a £y v 9 a 9 i wa wa
Usznoudie 0 gnaje 1 dme,aoruzmsoydagnu Uszneuaie 0 lueyia 1 eyiia dszinnae
9 a o Y o [ 9 Y o
nuilszneudie 1 @1e3ms 2 memivayy waz laimsUsuussiagiudeyalasldnanms
. L a £ o o o Y VY ' ! ' =
Max-Min Normalization (ton@5 Wr329AANA1,2557) 92951 1W ladoyasglusiesznine o f 1

JY a = 3%

= [ 1 19 a A [ o a 2 9 ~
FaemnsolSurmdoya Quaoud] SuRoudailsznu 1uuRug Taglsaunsn (1)

: V—min, : :
Vi=——F—(new _max, —new _min,)+new_min,,
max , —min

4.3 MINAUMVVI09 (Modeling)
o o Y o Yy o o = ' o ¥
GluﬂTiW@lLl'lLL‘U‘U%TﬂEN EJ,’JﬂElllﬂNﬂWiWGJJunlﬂﬂﬁﬂﬁ@ﬂllﬁﬁlﬂlﬂElﬁJﬂ’J'liJlLiJuEﬂTN‘HlJﬂ
Y as a ax = 4 . a A Y A o A
4 LUUAYITINANAITUIDNILE (Naive Bayes) L“I/]ﬂuﬂﬂ‘ﬁﬂﬂ'lllslﬂ'ﬁLﬂENﬂuN'lﬂ“V]f,:fﬂ (K-Nearest
a A o 4 4 a A
neighbor) MANAITENNOTANINIADTUNTYU (Support Vector Machine) HAZINANAITUTUADN
J 9 v o [ . . . e
Wosisd (Random Forest) Amsumunlsznnuaziiue (Classification and Prediction)
43.1 wamsiailsz@ninmanugndesvesluaa

9 Aq Y ° ' v ~Aq v
Poyan 19 lunsnagaus NI 5,870 319M3 Taguiiagateyain lslunisnaaeuns

U

o

a$1uuuaouiesziiugunIn (Training set) 70% 311494 4,109 :1em3isznovdie lueyiia

804 nItitazeYIA 3,305 N3dl dmSugadoyan 19911939 (Test Set) 30% 31U 1,761 519013
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1) MANAITUIDWIE (Naive Bayes)

Confusion Matrix for Naive Bayes Model

Approve

Not Approve

Predict Approve Predict Not Approve

WA 4.2 Confusion Matrix for Naive Bayes Model

Naive Bayes Model - Classification Report

precision recall fi-score

1 e.97 8.91 8.94

0 8.7@ .88 8.78

accuracy .91
macro avg 8.84 8.90 .86
weighted avg 8.92 8.91 8.91

NA 4.3 Naive Bayes Model Classification Report

- 1200
- 1000
- 800
- 600
- 400

- 200

support

1429
332

1761
1761
1761
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2) maiindsauIndiAanuuniga (K-Nearest neighbor)

Confusion Matrix for kNN Model

Approve

Not Approve

Predict Approve Predict Not Approve

WA 4.4 Confusion Matrix for K-Nearest neighbor Model

kNN Model - Classification Report

precision recall fil-score

1 8.098 8.99 8.99

8 8.85 8.92 @.94

accuracy 8.98
macro avg 0.97 8.96 8.96
weighted avg 8.98 8.98 8.98

NA 4.5 K-Nearest neighbor Model Classification Report

- 1400
- 1200
- 1000
- 800
- 600
- ano

— 200

support

1429
332

1761
1761
1761
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a @ 4 4
3) INANAITENNOTALINADTUNTFU (Support Vector Machine)

Confusion Matrix for SVC Model

- 1400
Approve
PP - 1200
- 1000
- 800
Not Approve
- 600

— 400

— 200

Predict Approve Predict Not Approve

NN 4.6 Confusion Matrix for Support Vector Model

SVC Model - Classification Report

precision recall fi-score support

1 8.91 8.99 8.95 1429

2] 8.96 8.58 8.72 332

accuracy 8.92 1761
macro avg 8.93 8.79 .84 1761
weighted avg .92 08.92 0.91 1761

MNA 4.7 Support Vector Model Classification Report



a 4
4) matuAITUs U eSS A (Random Forest)

Confusion Matrix for Random Forest Model
— 1400

- 1200
Approve
- 1000
- BOO
- 600
Not Approve

— 400

— 200

Predict Approve Predict Not Approve

NN 4.8 Confusion Matrix for Random Forest Model

Random Forest Model - Classification Report

precision recall fil-score  support

1 1.00 9.99 8.99 1429

<] 08.96 8.99 8.98 332

accuracy 8.99 1761
macro avg 6.98 8.99 8.99 1761
weighted avg 8.29 8.99 8.99 1761

/NN 4.9 Random Forest Model Classification Report

]
=1

A pRp a a
432 Lﬁi’)ﬂIﬂJLﬂﬁTIiJ‘]JiSﬁTITJﬂ"IWJJ"IﬂVI?jﬂ

@ a a 1 a 4
%']ﬂNaﬂ']'i')ﬂﬂi$ﬁ1/lﬁﬂ1Wﬂ’J']3JQﬂgl}@\ile’ENTiJlﬂﬁW‘U'J'l Lﬂﬂuﬂﬁl!‘iuﬂﬂﬂﬂﬂiliﬁ

Y Aa

(Random Forest) 1ANUNUTIZINGA (Accuracy) 0.9915 durgnavaranalnlunsiel

a2 = dy
JYASIYAAIU
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1) N581NA False Positives (FP), Type I Error = 3 Lﬁmmﬂmqmuwﬁmm (WorkAge)
Sﬁzﬁﬂﬁ 39 ua ﬂ1§ﬂ1uﬁé1ﬂi 20U (SuretyWorkAge) 11nN31 3 Y Class Probabilities False Positives
(FP) UAMNIND 0.946

2) N3AINA False Negatives (FN), Type II Error = 12 Lﬁmmﬂmqqmwﬁ’mm
(WorkAge) 61071 3 T nazergaugiss i (SuretyWorkAge) 1/oenn 3 Class Probabilities
False Positives (FP) JAUNINU 0.967

MANAIBUIUAONND315a (Random Forest) WMuemseyaiRlenaINITVoRNY

v A a @ g Y v @ {
ﬁﬂﬁ@ﬂ1§ll'ﬂ'l'3‘ﬂU1ﬁﬂ%ﬂﬂ5\1ﬂﬂﬂﬁ%ﬁ]ﬂ (Feature) @N@'ﬁ'l\?ﬁ 4.2

d' a Aax 14 9 ua [}
A3 NN 4.2 mﬂuﬂﬂ‘ﬁllii‘!ﬂﬂMWﬂiLiﬁﬂ?ﬂﬂmﬁMUﬁﬂlﬁM (Random Forest)

oya MoTuIToYA
Gender LNE
PersonType Uszanwiinau
Degree SLAUMSANYI
JobLevel Uszinnaienu
MaritalStatus ADIUSHIINTUT T
Children NUINYAT
Age oY)
WorkAge GAUNEMT o)
SuretyAge mqqméjﬁgmizﬁ’u
(EmployeeSalary/LoanAmount) daduduneuginorsdug
(SuretySalary/LoanAmount) dadiudoudanlsziueraiug
LoanAmount/Period) /EmployeeSalary PTG IR
(LoanAmount/Period) /SuretySalary mwm?'mwm Ei}f%l 1lsenu




a 4 o 1
3) matindsusuaouweisad0nUaNLA I (Random Forest)

Confusion Matrix for Random Forest Model

- 1400
- 1200
Approve
- 1000
- 800
600
Not Approve 400
- 200
Predict Approve Predict Not Approve
NN 4.10 Confusion Matrix for Random Forest New Model
Random Forest Model - Classification Report
precision recall fl-score support
1 1.00 1.00 1.00 1422
2 0.96 0.99 0.98 189
accuracy .99 1611
macro avg 0.98 0.99 0.99 1611
weighted avg 2.99 8.99 8.99 1611

NN 4.11 Random Forest New Model Classification Report
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o a J o 1
4) BUINNWMITTNA Rule mﬂmﬂuﬂa%uﬁuﬂ@uﬂ@ﬁliﬁ@%ﬂﬂmﬁuﬂ@lﬁl‘ﬁh (Random

Forest)

= @
Random
forest Model

Train set Random forest Construct Rules

prediction resule Decision tree
Model

ﬂﬁ"lﬁ 4.12 MINUUINNMIANA Rule fl]']ﬂmﬂ“ljﬂﬁlliu@@ﬂwagliﬁ (Random Forest)
a < Y A wa Ya
4.1 ’Jmiwwmay‘mminmamaullmslumimgmql, U
>=419] [3246/3757*%100=86.39%]
=47
Y a

4
2.1 orgaudmlsznu <= 4 uaz > 2.63 uay RuAeudNAeI9IUN <=3.63

QU

by
1. ®1YURY)

9
2. 9IYNUATY <

U

Y
Y

[31/34*100=91.17%]
9}%’ [ a = SJsol [ [ a 9
2.2 01gNUEA TN <= 4 tag > 1.23 RUADUHAT2AUADIIRUY >
2.63 [6/26*100=23.07]
9}%’ [ a A stol [ 1 a 9
2.3 mqamqgmﬂszﬂu <=4uag LQULQ@MQﬂTﬂi%ﬂH@@?QNHQ <=1.23 uag

Y

RuRoudae9dug <= 0.65 [1/3*100=33.33%]

4.4 mInsaevnazdszidiuna (Evaluation)
MNNUUUTIaeIRTIeYARudaIaan1sninaun 18910 google  colab 117150
] o o o L 3’; 1 o
asnvdouauuudazauvngaylumsiwuuiaes sz gnd vz miuduntios
~ a 1 o o A 9 o dy
eala Tagmsilszmiuazuiisauanyazyeamsiumiesioya Al
4.4.1 asndouuazlsziiuna
#0185 msiszitiunalasnmsideyaganaden (Test Set) uiimslszudana

o

MoMIAIANUNUET (Accuracy) 910153 MUNY52IAN FeAwANA19TZHINToYagANATDY

]
S o

(Test Set) tazdoyainiiun141un 15398 (Training Set) WUIAINIWLLVE (Accuracy) VBITOYA

u
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1 U a 4 o 4 g’; a ! a J
uaniga ﬁ”)uﬂﬁ’)mﬁ%ﬁ"lﬁl}ﬂﬁ\lﬁﬂ’NiJﬁiJ“W’L!‘ﬁuu ?ﬂiJ"IiE]‘]JiZLiJL!Wﬂﬁll@gl}‘MﬂﬂﬁW%1im1ﬂ1

q U

4 ) v v
ﬂ'J’uJ!.EIsf@llu (Confidence) UDIANUANNUD
a 9 A
442 ﬂﬁﬂﬂﬁﬂﬂllagﬂﬁzluuWaﬂ’]ﬂﬂ’lﬁﬂ%ﬂ‘ﬂ’l@i%ﬂﬁ“ﬂ’]my

ieasraaouiazlsziuransIve91n115un5Y google colab 11d2 §Ive latiwanis

Y

o . . a d v v J 9 J

Twundszan (Classification) !La$ﬂ']ﬁ')iﬂ3']51415]'31“ﬁuwu‘ﬁﬂlﬂﬂﬂlﬂyjaqﬂﬂ?ﬂEWE{L‘FfJ'JGD"]inthﬂTﬁ
@ A Yy PR o . . wa

N L‘W@Glﬂ@t“]fﬂ’)%'lﬂluvlﬂ“]fﬂﬂﬂﬂﬂ'lmﬁu'lgﬁiJsUENﬂ'lﬁﬁ]'ll!.‘hlﬂﬂﬁglﬂﬂ (Classification) NIDYNALLDS
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