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ABSTRACT

This is because loans are the primary source of income for financial institutions. As a
result, the ability of the loan applicant to repay debt is critical to the bank's performance. Having
appropriate credit risk management tools for use in assessing loan applicants' repayment ability. As
a result, the Bank must pay close attention to this issue. The criteria used must be consistent with
the BOT's regulatory standards as a financial institution regulator. As a result of the change in
classification status, the development of a model to be used as a tool for analyzing mortgage loan
quality. From normal class debtor to default debtor, which is considered a non-performing loan
(NPL), credit quality will be analyzed in accordance with the goals of stabilizing the Thai financial
institution system. As a result, the authors created a mortgage classification prediction system using
machine learning, self-learning from the Ensemble Machine learning (Voting Classifier) model, to
be used as a smart indicator for monitoring mortgage loan quality. The data from home loans was
used in this study. To create a Finance Classification Model in order to distinguish between good
and bad loans. This Smart Indicator will be used by the bank in conjunction with other risk
management tools. To manage risks prior to the occurrence of a debt default and/or to make
decisions about the implementation of appropriate risk management policies. The accuracy test
results showed that the proposed system is accurate in predicting non-performing credit behavior
(NPL) with an average recall of 95%. The ability to repay loans in order to improve the quality of

mortgage loans.
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2.3 Decision Tree Classification
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2.4 Random Forest Classification
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2.5 AdaBoost Forest Classification
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AdaBoost Learning Process
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2.6 SVM Classification
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2.7 KNN Classification

d‘dw 9 [ [

<3| 9 = a 19 1 1 A a o

Lﬂumiﬁﬁﬂmﬂaiﬂauumﬂmwaqgamaﬂymzﬂmaﬂumﬂzagiuﬂqu (ﬁiﬂﬂﬂ']ﬁm&nﬂu)
o ) Y ax Y A Y Y 3 ~ Y ~ ~ @

ﬂ'liﬁ]'luuﬂellﬂﬂsl‘aﬂ?]ﬂ?]‘ﬁﬂWiﬂH‘ViHW@HU']Hiﬂ@gﬂi}zlﬂ‘Llﬂ'lil,iﬂugiﬂﬂﬂ'lilﬂifJTJL‘VIEJlIﬂLl

H Y H
5T doyandesmssunuazdssmsienudeyaninua lugadoyadounisnyue

EY) Y

A

A [ Y A [ Y a 9 1 9 4 é
L’Viﬂ\l@uﬂuﬂﬁﬂiﬂaLﬂﬂﬂﬂu@']flﬂ”liWiﬂi‘EMTGIJ@Hﬂ@'Nﬂ Iﬂﬂﬂlﬁ]&aﬁﬂﬂﬂiﬂﬁuq@]°'l]$'ﬁ'l?J'l§ﬂQﬂ

] & an A A o a A g}/ [
IGN mﬂuﬂqﬂﬁuﬂuixum T ua (W9 11 ABIUIULDNTUIMIVUA)ANN TN

Q CI» o «»

A
\ Category B w\ Category B
.

New data point New data point

. K-NN assigned to

™ Category 1
Category A » Category A
o

1=
(x:]
MNN 2.8 §710819UBUNALA KNN Classification

fan: https://www.javatpoint.com/k-nearest-neighbor-algorithm-for-machine-learning

https://datacubeth.ai/machine-learning-model-comparison/

2.8 Naive Bayes Classification
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Naive Bayes

In machine leaming, naive Bayes classifiers are a family of simple "probabilistic classifiers” based on applying Bayes' theorem
with strong (naive) independence assumptions between the features.
Naive bayes classiher

P(BJA) P(A) - -
b @ Clsathr 1
P(A|B) = HiHEe
44 . |
P( B ) I .o ..'.l.n.-:.‘,
.
using Bayesian probablity terminology, the above equation can be written as st .......::....
i i 1 e% ¢
Posterior = p”°"_‘"ke|‘h00d ;
evidence ] e —

MNN 2.9 @208 19V0UNANA Naive Bays Classification
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MNTA 2.10 206190 9NALA Voting Classifier

137 https://www.quora.com/Can-we-use-neural-networks-in-ensemble-learnin

https://medium.com/(@supachaic/

2.10 Confusion Matrix
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5 | mau (Religion) 1HU WNT / DAAIN /AT AR
6 NQUANA AN (Core religion) U Bera / oue
7 FTAUMIANYI (Degree) wu Usyanas /05aanin
8 91¢ (Age) 1% 20/ 30 / 40
9 913N (Occupation) WU SIS / WD A31009RINT
10 | %9518’ ladeReu (Salary Level) (U <10,000 / 10,000 - 14,999
11| finvesneR (Salary Source) U IuiRou /518 180 ngsne
12| fansaiiod (State) 1B NFUNN / 8201 /UUNYT
13 | MR (Region) U AFANNNIUATIA S UAMa




d' 9 (% [ a A Y a A A [} [
M1319N 3.2 magamuﬂmﬂymmuwamﬂgmmagaam%a‘vmgmﬁﬂ
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ey annls Avd1etoya
1 FaFauiHe (Account) 1B 57015864
2 3171918 (Selling Price) 1Y 10,000,000 VN
3 293U AUAD (Credit Limit) 1% 5,000,000 LN
4 gOARUAUAUNAD (Ledger Balance) 1% 3,000,000 LN
5 51 15 A uFe(Prof/Div Rate) 1¥U 3.5/4.5
6 m@ﬂﬁﬂ?ﬁzﬁm% (Term) U 120/ 360
7 1197 F 152 10 (MonthOnbook) WU 115 /330
8 gOARUAUAINA (Uncollected Principal) 1Y 3,000 V1N
9 goAoANI 1M 1379719 (Uncollected Profit) 1Y 100 VN
10 | 1999 (Payment) 1Y 6,900 V1N
11 | mUSuialagse (Late Charge Due) 1Y 35.23 LN
12 ii’mauﬁuﬁﬂﬁﬁzthq@ (Last Payment Amount) 1FY 6,850 V1N
13 EJ’E)@ﬁugl}uﬂ‘iﬂﬁ1ﬁuﬂ“ﬁﬁ$(Total Principal Due) 1% 8,900 V1N
14 80ARUNT1M 13A5URMMUATITL(Total Profit Due) U 1,900 V1N
15 | 99ANUIINMNAYUA (Grand Total Due) (U 11,900 1IN
16 | S unInamnuasusse (Day Past Due) 1Y 30 /60 /90
17 “ﬂﬁ?fmﬁ?'famﬂﬂ%’uﬂgﬂmaﬁ%’wwﬁ (Restructure Flag) | 19U Yes / No
18 | tyddudemieeyni 11U 3> 1 <=5 Years
19 a‘i’m?uwﬁ%w’f}a (Finance Classification) WU 1/2/3/4/5
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d' 9 (% @ 1 9 a A A [} v @ @ v A A
M1319N 3.3 "’IJ6ﬂsljaG]’JL!,‘]JiE]G]5Tﬁ’lu5UE]lluaE‘TuL"]ff]WﬂgﬂWﬁﬂﬂUﬂaﬂﬂizﬂuﬁulﬂfﬂ

Ay annls Mod1etoya
1 Yszianvaniseni (Customer Type) U Maundouaslgnadie / aoula
2 simseiiunanysenu (Appraised value) | 13U 1,000,000 LN
3 F1IMNUIHANU5ZNY (Pledged value) 9% 1,000,000 LN
v o mn A A 3 . oo
dadrnvetiyraurerenogoideni
4 yamduFoaeyananilsznu (LTV) 1% 80 / 90 /100

2562/01/01 — 2562/12/31 niailugadoya PL uaz NPL

o YV o v AAa d‘ d' | U d‘d . :’J v
3.2.2 °mmmmn‘l€nm‘ws’mmmuumﬂam‘namgmﬂﬂﬂuamm Active R340

3.3 A39aUANINGNADIVRITRNAazINSENUaNaN|F] 1Y (Data Preparation)

3.3.1 N3ZUIUM3ASINABUVoYaINEgAINGNADIVDITYA(Data Exploration)

a ) @ 2
M1319N 3.4 mm‘n%aauﬂqmmyamllﬂmmgﬂwu

aa Ay ANUYNADITDYA
1 UszingnA1 (Customer Type) 100 %
2 15210NN3515219U (Payment method) 100 %
3 ADIUNNNTANI T (Marital Status) Missing < 20 Records
4 INF (Gender) Missing < 20 Records
5 AU (Religion) Missing < 20 Records
6 ﬂZj:‘JJﬂ”Iﬁuiﬁﬁlﬂ (Core religion) Missing < 20 Records
7 5LAUMIANYT (Degree) 100 %
8 018 (Age) Missing < 20 Records
9 D1HN (Occupation) Missing < 20 Records

Missing < 500 Records

10 %193518 AABIABY (Salary Level) NPL=78 , PL=410




M135190 3.4 (919)
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A aus ANYNABITONA
11 ﬁiﬂﬂlmi 1016 (Salary Source) Missing < 500 Records
12 ﬁjﬂﬁﬁlﬂﬁﬂﬁj (State) Missing < 5 Records
13 Qﬁmﬂ (Region) Missing < 10 Records

4‘ 1 9 (% a d‘ Y a d' d' 1 [
M13149N 3.5 N1TATIVADUNYUUIYAANHUSTULTDIINTIUVDY AT ULTONDYD Y

A auls ANNABITONA

1 Ty 31130 (Account) 100%

2 3171918 (Selling Price) 100%

3 2AUEWHO (Credit Limit) 100%
4 #OARUAUAUNAD (Ledger Balance) 100%

5 §a31 157 UFB(Prof/Div Rate) 100%

6 $IAMsTsERUFD (Term) Missing < 5 Records
7 Q)ﬂ“ﬁ“ﬁ”ﬁza’ 1!!5?;'@ (MonthOnbook) Missing < 5 Records
8 gOARUAUAIA (Uncollected Principal) 100%

9 | 8oAdA317115A9A19 (Uncollected Profit) 100%

10 AN (Payment) Missing < 25 Records
11 | miSuRatiag1s (Late Charge Due) 100%

12 | Swouiudisiszarga (Last Payment Amount) 100%

13 #OARUAUATUMNUATITZ(Total Principal Due) 100%

14 | 99AlUOA1M1 15ATURMUATITE(Total Profit Due) 100%

15 IOANUIIMAUAHUA (Grand Total Due) 100%

16 | MUIMIUAIMIMUATUT5E (Day Past Due) 100%

17 foFFuizein aﬂﬁ"uﬂ;ﬂmm%ﬁwﬁ (Restructure Flag) | 100%

18 | Taddusemdeeyiil 100%

19 ﬁ‘]”m‘?uwﬁ% ‘Llﬁ}’f) (Finance Classification) 100%
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M3197 3.6 MIATITOUNGUEATIEIUToYaT T NegoHeNUnANsEAUT T

o w Y Y 9
aplasl] Ay ANUYNABITDYA
1 Usziannaniseiu (Customer Type) 100%
2 simUsziiunanysenu (Appraised value) 100%
3 51 IUIanYEAU (Pledged value) 100%
U 1 % aS A d’ d’ d’ ) % d‘d 1T a d’ 1
dadruveniyrauremenedoideniyamauens
4 yammnanilsziu (LTV) 100%

3.3.2 nszmumimmazmﬂ%ga (Data Cleansing)

A 9 o [ v Y A Aa a A [l 9 Pd] o Y

Lummﬂmayamuﬂnmazm fnllﬂ’ﬂllNﬂ‘ﬂﬂ@]ﬁi@ulllﬂiﬂﬂﬁuﬁuyﬁﬂ!ﬂﬂﬁiﬂﬂﬁﬂﬁ
° Aa A A A 3 a o Y ax a I 9y
NMUIINA AANATA m@gﬂmmau”lﬂmﬂmmrﬂumq anummmaﬂumﬁmummaya

A o Y ' A D) - = ¥ W 1 2
Wﬁﬂ@]ﬂﬂl@yﬁﬁﬂ’lﬂﬁ?u@ﬂﬂqﬂ TﬂEJW‘013m’]%1ﬂ§1um@HaﬁULGIf@V]@g@']ﬁﬂ ﬂ\‘]@]i’)ll‘]_]u

a 1 < @ < Qo0 g
o 1Audoyadioa1 MEDIAN nsdiiludautsMilu Number naz lilsdoya Transaction
' 9 a A < Y
15U 019UBIHVTUIFO 1TfUAY

a 9 9 ' @ A g . ] 1 Y 9 a A
o QNN AAIINT MODE ﬂlam’guﬂimﬂu Categorical I%U "li’NﬁEJ“lﬂmmmmﬁm‘m i

= 9 a A Y a A I Y
DIBNVOIHVD TUFO , A0 1ULVOIRVOTUFD 1T UAY
o 1Andoya Based on Business logic 141 A1 LTV 125101 100 % W30 1Az
o ) 1 a0 Y I Y
nandszouliaisiiauninu o whudu

Y A ' 4 o ] [ 9 12 A I Y
e aUVBYAN Records ”luﬁuyimmqmamq LYY mauﬁa”lumawmmﬂumu

3.3.3 nszvaumsnfasun/asvena (Data Transformation)
) 9
3.3.3.1 Normalization!il®391ndoyadauilsuaazdd Inuvainnale nawiia

3 3 ' v 'y & &
doya jUuuvdeya uaz ¥rwvesdeya 1wy Joyan lveagnuil Feature Age 819 [10, 20,70],
Joyaanyuzdureangudeyaduiefiego1dus1067 Feature Credit Limit / Ledger Balance
I Y A A o Y a A o o v W a KR . . o & A
Wudu ez lnlsz@nsnimved M3ied11iudane3NU Machine Learning $113Ju7

Y o . . ' ~ 9 Y v 1 Aas 1 o &
$194N1 Normalization ﬂeumzﬂaumagaiwﬂu Model BUITNITNNNE AN



=

. . . . ) . . . d axal
- Rescaling (Min-Max Normalization)#3® Min-Max Normalization WuIsnaenga

Q

{ [ 1 I ] 1 ) gz J {
nazdSurredoya Tiilueglurae [0, 11 §28n1511 Feature / Column 11U 9 audlea1ios

figa (Min) vouiu udmsdresaavesdoyariy (Max — Min)

- Standardization N30 Z-Score Normalization Ao msﬁwsﬁ’@ya Feature / Column 31
1/ iJcl‘Vgi) Mean = 0 148¢ Standard Deviation = 1 (Unit Variance)

- Mean Normalization A& 1871 Rescaling AUV Lmﬂﬁiﬁﬁl&ﬁi%} Mean INU Min
M 1933984 Output [-0.5, 0.5] TiannazaY Balance fd @398 0 (V&1 Mean N19159 0)

3.3.3.2 One Hot Encoder M31h1€oyaiigmiuludnyae Categorical waludnuae

[ @

Nid19 (Ordinal number) t1ag 113810 (Nominal number) 1asuldogluguuuves Binary
A A v 2 , 9 M 2 A
values NUAT0 159 1 (NIUU 1FU mauﬁam"lﬂmmgﬂwu Feature Gender [F.M] ¥13® Feature

3 1 o '
Religion U@y 11d@AINT Transformation 14 Feature #1149) FIMTIMUEN

v ' 9
. vy &
ﬂﬁN‘ﬁ 3.7 N3ZUIUNIT Transformation ﬂqnﬂjﬁlylaﬂ?]lﬂﬂlﬂﬂ@,ﬂﬂﬁ

a1a1 aunls ANUYNADITDYA

| ﬂizmmgﬂﬁ' 1 (Customer Type) One hot encoder

2 Us2IANMIBI52IU (Payment method) One hot encoder

3 ADIUMNMNMNTTUTE (Marital Status) One hot encoder

4 INA (Gender) One hot encoder
5 AU (Religion) One hot encoder
6 ﬂﬁj:ilmﬁ UIMan (Core religion) One hot encoder
7 JLAUMIANYI (Degree) One hot encoder
8 018 (Age) Standardization

9 D1HN (Occupation) One hot encoder
10 ¥29518 Idofon (Salary Level) One hot encoder
11 ﬁmmmsw”lﬂy (Salary Source) One hot encoder
12 ﬁlﬂﬁ’rﬂﬁﬂg‘ (State) One hot encoder
13 {]ﬁmﬂ (Region) One hot encoder




M15190 3.8 N32UIUNT Transformation NGuTeYATNHUTOYaTUFONOGO Y
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ey annls ANUYNADITDYA
1 Wig%f?f uﬁ}a (Account) Key
2 3171918 (Selling Price) Standardization
3 1UE ‘Ll!f]ﬂ'f ® (Credit Limit) Standardization
4 gOARUAUAUNAD (Ledger Balance) Standardization
5 311 157 1F0(Prof/Div Rate) Standardization
6 Q’Jﬂﬂ1i"]§1i$§’fl&&“§ﬁ) (Term) Standardization
7 naiTszauFe (MonthOnbook) Standardization
8 YOARUAUAIA (Uncollected Principal) Standardization
9 gADAIIN 1TAIA (Uncollected Profit) Standardization
10 A197A (Payment) Standardization
11 AlSunaaTt5 (Late Charge Due) Standardization
12 2 11‘!31!&31!17;‘1?13 % ’ﬁ'Wj A (Last Payment Amount) Standardization
13 EJ’E)m?u@sl}uﬂiﬂﬁ1ﬁuﬂﬁﬁﬁ$(Total Principal Due) Standardization
14 | 80ARUBAI 1M 13ATUMUUATITE(Total Profit Due) Standardization
15 gOARUIINAINAKUA (Grand Total Due) Standardization
16 | S unInamnuasus13e (Day Past Due) Standardization
17 “ﬂﬁﬁmﬁ?}am ﬂﬂ%ﬂﬂgﬂﬂiﬂﬁ%ﬁﬁﬁ (Restructure Flag) | One hot encoder
18 | tyddudemieeyni One hot encoder
19 fﬂwﬂ“l‘?uﬁ‘ﬁa ul%i’) (Finance Classification) PL=1,NPL=0
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M1519 3.9 N52UIUMNT Transformation NguIeyadUFoNegorFsnUNansZAY

o w @ 9 9
a1 als ANUYNABITBYA
1 Usziannanilsenu (Customer Type) One hot encoder
2 simUsziiunanysenu (Appraised value) Standardization
3 FIMIUDIHANYTENU (Pledged value) Standardization
o v Aa A A A 1 oo dAa ra A
TATIUVNUYFTULTDINDONDYDIAYNNYAN T ULTDN D
4 y,aﬂ'ma”ﬂﬂs AU (LTV) Standardization

A vy o A Ay v ¥
334 ﬂi%‘U'J‘Hf'nﬁ‘wi]15%1!]‘1]31‘]55IIE)3~IEWN‘HNWHiﬂlﬁﬂﬂﬂlﬂﬁgﬁﬂ1ﬂﬂ3u3~lﬂ‘li11!ﬂ]i

U

a d
IUANI1LH (Feature Selection)

3.3.4.1 Visual exploration of relationship between variables N1 1NA® DU Plot

¥ A 2 2 A ~ o o ) ' o
graph GUE]?J“'GTVI ﬂu Feature N1 UA LW@LlﬁﬂULWﬂUﬂU Target Tﬂﬁlﬁlzumaﬂymmﬂu 2 ﬂ'éj.ll‘ﬂaﬂ

=)
o

3.3.4.1.1 Categorical Target Variable Vs Continuous Predictor naaouIagns e

Box Plot A19814AININN 3.3

Boxplot grouped by NPLFlag
Rate T™P

1e8 Sp 167 oam 167 Bal MonthOnbook 166 Unprin 16 Unpro
175 5 a5
° o o oo 1 o 15 1 5 8 Y -]
° 12
150 § 0 o
4 Q 50
8 00 % o
125 5 g T 6
o 25
100 L : ] 3 ? |
8 . ) |
o 0 1 1100
8 o D 2 . ]
| 1 ©
075 5 © 1
] ] o 8 . 6 ] 2
0so {2 of—° | N . . § 8
® ® = | ] .l e
° 1 4 1 ‘ @
025 5 o0 =
. . 2 1l o i
and @ B o] & 2 hol| F g o It o © 0{ ® ﬁ [o{ &
NPL PL NPL L NPL PL NP PL NPL L NPL PL NPL PL NPL PL

Fi L
NPLFlag NPLFlag NPLFlag NPLFlag NPLFlag NPLFlag NPLFlag NPLFlag

M 3.3 P51LAAIANUFUWNUTTEHI19A7 Feature & NPLFlag



3.3.4.1.2 Categorical Target Variable Vs Categorical Predictor A& 91 1asm3 1% Bar

Plot A19819A3N 1NN 3.4

MPLFlag
5000 . NPL
. PL
4000
3000
2000
1000
ol
£ £
@ bl
a =3
g £
& =4
&8 =
= =
5 3
T |
Coltype

NPLFlag
- NPL
- L

500

_

T 2 P P s Ny
8 | ] a o o o a -4 B
& =1 = @ o @ a g g
H 4 & 2 ) g g
i v . b - & s
2 E H ] g g a N
Income y

NPLFlag

4000 . NPL

- Pl

2000 4

Personal

(=]
Croporate I

Custyp

M 3.4 n51LAAIANUFUWUTTENI19A7 Feature & NPLFlag
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3.3.4.2 Statistical measurement of relationship strength between variables
o 9 aa 9 . = [ Y~
MsImaaeuveyan1eadna 1asld Anova/ Chi-Square test H99E %28 17 1H U
o @ d @ = A g Y A o g
ANuFNNUTYRIA s lngaziDonBul IﬂﬂvlﬂWﬂ‘UENﬂ'limE]ﬂ Feature ANU

mjuﬁmﬂsﬁs‘ﬂu Categorical Target Variable Vs Continuous Predictor

Sp is NOT correlated with NPLFlag | P-Value: 0.09046372106108784

crm is NOT correlated with NPLFlag | P-Value: 0.4481568512285441

Bal is NOT correlated with NPLFlag | P-Value: 0.24317080894139234

Rate 1is correlated with NPLFlag | P-Value: 5.319820264439458e-66

TMP is NOT correlated with NPLFlag | P-Value: 0.6219402200281612

MonthOnbook is correlated with NPLFlag | P-Value: 4.4320149123715767e-44

Unprin is correlated with NPLFlag | P-Value: 7.905837694182945e-206

Unpro is correlated with NPLFlag | P-Value: 5.534300829962861e-229

DayPastDue is correlated with NPLFlag | P-Value: 0.0

Payment is NOT correlated with NPLFlag | P-Value: 0.4861712557468393

Lcd is correlated with NPLFlag | P-Value: 1.1959173470811203e-161

Lpa is correlated with NPLFlag | P-Value: 5.054014961455262e-28

Tprind is correlated with NPLFlag | P-Value: 5.734648103468045e-208

Tprod is correlated with NPLFlag | P-Value: 2.4038039603340593e-234

Gdt is correlated with NPLFlag | P-Value: 7.200186011329954e-234

Age is NOT correlated with NPLFlag | P-Value: nan

TotalAPP is NOT correlated with NPLFlag | P-Value: 0.24967350459160378

LTV is NOT correlated with NPLFlag | P-Value: 0.981984183606679

YAA1)3NUA1 P-Value < 0.05

‘['Rate', 'Monthonbook', 'Unprin', | 'Unpro', 'DayPastDue’, 'Led', | 'Lpa', | 'Tprind', | 'Tprod',

'Gdt']|
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naudmlsiilu Categorical Target Variable Vs Categorical Predictor

Rf is NOT correlated with NPLFlag | P-Value: 1.0

ProdType is NOT correlated with NPLFlag | P-Value: 1.0

pay method is correlated with NPLFlag | P-Value: 4.0307702749685827e-237

Custyp is correlated with NPLFlag | P-Value: 2.5597454304881333e-14

Marsts is NOT correlated with NPLFlag | P-Value: 0.8414975464429585

Gender is correlated with NPLFlag | P-Value: 0.0005053896803007069

Religions is correlated with NPLFlag | P-Value: 7.868569716839309e-30

Edu is correlated with NPLFlag | P-Value: 1.2086381550707994e-33

OccEng is correlated with NPLFlag | P-Value: 8.470300487420019e-35

Income is correlated with NPLFlag | P-Value: 1.890187631904522e-12

Incsrc is correlated with NPLFlag | P-Value: 2.2108709127026183e-32

Coltype is correlated with NPLFlag | P-Value: 0.043695196334928674

Reg is correlated with NPLFlag | P-Value: 1.8610723733960762e-07

Mature is correlated with NPLFlag | P-Value: 1.0727246608459967e-69

AR5 NUA1 P-Value < 0.05

["pay_method', | 'Custyp', | 'Gender', | 'Religions', | 'Edu’, 'OccEng',‘ 'Income', | 'Incsrc', 'Coltype',| 'Reg',‘ 'Mature']
v Yy J 9 y I o o v W = Y A =
i \‘lmﬂulﬂ qﬂ@]’JLL‘]JiWif)‘JJ‘I/N‘VillﬂﬂfﬂguulTVITﬂﬁG]ﬂ@lllﬂi‘UN@]’J@ﬂﬂNLu’t’NiHﬂiJ

' ' ' v
4 =} = v A

o 3 v Y A o Ay
mmauwuwwauﬂum@Gl,mwaasgﬂmuﬂmuawmmu

Q
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135199 3.10 Feature Selection for Model

it aals
1 1521ANMIT1528U (Payment method)
2 ﬂizmﬂgnﬁﬁ (Customer Type)
3 INA (Gender)
4 119510 1aA01A0U (Salary Level)
5 Mnvesneld (Salary Source)
6 Usznnrianilsenu (Customer Type)
7 Qﬁma (Region)
v A d’ =) d’d
8 m%ﬁul%ﬁ]t'ﬂaﬂ@’lf?!ﬂﬂ
Q o = d’ .
9 895171 138 1¥0(Prof/Div Rate)

]
a A

10 I9NFI5E AU (MonthOnbook)

11 YOARUAUAIA (Uncollected Principal)

12 80A0M3111 15A9A19 (Uncollected Profit)

@

13 ASuRaadsE (Late Charge Due)

14 NUIUEUNF152a199 (Last Payment Amount)

q

15 gOARUAUATUMNUATITZ(Total Principal Due)

16 gOARUONIIN 13ATUAINUATITL(Total Profit Due)

17 gOANUITIVMUMHUA (Grand Total Due)

18 NUIUTUAIR NN UAT UL (Day Past Due)

3.4 MINAU Model (Modeling)

3.4.1 PIZUIUNMI Data Preprocessing for Model

v
= U

o Yy v d' Y Y a d' %4
34.1.1 ﬂ15‘|~!1!‘ll1‘ll®yﬂ!1/‘|®1’lﬂﬁﬂﬂ Model ﬂgqﬁfﬂlﬂyaﬁﬂl‘ﬂﬁﬂﬂgﬂ1ﬂﬂ
20190131 @91UZ Active Nanua uazindwroasnallwidinen (PL/ NPL) 91ndoya
a A a7 o A o ' ] 2
aumaﬂagmﬁﬂ‘lmﬂau 20190228(MUYAINU 1 1ADH)

A Y A J g’; A AN Yo Y
IﬂUm'ﬁ]ﬂﬂlfli&mﬂW?%ﬂ Match INMUU Lagiaan Feature T]hlﬂﬂ'lﬂTi“VIﬂﬁ’E]Ull'lsl%\ﬂu
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® Identify unique values: ["NCID"].nunique() A539¢ amamﬂ’ﬂﬁﬁ UIFD
® Check target variable distribution: ["NPLFlag"].value_counts() 9N13N3£ 218 A219407
uils Target
® Split the dataset into dependent and independent variables : TargetVariable='NPLFlag'
® Splitting the data into Training and Testing sample: Train size = 70, Test Size = 30
® Random Oversampling:
O 1.RandomOverSampler = 0.25
O 2.SMOT
® Remove Identifiers: ["NCID"]
o Y ¥ A Yy a A a1 o
34.1.2 NITUNVIVYaINONAa DY Model %31%%03&@1@’1—!!‘”07]0%01?!8
20190131 @9IUL Active NIHNA Uz TWFBAINA1 JUHIAIABY (PL/ NPL) 910
v a ﬁ' td‘ v [ A o ' 9 A
magaauwemgmﬁﬂimﬂ@u 20190430 (MUYAITYIUT 3 1ADH)
A 9 A 7 A AN Yo Y
Iﬂﬂlﬁ@ﬂﬂ]@yﬁmﬁl‘l']gﬂ Match INTUU LLagiaon Feature ‘ﬂhl,ﬂ Wﬂ'liﬂﬂﬁ’ﬁl‘]_lll'lclﬂf\ﬂu
® [dentify unique values: ["NCID"].nunique() A539e0ULAY ”ty%?fm%
® Check target variable distribution: ["NPLFlag"].value_counts() N13N3¢ 918 AIVDIN
uils Target
® Split the dataset into dependent and independent variables : TargetVariable='NPLFlag'
® Splitting the data into Training and Testing sample: Train size = 70, Test Size = 30
® Random Oversampling:
O 2.SMOT
® Remove Identifiers: ["NCID"]
4
3.4.2 153UIUNS Model Selection Tunszuaumsiziindideyanaaonny
Y
Classification Model fiagie 1J#
3.4.2.1 NIUIUNIT Model Selection mmnnﬁmmdamﬂ] 1 lﬁi’]‘l—!
= o %’ g’.} d‘ ] 9 a
LIEEI‘UWIEJU Model (NMINMLIATIN 1): NATOU Model mmgmmgauazﬂizmumm
] o 1 { o %’ [ v v g}/
mJuEnuagﬂmuummﬁmmummgm mimuw'lﬁ“lﬁ’umuﬂﬂu Class NPL muu'ﬁq

o & Y A .. I v o A o Y A
mtﬂu@mﬁu%mm Precision / Recall ita& fl-score Lﬂuﬁ?ﬁ@‘ﬂLW?J’I%ET’]WﬁUﬂTiLﬁ’E]ﬂLLU‘]J

Model ¥1ANYIINAT Accuracy [NEDE1UAY)
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No |Model

Baseline

Logistic Regression |[solver=liblinear',class_weight="balanced')

Decision Trees

{max_depth=2,criterion="entropy’')

Random Forest

n_estimators=100, criterion = 'entropy’
| ! Py

(n_estimators=500, max_depth=2,learning_rate=0.01}

KNMN

(n_neighbors=10)

SVM

(kernel ='linear') / (kernel ='rbf')

1
2
3
4|AdaBoost
5
b
7

Maive Bayes

GaussianMNB()

8|VotingClassifier

ensemble {1-1&-.5 7 Model)

Random =42 /MinMaxScaler/RandomOverSample (minority)

NN 3.5 Classification Model

v v v Y 9 I
WSeumen Model (MIMEIATIN 2): Tunsisasanasaveansufseuiey

9 a P o [ dy l ~ o g g‘/ ~
Iﬂﬂ%gi‘lfWWﬁ']ilmﬂﬁ‘ﬂLW?J1$ﬁilﬁ1ﬁ§1JMOdelwu:§1uﬂ@u1ﬂﬂ%ﬂTﬂ"lﬁ'Jll“]ﬂﬂi\i“Vl 2

y A a A a J a o [ @ 1
Lﬁ@mi]ﬂ38@'1’]‘ﬁﬂ”IWW"IﬁiJWI@':Hl,azﬁ?ﬂNaﬂ'lﬁﬂizmuﬁ"lﬂﬁ‘ﬂﬂ"lilﬁﬂﬂ Model NAIDYN

A
U

15U ﬁmwﬂ%’uwnwﬁma%’ 99119 Model 1iDNAADUADUHAUD Class NPL (Precision / Recal

1 ag fl-score)

Model

Baseline f1-score [Class|NPL| PL
0.0 NPL [ 161
egression tol=0.01, solver =
N PL 8 1
.. L NPL| 167 2
2 |Decision Trees (max_depth=2,criterion="entropy') 0.95
PL | 17| 1769
. . M - NPL| 161 8
3 |Random Forest (max_depth=2, n_estimators=100,criterion="gini') 0.94
PL | 12| 1801
. . . NPL| 165 4
4 |AdaBoost (max_depth=2,n_estimators=500, base_estimator=DTC ,learning_rate=0.01) 0.96 = e

andom = 42 /StandardScaler()/RandomOverSample (minority) 1dtayaitassidau unsiau Tasdirauiilu Class vaafiau nunnius

MNA 3.6 Optimal Classification Model
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3.4.2.2 NZUIUMS Model Selection YBINIIMNUIYAIIHTN 3 10D
=1 9 a A{Ad' o [
mfFeumen Tagaz l¥ns1umos Nz aud1suModel
j’ 1 c; o ?,' d' A a A a J a o [
NugIuneuUNIIMIIUF IRVl seanTMwmlwesnazaynamssgiudmiums

Y
1300 Model #NA10819031

3 Month
No Model Baseline fl-score |Class{NPL| PL
. S NPL| 42 119
1 |Decision Trees (max_depth=2,criterion="entropy') 0.15
PL [381| 1440
. L L NPL| 70 91
2 |Random Forest (max_depth=2, n_estimators=1000,criterion="gini') 0.17
PL 584 1237
. . . NPL| 26| 135
3 [AdaBoost (max_depth=2,n_estimators=1000, base_estimator=DTC ,learning_rate=0.01) 0.13 el e

Random = 42 /StandardScaler()/sMOTE ladfjanadtaaddau unsiau Tasdieaullu Class uaslfiau usneu

MNA 3.7 Optimal Classification Model VYBIMIIUIBa91T 3 1R

3.5 N3ZUIUNIT Model Evaluation
3.5.1 N52UIUMNS Model Evaluation U891591318829%311 1 1A
"luﬂizuauﬂ”nif?ﬂzﬁm’fn’fagamﬁ@u“lfﬂu Classification Model 151413 Setup
saol1)id
®  NAFPUNT Sampling 5EHIN :
O 1.RandomOverSampler = 0.25
O 2.SMOT

® NAFOUNIT Set Threshold



Best Threshold=8.439873, F-Score=8.997

]_ﬂﬂ E i el v e
-3
0.98 -
£ —
J o Best
0.94 -
0.92
00 02 04 06 08 10

NN 3.8 7208714 Set Best Threshold

® NATDUNIT Set random seed

® NATDUNIT Set Max Depth U893 Tree Classification Model

ples = 33
.00493351 0.00223
class = P class =N

MW 3.9 20819 Optimal Max Depth Tree

® yNAdeUNS Set Model Moy Voting Classifier

® NATDUNITNI Feature importance

31
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Unprin

Unpro

Led

DayPastDue

0000 0025 0050 0075 0100 0125 0150 0175 0200

NN 3.10 A0819 Test Feature importance

e JumsnageulumsUsuninieg nouINIg Save Model
c?ﬁmmwmﬁauﬂ%’miwiwquazwafn1ﬂﬂﬁmamc§1 1@vm3taen Model Classification =
Voting Classifier 1311 Model 114/ Deploy d1mi51) %’ayaﬁ%ﬁmwﬁwi@‘lﬂ

3.5.2 N32UIUMI Model Evaluation U89mM35iuealansn 3 eu

°1uﬂizuaumsﬁ%ﬁu%ﬁ%gamﬁau“l'c*'flu Classification Model 151715 Setup
Sae 11l

e AgeUN3 521719M3 14 Feature Day past Due tiaz 1319 &4 Feature 117U Feature 7

diny lunsad1e Model

®  NAFOUNT Sampling 5EHI :

O 1.RandomOverSampler = 0.25
O 2.SMOT

® NAdOUMT Set Threshold Taet iy



Best Threshold=8.335326, F-Score=8.953

1000 4

0.975 1

0.950 4

0.925 4

0.900 1

Precision

0.875 1

0.850 1

0.825 4

00 02 04 06 08 10
Recall

WA 3.11 #2989 Set Best Threshold Y83mM5¥1u1ea191 3 1oy Taeld Feature Day

past Due

Best Threshold=0.338856, F-Score=0.958

10004 ¢ -—= PL
0975 1
0.950 4

0.925 1

Precision

0.900 1
0.875

0.850 4

0.825 4

0.0 02 04 06 08 10
Recall

WA 3.12 A19819 Set Best Threshold Y04m3¥118a1941 3 1eu 1ae'13i1¥ Feature Day

past Due



® NAFOUNIT Set random seed
® NadaUNT Set Model 1911 Voting Classifier

® NAFADVUNITH Feature importance

Unprin
Reg_BangkokandMetropolitan
DayPastDue

Lpa

Req_South

Tprod

Tprind

Gdt

Rate

MonthOnboolk
0.00 0.05 0.10 015 020

MW 3.13 A219819 #1981 Test Feature importance ¥0401591111882911411 3 1hou Tas 1y

Feature Day past Due

Reg_BangkokandMetropolitan
Unprin

Lcd

Reg_South

Lpa

Tprind

Tprod

Gdt

Rate

MonthOnbook

0000 0025 0050 0075 0100 0125 0150 0175
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NN 3.14 §29819 #9819 Test Feature importance Y8In139111188391111 3 1hou Tae 1

149 Feature Day past Due
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3.6 NITVIUNMTIMHIgVDUA
) o v aX v A v N o ¥ 9
‘U‘umummﬂuma”lﬂ"lmmmumaumii}mmamagammuﬂu VYUADUNITEAI N
[~ 1 v v
Tmﬂaiﬂﬂ%ummu 3 FulsenouranainIn

nszuumsiie=14 Model Classification = Voting Classifier Tauniuilu 3 damandsil

N Jo T Tt TTEmrTEEE TS \\ " _____ ~

Decision Tree

.
L

Random Forrest

. Ada Boost

|
%
|

Do Ao

D MR

. e e e e e e, e, e, — — - —_———_——— -

MNN 3.15 NTTUIUNMTTHIIUVDY Model 3 dIUNAN

A A Y a J
3.7 m‘;muam‘mmmmmwuﬁ
3.7.1 M#1 Python
3 A s a ) 0w ) ) =
Python sﬂumymeuwamawuﬂn% uazmuwmmumﬂmmmumay‘am
! = . P A a2 v v ' A
HWIUAYTINOIN YUY (Community) lemumaﬂnJaﬂuaﬂmmmmm“lmw“lummu
ﬁﬂmgﬁammﬁmunm
3.7.2 Program Rapid Miner Studio
. . . < A = a A a o @ 9
Rapid Miner Studio L”]JLlLﬂ‘i’é)\HJ@TINﬂE]iJW’JmE]TVIUEJll mmzmmumﬂmm

Y a 7Y 9 ' A = A o o
ﬂ1uﬂﬁ"]mi1$ﬁﬂlﬁ)y‘mm$L"lﬂGliN'IEIGluﬂ1ilillﬁﬂE1LW®u13J1W(§JluN1u
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UN 4

NaMIANHE

o a & A o I FVR a 4 a A
nnmshensinusioau Tuaa lumsiugriemsinszigunmadudenn
A ) dyglz a I dya ) dyé a A A [
msulasuntlas aoruzmssaruaingnuiisulnd liidugnuiideiadisewil Fedwsedn l
1 =) 0’ 1
nolninas1e 18 (Non-performing loan: NPL) #2en15Uszgna 19szuuiamninizons 1dan
#198198 2871109 (Machine Learning) Voting classifier Model #4119 1un15a319Tuina dana

a d Y =\ = @ g
NIINATDU HAZIUNITIEHUDYANTIIASIDYAAIU

4.1 wamyialszansmuanugniesvedliaa
4.1.1 wamsiaszanimmanugndesvedlumavesmsinnegaiawin 1 heu

doyanlylunisnaaouluniseasia Voting classifier Model 11494 6605 Records

Y

2 d 9 o a A A 1 o A = I Y
%QLTJH%@T@NQ%W?!@Q?{HL%@T]@gﬁ]'lﬁﬂm'ﬁllzlﬂﬂﬁ']ﬂll Ltazuﬁmumﬂu NPL/PL lemmau“a

° a A A 1 v A o o = 1 I 3
ﬂ”lﬁ@\‘iﬁl!ﬁf@ﬂﬂ@@']ﬁﬂlﬂ@“f}ﬂﬂ”IW‘Ll‘ﬁ Iﬂﬂﬂﬂ?ﬁl!ﬂﬂﬁﬂ?ﬂ%ﬁju NPL (Non-performmg loan)
9 ' 3 . 9 = Ay ¥
559 gty a az ui9an1uziu PL (Performing loan) 6049 GAT0Ya TIWaT 19 413150

agiwamsnSouievszansamlddenni 4.1 waz nwi 4.2

VotingClassifier:

1.DecisionTreeClassifier(criterion="entropy',max_depth=2
2.RandomForestClassifier(max_depth=2)
3.AdaBoostClassifier(base_estimator=DecisionTreeClassifier(max_depth=2), learning_rate=0.01,n_estimators=500

Class precision |recall fl-score
NPL 0.94 0.98 0.96
PL 1 0.99 1

Accuracy of the model on Testing Sample Data: 0.99

NPL PL
NPL 166 3
PL 10 1803
Precision 0.94 1
Recall 0.98 0.99
Fl-score 0.96 1

MNA 4.1 Voting Classification Model (Optimal)



37

VotingClassifier: Threshold

1.DecisionTreeClassifier(criterion="entropy',max_depth=2
2.RandomForestClassifier(max_depth=2)
3.AdaBoostClassifier(base_estimator=DecisionTreeClassifier(max_depth=2), learning_rate=0.01,n_estimators=500

Class precision |recall  |fl-score
NPL 0.92 0.99 0.95
PL 1 0.99 1

Accuracy of the model on Testing Sample Data: 0.99

NPL PL
NPL 167 2
PL 14 1799
Precision 0.92 1
Recall 0.99 0.99
Fl-score 0.95 1

MNN 4.2 Voting Classification Model (Threshold + Optimal)

4.1.2 wamsadszanimmanugndesvesluaavesmsiingalsnin 3 wew

doyanl¥lunmsnaaeulunisadia Voting classifier Model 31491 6605 Records

2 o Y o a A A 1 o A = I Y
mgﬂu%@magamamﬁuma%agmﬁﬂmauuﬂimu Llazuﬁmumﬂu NPL/PL Gluclgﬂmau“a

v
=~ 1

o a 4 o ' I i

%1@@\1@71&&%@%@%@1?’(8@@‘L!Lll‘iel'lilu T@ﬂﬁmmmﬁmumﬂu NPL (Non-performmg loan) 559
9 1 < . 9 = Ay ¥

GIJQGU’EHJ“'G LA umﬁmumﬂu PL (Performmg loan) 6049 Glgﬂmau“a GINNﬁ‘VIVlﬂ mmmﬁgﬂwa

mafFeueudszansonldaaning 4.3

VotingClassifier: Threshold #inuaa2911ia 3 1Gau 1aelad Feature Day past Due

B e R

NPL 0 161
PL 1 1820
Precision 0 0.92
Recall 0 1
Fl-score 0 0.96

MNN 4.3 Voting Classification Model (Threshold + Optimal) Tae1% Feature Day past Due
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VotingClassifier: Threshold #inunaa’91iin 3 téau 1ae'lsiled Feature Day past Due

B e [P

NPL 0 161
PL P 1819
Precision 0 0.92
Recall 0 1
Fl-score 0 0.96

NN 4.4 Voting Classification Model (Threshold + Optimal) Tae 31149 Feature Day past Due

4.2 wamsdadszansmnlaal¥ya

Q

1%

[

LG RAGIEN]

U

a A a1 o
aulyonagaIfy

4.2.1 wamsalszanimmanugndesvedluaa suuinnedIami 1 Hou

I 619/ 9 o a A A o = o J a
AYLTYAVDYANANTULFDNOYDIAYUDIUADU NNUNINUT - HNYUIYU
= Ay v Y v
Fana la aunsoagiwaldaanim
VotingClassifier: Optimal
FEB Mar April May June
NPL PL NPL PL NPL PL NPL PL NPL PL
NPL 558.00 36.00 561.00 31.00 569.00 29.00 586.00 24.00 594.00 26.00
PL 37.00 | 6,004.00 23.00 | 6,086.00 31.00 | 6,090.00 46.00 | 6,166.00 47.00 | 6,206.00
'VotingClassifier:Optimal
FEB Mar April May June
Precision| Recall |F-Score |Precision| Recall |F-Score |Precision| Recall |F-Score |Precision| Recall |F-Score |Precision| Recall |F-Score
NPL 0.4 0.94 0.4 0.96 0.95 0.95 0.85 0.95 0.95 0.93 0.96 0.94 0.93 0.96 0.94]
PL 0.99 0.99 0.99 0.99 1.00 1.00 1.00 0.99 1.00 1.00 0.99 0.99 1.00 0.99 0.99
Average |Precision| Recall |F-Score
[nPL 094 095 0.94]
I 100 o099 090
2
NN 4.5 Confusion Metrics (Optimal)
VotingClassifier: Threshold
FEB Mar April May June
NPL PL NPL PL NPL PL NPL PL NPL PL
NPL 559.00 35.00 572.00 20.00 572.00 26.00 581.00 29.00 591.00 29.00
PL 23.00 | 6,018.00 25.00 | 6,084.00 25.00 | 6,096.00 22.00 | 6,190.00 24,00 | 6,229.00
VotingClassifier: Threshold
FEB Mar April May June
Precision| Recall |F-Score ] Precision| Recall [F-Score |JPrecision| Recall |F-Score |Precision| Recall |F-Score |Precision| Recall [F-Score
NPL 0.96 0.34 0.95 0.96 0.97, 0.96) 0.96] 0.96) 0.96] 0.95 0.95 0.96] 0.96] 0.95 0.96
PL 0.99 1.00 0.99 1.00] 1.00 1.00 1.00] 1.00 1.00] 1.00f 1.00| 1.00| 1.00] 1.00 1.00]
Average |Precision| Recall |F-Score
[neL 0.96 0.95 0.96)
| 1.00] 1.00] 1.00]

WA 4.6 Confusion Metrics (Threshold + Optimal)
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4.2.2 wamsialszanEmmanugndesvedluaa nuuihingalenin 3 ey

Fanan 18 awnsoagiaalddenn

VotingClassifier: Threshold ¥inunaa1vi1iin 3 1iau Taald Feature Day past Due

Mar ¥inu1a June

NPL PL
NPL 533.00 86.00
PL 42.00 | 6,040.00

VotingClassifier: Threshold vinunuaaviivi 3 wéiiau Tae'lailal Feature Day past Due

Mar ¥inu1el June

NPL PL
NPL 515.00 104.00
PL 53.00 | 6,029.00

NN 4.7 Confusion Metrics (Threshold + Optimal) LUV¥IMIEAININ 3 1ADU

a A

4.3 agUwamsnfsaunaulszansam

4.3.1 wamsiadszanEmmanagndesvesiuma nuuinneaami 1 hou

[ a

9 9 ) A a0 o A o o
mﬂmima@waga UnseenTﬂﬂi%cljﬂ‘llﬂilaﬁ]”lﬁ’e)ﬂﬁulsb'@ﬂﬂgmﬁﬂﬂlﬂﬂmﬂu f!iJﬂ1W11ﬁ —

U

WU #alseANTNINUBY Voting Classifier N1n1351/50A1 Threshold 3¢ 1¥iHamMsnaaoun

VotingClassifier:Optimal [ VotingClassifier: Threshold + Optimal

Average Precision Recall F-Score Precision Recall F-Score
NPL 0.54 0.95 0.96 0.95 0.96
PL 1.00 0.99 1.00 1.00

MNA 4.8 1WSeuNeUNas2HI19 (Optimal) 1182 (Threshold + Optimal)
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Fa1ly11ve3 Error aaulngjazilsznouaie 2 dymimanioe

) < { a a o
43.1.1 ﬂﬂumwammuz NPL tauailu PL ﬁW‘ULﬂﬂW‘ULﬂﬂmﬂﬂﬂJﬁTﬂﬁﬂW

o

1 [ [ [ Jd o o
TDR ¥34301984 Monitor N1 Class Y1919 Monitor llJJ’LTiJWl.!‘ﬁﬂu%?\‘lﬂﬂﬁlﬂ'ﬁﬂ']u'lﬂﬁﬂﬂ‘ljﬂsﬁiﬂgﬁ

ligndesunaaau

3 ~

43.1.2 Yyri1vesaniug PL uaviuiedu NPL Anunaa1nlyniniavin TDR

A o . =2 o q ¥ o 9 1 v ' A A
NI9N13N1 Override Class ﬁN‘V]ﬂ‘Viﬂ15‘1/]"I‘L!"IEJi]"Iﬂ‘Ij@]‘U@ZJEI]liJﬂﬂG]@QUNﬁ’Ju HIDIUDIIINNIT

U

a A

o ¥ Ady A o Y 2 A w oA A S =2 o q ¥
ﬂﬂﬁmuz%uwummmwmamwmmmuwm SINRY m%ﬁuwaﬂszmmaumﬂu NPL ﬁN‘VI'IGl‘Vi
Y

v

@ a 4 v & <
nn ﬂlu%ﬁul,%ﬁlﬂlm anAIUUS ﬁﬂ']ugi]glﬂu NPL N3nuaA

u a A % o v Y A
4.3.2 waﬂ15'JmJ'szammwmmgnmwaﬂuma HUYMUYAITHH 3 19U

Y ) 9 o a A A o A
%mmsmaawaga UnseenTﬂfJGLG]fG]g'ﬂ‘U@lIﬁﬂWﬁ@\iﬁulcﬁﬂﬂﬂg’tﬂﬁﬂﬂlﬂﬂlﬂﬂu

Q

= o

Huay ueraRou Iguieu #alszansnINued Voting Classifier 11nN15150A1 Threshold
] v

@ q Y = @ 1q ¥ Y
N4 UV UN1¥ Feature Day Past Due tH o0 n D U 13119 Feature Day Past Due 3¢ 1¥iHan135

Li'd 1 a a 1 2 ti‘
nageunIMUszansmnlasunna A9 INg 4.9

F I Y =
| VotingClassifier: Thresheld Winunaaviiln 3 1iau a1y Feature Day past Due |

I Precision| Recall |F-Score Il

| |NPL 0.93 0.86 0.89 I
| |PL 0.99 0.99 0.99 [
S $ _JERa, \ b
VotingClassifier: Threshold ¥inunaaviun 3 thau Ta#'lula Feature Day past Due
Precision| Recall |F-Score
NPL 0.91 0.83 0.87
PL 0.98 0.98 0.98

v H 9 H
MNN 4.9 1W5euReUNATL1II19 Voting Classifier NN51/50A1 Threshold 19 uuun 1y

Feature Day Past Due euny uuv 131y Feature Day Past Due
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4.4 wamyIaanuisnelavesdlFanmu

[ =< Y [ ' A o = 9 o o
’JﬂNaﬂ’JﬁJW\‘]W@%"UE}\Nﬁ%NH ﬂ1JﬂqNLﬂWH?JWEJVIT]NWL!LﬂEJ’J"‘IJ@QﬂUﬂﬁ‘lmxﬂuiﬂ‘c’l

o o o [ a [ 4 $ Y] g
1Fm0msuIu 5 99 tazdorauouusdSUNAAN UM on 1 Y0 Han lauadil

Wigela

4.4.1 M2 (Questionnaire)
1
1. Model 111)5¢ Teasinonsnaugu NPL anntoariiosla
a a A Aa Y o
2. Model @11130aam s lumsnasanaiuguauseinii NPL mniloaiiias]a
' a A Ag Y =
3. Model az38aaa@uaeniiu NPL untouiiedla
= o Aa a A Ag Y ~
4. Model 9:1)3¢ Tomianonisaamuaudeniu NPL sntiouieala

5. Model inunzauinazainn1#iily Barly Warning auigeniilu NPL 1o

1 o o 4 4 4 a 4 1 d
6.Model mingaunazihuliznoununioseduionruanduiediilu NPL

9 =
NN la

4.4.2 nganthwang (Target Users) Wavina 7 nganarihy
therSysauaes
thofnuuazseidioungnasisuing
ther3msanudesduiosodon

thenagntsuinis

Fheannnansauad
Aheusvitsuazsaseuuma lu lagensaums

aausneianulasansnamnalulay



4.4.3 wamsilszuanunianela

Model filszlamisian1saiuan NPL uadasiiadla

7 responses

@ 1nvias
® 10
® thuna
® an

@ andias

= a o d v
Model anm'maﬁm'iﬂumswaﬁm"mmauaumamﬂu NPL inndaaifiaala

7 responses

@ nnvige
® nn
® 1hunan
® an
@ aodids
i o a v =
Model Qgﬁﬂﬂﬂﬁﬂul.ﬁﬂﬁlﬂu NPL snadagaisale
7 responses
® unfigs
® 1
® 1hunaw
[ REH
@ Uandiga

® Trliznunsasay’ls Moldel Hhuataadad
dimvinnedafRufiaduiads e
wumnelasfuuasuily nnsan NPFs
fadavan (fafoaialu) fuadiuanu
aunsatunisznsewil uarumaas e
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a v a a o - =
Model agfitlseTomidanisdaaududadidu NPL snadaauiaala

G responses

@ untida
® un
® thunan
® an

@ taniias

Model tmanrauviavinuntailu Early warning uidiaviiilu NPL snniaaisala
7 responses

® niiaa
® 0
® 1thunaw
®iau
@ avias

v ar - = el - =
Model wiznzaufiazianlilsgaaufueiasfiaduilamvandudadiilu NPL mnaiamilaala

7 responses

@ 1niida
® un
® 1thunana
@ an

@ ianfiga

= A =
MWN 4.10 wamsdsziiuanunanola
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4.4.5 aydanadaiviesdetawonuzdvmsunanianvealliam

AR uLINLEN

7 responses

amnlvassvhdudadsuanivadioay

aunsalifluumndaviainldasan lumsihdasaluldaudugla
“User azlaiitaasiia il lunisuSuisuasdaaianilld

Aav¥aliauluasdns wiuanuddywas data driven organization wiawarllhewihn iWuaadusuidnnaiy
msisvausuiiasauaanlumib g uiianuIndu wiahsnldnuadeaa'ly

unaadueing

wineAnihllianafunisiaaiumil

{ a < Y ) @ a o J 9
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~
UNNn 5
1] %
TJVIETE tagvualaHolluy
a o’d’ dyd [ 4 d‘ o o [y o a 4
Nuasinusiesiidaglszasdmonaun TueadivSuaivayumsins g
a A A 1 @ ~ v g’/ dy g’/ a I dya o

AuaMAUFe Nogordvnnman)asuulas anumsaidarunngnuiisulnd liidlugnuiidaia
o Y A a 4 4 [} Y a 9 . 9] » 9 1
F15znil Faguiro luneldinas1e1a (Non-performing loan: NPL) A18n151U52gnd 1952 1N

4
amsnizouj 1A11Nf10619918A 1109 (Machine Learning) Tagaginaaiuide aasrenmsae i

=3
5.1 agiwamsanmn

t4

9 Y 9 4
5.1.1 1aTwaadditszansmwdlumsaniumsalhuwedasuanganiisuilnd llifluganil

a @ o dy Y g’.} [ dy
WAUATITSHU Iﬂﬂji\llﬂaﬂizﬂﬁ]ﬂﬂ’)ﬂ 2 YUADUAIU

g‘/ ~ o [ g’.} dy g’.} a I dya Y] ) dy 9

duasui 1iretasuningnuisuilndlihilugnuiidaiasiseniiTasld
Classification Model 1/5znauane

1. Decision Tree Model

2. Randomforest Model

3. Adaboost Model

Y v [

JUnoUN 2 Evolution model 1a81)51A1 Threshold Mimanzanluyadoya

' o o Jd o o g}J ngJ
5.1.2 Wﬁﬂ1'i1/1ﬂﬁ’ENGl,ﬁ}ﬂ'ﬂll!l,llufl']Glufni‘1/'I']u1EJETE]1uﬂ1iﬂ!ﬂ1u1&lﬂﬂ°]ﬂuﬂ1ﬂgﬂ'ﬂﬁ%u
a 3 dya @ o dy 1 Y A [ 1

ﬂﬂ@"lﬂgﬂugﬂwuwwu@mizﬁu UUUANTHI T U Iﬂﬁl?ﬂﬂ'l AVG U9 Recall

/551194 95% , Precision ¥10N71 95 % 1Az F-Score NI 95 %
Y ] o o d o [ g}/ dy g}/ a
5.1.3 Naﬂ"li‘ﬂﬂﬁ’ENiﬂﬂ'J"IﬁJLLNHEJ"IG!HﬂTiTHHTEJf‘TﬂTL!ﬂTiil!‘VITLHﬂﬂﬂ%u%iﬂgﬂﬂu%u‘ﬂﬂ@llﬂ

& Aa o o 2 ! ¥ A a ¥
Lﬂu’gﬂwuwﬂuﬂmswu UUUA WU 3 1PDU IﬂEJNﬁﬂ"liVIﬂﬂ@\iL‘].ﬁEJUW]EJ‘]JLL‘]J‘]JiGH Feature Day
Past Due ttazttty 1419 Feature Day Past Due Tagian1 Vo4 Recall Yszan 86 %, Precision WA

93 % 1Az F-Score NN 89 %
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5.4 dayminnulumsinngnasnnilyrivesdniug PL uaiuigi)u NPL ANUIAAN
Jy11n13911 TDR %50n15%1 Override Class 39¥ 1% n15viueangadoya ligndesuisau
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