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Abstract
Government Saving Bank (GSB) implemented the emergency Covid-19 relief loan policy to help
individuals experiencing financial burden. The impact on the policy lead to NPLs. The purpose of this study are to
study the parameters that lead to NPLs and to forecaste NPLS Status of GSB Loan using data mining. The technique
in this study is the Cross-Industry Standard Process (CRISP). There are 6 processes that are business understanding,

data understanding, data preparation, model development, evaluation, and deployment. The data collected from
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COVID-19 reliefloan from 7,215 customer GSB Loan in Chiang Mai University branch during July-December 2020.
To do the data preparation, feature selection for data mining i.e., data transfer, data reduction, data cleaning using
WEKA as tool. There are 3 algorithms for forecasting NPLS that are Decision Trees, Naive Bayes and XXXXX.
Algorithm performance testing by using the root of the mean square error (Root Mean Square Error : RMSE) for the
best algorithm. The results can demonstrate that there are 5 parameters (occupation, status, education, income and
gender) that lead to NPLs and the most accuracy algorithm is Gradient Boosted Tree with accuracy 96.15 %
comparing with Simple Regression and Random Forest with accuracy 94.52 % and 96.10 %, respectively.

Keywords: Machine learning , NPLs
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o 9 . o 2 9 & Yy a
3.1 ﬂ?ﬁﬂWﬂ’JWﬂJﬁV@Wﬂﬂlﬂya (Data Cleaning) MNITNUAUNTNUDIVDYALIND Glﬁﬂl’ayaumm

Y o 9 o v Y Aa a A 9 A g T
gnded Tasmsianguideya msmiadoyanaailng nsedeyaiiilumidng (Null)

=D.

. o A [l A~ @ I
3.2 MIwaIuteya (Data Integration) ¥11013 5309 pyah Tau191nM I8 IUATNIT TR
' [ A v I 9 A g = [
uanaanu Iamssanudeyalugtmuuiiluinasgu@eddu
. I g { '
33 msuiasdoya (Data Transformation) tHunisvamsdeyanld i lianumuzauaonis

1 1195l uwennsal dannsan 1.

M50 1: ugasmsilasdoyavengugnm

Variables Variable value Description
. =2 o ' =
Education (N3ANYY) 1 MnSaanes
2 SIELLTREE,
3 gannlSages
Gender (1Wfl) Female ‘Hﬁj N
Male ¥
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Y . A Y ) v 3 9 A = 3
3.4 msaajildeya(Data Reduction) iHpaninudeyaiinsvanuieyaniinnuazideauin
Y YR Y o Y A A Yo 9 a Y Y =
1 H Vl hl hl Y
Tidanudeshinmsangildeya onez Idihdeya lianszd Idheau
a o o 9 Y % 9 9 4 a ¢
4. msansizd laemsiumilesdoya danu 114 1Usunsy Weka Faldiilunsosiio lumsinsizd

9

Y o & g v qY 1 A A Yo o Y &
mayjauazﬁinmzmumﬁau Glmmgngﬂﬁmiwagiugmmmm .CSV LW@TI%ZM],Y"IHWIE‘)H%’IHHTIIElLﬂﬁJlW@

9 4
An1e¥ Tagaz 1535 msvanuanny (Classification) 1az35n3isous (Learning Methods) 91nn15ANEIATIE

= o Y o . A q 9 a Y ¥ o Yoz
ANYIIINIATNIVUNAADUTIUIU 3 Algorithm tWe 15 lunsizeuiuazadunuiiass Taen13 1935 K-Fold
Cross-Validation Test #3n15fmuan1 K=5 uag K=10 mwaiau Taslduaazdinisudeyaiminu Tag
Y & Y I @ a a 3 Y = A 9o @
JoyanilsdmazldiudmadeuilszaninmuoaTuaa o ldsuasy vazdeyaiidoss Iddmsums

1 4
nadou Taedeyai ldninmsnszvialeTilsunsy Weka uaaswaldasde lii

A15199 2: Aaaatlssansnmvesduunagey

Classification Model (Training Set) (5-fold (10-fold
cross-validation) cross-validation)

Trees.J48 96.52 % 96.20 % 96.15 %

Rules: Part 96.94 % 96.06 % 96.10 %

Bayes: NaiveBayes 94.57 % 94.44 % 94.52 %

MnYeyanIms gy mytalszansamvesuusiasanuy Classification: Trees.J48 13075

Y Yo A an . . I "9 U I o ' =
dulddadule 13T 10-Fold Cross-Validation 1 unismisdeyanvnguesnilusiuiu 10 nqu naziinig

° A g 9 oA A oA = A o
nagousIY 10 50 Tagseun 1 iWlumserdoyalunguil 1 eenuuielilungui 2 4 10 iWehaunsums

1 Ed

Foudamsrwauiiue ganuiielddeaglvinmsBeuiunnsiasany Classification: Trees.J48 1 i

v = ¥ A "9 ¥ a9y Y =
anugnaeanniga’ls 96.15% uaziininiuligndos 3.9% uazannsaadengmsiseud 18 42 ng delums

i 9
an1lsz@ninimvesdrnuusiaoe 1dtiu awsoudas1anen1n11ugnAe (Correct) A1AUIALE

Ed
(Precision) AANNTLAN (Recall) 4azAINNDNAA (F-Measure) dzuaaalunin aall
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FEDERATION

& Weka Explorer - O X

[ Preprocess ] Classify I Cluster T Associate T Select attributes T Visualize ]

Classifier

| choose j‘.ua C025-M2

Test options Classifier output
f r
() Use training set N
Time taken to build model: 0 seconds ;-
(U Supplied test set Set
r === Stratified cross-validation ===
@ Cross-validation Folds 10 o L
=== Summary ===
() Percentage split % 70
. Correctly Classified Instances €937 96.1465 %
[ More options... J Incorrectly Classified Instances 278 3.8531 &
Rappa statistic 0.6105
- Mean absolute error 0.0575
l (Nom) Overdue B Root mean sguared srror 0.1731
Relative absolute srror 51.0109 %
Start Stop Root relative squared error 72.967 %
Total Numbsr of Instances 7215
Result list (right-click for
-
i === Detailed Accuracy By Class ===
20:05:57 - frees.J48
TE Rate FP Rate Precision Recall F-Measure MCC ROC Area FERC Area Ol
0.588 0.451 0.972 0.588 0.580 0.618 0.946 0.992 Noj
0.549 0.012 0.741 0.549 0.630 0.618 0.946 0.617 NE|
Weighted Avg. 0.961 0.425 0.958 0.961 0.959 0.618 0.946 0.971 ™

=== Confusion Matrix ===

a b <-- classified as
€700 83 | a = Normal
135 237 | b = NPL

310 1: wad Idninuuuiaoany Classification: Trees.J48

Tree View
Incame_org
=No  =ves
Status_ace  Normal (6080.012.0)
= Special=mal_Class
Normal (BA0M360)  (recumation
~ B e =
s1—==7 SRl By el o] P
B e T I T T e
e T e — T
Horrhal (FA0190) | NPL@S10) | income_cus stws  NPLOODAOD) | NPL(1IBD24D) | WEL(D) Narmal (1.0)
— =T 3 wary = omar =sege
e T e — _~ | ~.
WeL(1.0)| Gender Staws Genger | NPLE3.0150) | Normal (250800 | Eaucstion
/ E
= Female = Msle = Mamy = Cther = Single = Female = Male = Female = Male =17 =2 Taa
— | ~ S S /
‘Normal (4 0/1.0) | NFL (4.0) Gender NPL (2 [l]l Gender Mormal (8 0:1.0) Educaton HPL (301 DJl Mormnal (B.0) NPL (25 08 0) ‘ NPL (28 /B .0} | Normal (5 0¥ 0)
=Fomae = Maie = Female = Male =17 =2 T
// |
WPL@OA0)  Normal (30) | Nemmal(15.060) | NPL@D) Normal (2.0) NPLE0) Normal (0.0)

310 2: Tree View 1 I@nnuuusiasauu Classification: Trees.J48

v v 2l H
INNd 2 aunsaswunaniuggnindaniuzniinline ldinasie1a (NPLs) Tagldngh1d
vinuuuassuudu lidaduls Tasli Tnuasin (Root Node) o n155ui510 8090 sznoudie A1 Yes

U 4 o 7 1w [ a = v dy (3 Il 1
iag A1 No !ﬁﬁ]fﬂﬁﬁ‘le’:ﬂlelﬁ}"U@\?ﬂQﬂﬂimWﬂUﬂW No ANILTUIYIYASIDIAAIU INAIBYI LYY

o ~ a
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Rule ERGERTNE]
4 (=) ) Yy v A aa = 9
Income_org=No -> Status_Acc=Normal Class - | 83An3 11ilin135503510'18 HaomzntigFiuilnd Terdwdisznon

Y Ax

. a a <
> Occupation=5 -> Status=Marry -> NPLs ﬂﬂﬂ15/lﬁgl’1511f)\1ﬂi]ﬂ15 ﬁﬁmuzmw ausd ﬂgtﬂugﬂﬂ1ﬂﬂﬁﬂ1u$ “NPLs”

o () [ Y a =] aa = o 9
Income_org=(No -> Status_Acc= Normal Class | 83An3 11ims50351014 Hanwznaigmiulnd Jo1dwsuiin

-> Occupation=7 ->NPLs mlldus s snilugadiitiaaiug “NpLs?

Income_org =No -> Status_Acc =Normal Class | 8403 1iims5u3510'ld Tanmgmaiyiluing Tordwminau

. v Ao o 1 a g Y S
-> Occupation =3 -> Income_cus =1 -> NPLs nazgnirelunsn Hse1dldinu 10,000 1 wdugniitiaaiue
“NPLs”
's 12 @ Y YA o A g aa = Y
Income_org=No) -> Status_Acc =Normal Class mﬂﬂﬂuuﬂﬁi‘ug‘ﬂﬂqﬂ :Jﬁmusmwtgmﬂuﬂﬂﬂ uawwqﬂixﬂﬂ‘u
-> Occupation=5 -> Status=Single -> namsadwesians Taowznm Taa szdumsandininlsyan
. o < Y S
Education= 1 -> NPLs 2k fo:nﬂugnm“ﬂmmuz “NPLs”

4. HAN3308

Y Y a 4 a @ ' ' [ 1 Y o 35 Qy
"l]"lﬂﬂﬁ'ﬁﬂ‘]sﬂﬂ]ﬂilﬁ ﬂﬂﬂ"l’ﬁul%ﬁ] VU IN AT 11 INNYUAIDYWUDIGNATIIUIUNITU

U a

= 9 ¥ A

7,215 519 520201 TUNsANY 1Yo YaAAIADUNTNYIAN 2564 DUADU FUIIAY 2564 Tagldnisadiadn

U

HUUNATD VLY Trees.J48 61 tazAuduUMIANIMUNTZUIMMIAIINd S unsiuvilesdoya CRISP

v 4
aeT5un5u Weka wudngugnmanddymmsarediss el

= 1 Y A g 9 a Y a A o T a Ay v Y a
1. fﬂ‘b’W:ﬂ@ilgﬂﬂTﬂLﬂuNﬂigﬂﬂ“lJﬂﬁ"lj5ﬂi]/L°’l]"Iﬂl’fJ\11§§ﬂi]i]2ﬁllf]C°’l§1ﬁ’3u1uﬂTilﬂﬂﬁuﬂllllﬂﬂglﬁmﬂ

51018 (NPLs) mnnaingugnaigs usiana l/gldussanus) uaznguerdwnuasni(s) ioasidiulumsmg
o Yy A
Frszioonge

1 9 d’d . = U a dyd' [ Y a Y
2. ﬁﬂTL!zﬂTW:ﬂijilgﬂﬂ”I'VlﬁJﬁOWuzﬂWWIﬁﬂ(Smgle)%ZM@ﬁﬁﬁ’mﬂﬁmﬂﬁu‘ﬂMluﬂﬂclmﬂﬂiwllﬂ
(NPLs) mﬂm'm’cjugnﬁ'mmuzmwama(Marry) uazamumwﬁuq(Other) ANAIAL
v v E2)
3. ﬁzﬁumﬁﬁﬂm:ﬂqngnﬁ’mumiﬁﬂyﬁgﬁuﬁmmﬂ?iyﬂpm(1)i1$mi”e1§1mumﬁlﬁﬂwum"lu

@ 1

neliinasela (NPLs) nnszauiS a3 (2) nazszaugan NS ynas(3) MUy #aannsany

A3

1 @

o Y Y 1w ] dyd' ] Y a Y =1
neveyagnmainngualedanili luneTiinasela aail

OCCUPATION nqudeya $ooaz NPLs Status nqudeya $ooaz NPLs
1 2581 2.79% Marry 3183 6.16%
2 113 0.23% Single 3394 9.07%
3 1093 2.13% Other 638 1.51%
4 53 0.08%
5 1644 457%
6 608 2.48% Education nqudeya ooz NPLs
7 956 4.22% 1 2817 8.80%
8 15 0.00% 2 3775 7.17%
9 152 0.23% 3 623 0.77%
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LAZHNAVINNITNATOUAIUUNATOU Classification: Trees.J48 ‘ﬂllﬂ"tnﬂ Confusion Matrix mummm

andoeagit 96.15% dail

L]

a b classified as Positive Negative
6,700 83 a = Normal TP FP Positive
195 237 b=NPL FN N Negative

@

Aa v . . <1
aﬁmﬂwaammﬂﬁﬁ’aya Confusion Matrix #1414

a

1. uuuNAdeU T1UIUgNAI 6,700 510 HanuziigFUna (TP)
° kY = v A dyd' [ Y a Y
2. wwunadey $1augnm 237 51 Taausiyduiin lineliiAas e 14 NPLs (TN)
° Y] 1A o o Ady 1o Y a ]
3. wuunagey $1IugnM 83 510 szuviszuananiaoiugmaiyduiin line TdiAase1d
NPLs uanndeyaiianiugmainiiUnd
4. wwunadey S1uIugnM 195 518 szuulszuraranianuemaiyFund uaondeyaiianiug

o a AL
mafydnili hine 1Winase 18 NPLs

5. Asema / unagy
@ o KAy a a A
manernsaianuznaiyduin line 1iinas1018 NPLs vesgnm@uiie Covid-19 Taonisad
HUUNATOUTIUIN 3 Algorithm 1AUA HUVF1ADY Trees.J48 HUVI1809 Rules: Part 4azUUVUI1a09 Bayes:
T s
NaiveBayes $301nmsnfseuiisntlszaninmwvewuusiassiuiinnuuanaaiu limn dganuiahmsidon
= o & & 2 a a Y Y 1 'Y = 1 '
ANEDDTIA0Y Trees.J48 iipaninilonfSsuiisul)szansnmuda’la Aanugndeunniigaegh 96.15% an
[l o ° a . . < H y
A ligndes 3.86% uaz lahinisad 1008183 N-Fold Cross-Validation 1Hunsuistoyannugu
< ° ' an o ' ° § o a a
poniludiiu N ngu mindsasnanannsaaiungmssuun’ld 42 ng e tannlsz@nsnmveswunaaey
4
udrliannnnidesas 70 yu'll uaaiIsmsuddeyagamsizouiuaznago s Tl lumswaun
s o a Ady 1 gua v v o ¥ Ay v Y

upumswensaianiuzmatyduin linelfinase’ls NeLs 18 duiunaildvinmsadedununaae
o JIq 9 @ I'd a a A A 1 A 1 Y A
Trees:J48 a5 01i1 1i)szgnd 16 lundninmaimsiosanduirevessuinsniesromasngugnaIng

=

E )
an gy duiin lune ldinase'ld NpLs 14

6. TorauauUy

1 wnnsaAnsluada fseiim et lire TiRase I8 NpLs dudinaihihseludeswes
7101871850 uaznan el Covid-19 slifiudsngugndiiszaudamluGosnolfoduutiia

2. ﬁm%"‘mﬁﬁﬂyﬂuﬂ%wia'11J%zﬁwmimimmamamrmgaaummmﬂﬂammmaﬁwmatﬂu
AINATUINITORUAUNIA 8 Lﬁaﬁﬁayauﬁmiwﬁmmuﬁﬂdnuazﬁmmlﬁiﬂmﬁﬂuﬁqﬂﬁﬂﬂmﬁwﬁﬁ%

' Y a Y A o a N ¥ o q ¥ y 9 Y o
ﬂf)clﬂl,ﬂﬂﬁﬂvlﬂ NPLs ma’mmaamﬁzw"lmzm“l‘ﬂmuuuﬂumay‘agﬂﬂflumwmmaﬁmumﬂ
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