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Prediction of poverty level on census data using machine learning
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suusamuansuzianiza93teya (Feature Engineering) Iiaaf1enmuaneuzianizaasaiaFeu e ldlunisviiuiensu
gNauaaglsLang %ammmmugmmq@@mﬂu 4 5vAUAD 4U3UK9 (Extreme Poverty), 11nane (Moderate Poverty), g
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Multilayer Perceptron ,n1331As1zUnM9aLunszinymi@adu (Linear discriminant analysis) ,33nsiautinulndnga (K
nearest neighbor) ,Tuwnatlngu (Random Forest) ,Auldifin@nlaanuaunin (Extra Trees) A1NN13NARBINUAMULIAIABINIT
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FrufreAsesdanswu Ul guiidsr@nsnanangalunisvinuigaaneinauanndeyadiuzudszainslaelinauuduen
(Precision) WinfiU 0.43 , AMNNATUAY (Recall) WNTU 0.46 , WATATKUL F1 (macro F1) @Aaswindu 0.43 Tasiannnismeaass
wudmafianisguiiasinatininguias (SMOTE) HdaudAnylumaifindsy@ninmassuuuanasslunisssyanuainau Tng

e

A F1 (macro F1) 1iinauan 0.31 1l 0.43 uuuanaesiiiaue i nnantiandAyngeaanlsensninasielszangninaes
uuuanassdulsznevlddagaruauilluaniudnen engaesilszainsuazseauvesnisdnunlaafiAraaudn Aty (feature
importance) Winfil 0.057, 0.055 WAz 0.053 ANNANAL
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Abstract

The purpose of this research is to present the utilization of machine learning for analysis of census data by
proposing a feature engineering process to create household characteristics for predicting population poverty. Poverty is
divided into four levels: Extreme Poverty, Moderate Poverty, Vulnerable Households, and Non Vulnerable Households. The
machine learning models used in the poverty prediction from census data included Multilayer Perceptron, Linear
Discriminant Analysis, K nearest neighbor, Random Forest and Extra Trees. The experimental results shows that Random
Forest model yields the best performance for poverty prediction from census data, with precision equal to 0.43, recall
equal to 0.46 and the average macro F1 score equal to 0.43 The experimental results also revealed that SMOTE plays a
significant role in the optimization of the model in poverty identification the value of macro F1 score increased from 0.31 to
0.43. The models presented above possess three most important properties affecting the model's performance, including years in
school, age of the population and the level of education with the feature importance was 0.057, 0.055 and 0.053, respectively.

Keywords: machine learning, predicting poverty, feature engineering, synthetic minority over-sampling technique
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gaAdeann Scikit-learn Tnafidunauutiaiuy 2 dou dounnilautisdayaiiu 2 gane dayain(Train) uas
dayanngau(Test ) anuunisvinanudnladeyauazimsandaya Tnavirdaganivinanuazeindaya
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Figure 1 Steps 1 understanding data, 2 data preparation
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Figure 2 Step 3 evaluation of algorithm, step 4 modeling and evaluation.

1. nMsviradrladaya (Understanding data )
1.1 gadaya
o 1 | 9 ' = |’o’ o
1.1.1 auaudays 9,557 wna uanalivdeyareusiazyanad g
1.1.2 AuruARaNY 143 PeaNY wanslivdayaNlisuanfuANHUZIRNZIDUFAAZ Y ARA

dsznaulisiae arurdn (Integer) 130 ABANY A1UIUA3Y (Float) 8 ABANY LATNgNIAY

(Object) 5 AaanY AdluFaaeNg Figure 3
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Id v2a1 hacdor rooms hacapo wvida refrig wiBq wiBgl rdh1 . SQBescolari 5QBage S0Bhogar_total S5GBedjefe S5QBhogar_nin

0 ID_270628684 120000.0 o 3 o 1 1 o MNaM o .. 100 1248 1 100 o

1 |D_f2Deb3ddd 135000.0 o 4 o 1 1 1 1.0 o 144 4429 1 144 o

2 ID_68de51cD4 MNaM o 8 o 1 1 o MNaM o .. 121 8454 1 o o

3 ID_d671db88c 120000.0 o 5 o 1 1 1 1.0 o 21 280 16 121 4

4 |D_d58d5f5f5 130000.0 o 5 o 1 1 1 1.0 o 121 1268 15 121 4
8552 |ID_d452e387d  B0000.0 o 8 o 1 1 o MNaM o 81 2118 25 81 1
8552 |D_c24744e07 500000 o 8 o 1 1 o MNaM o o 4 25 21 1
8554 |D_85fcG58f8  B0000.0 o 8 o 1 1 o MNaM o 25 2500 25 81 1
8555 ID_ced540cS1  B0000.0 o 8 o 1 1 o MNaM o 121 678 25 21 1
8550 |D_a33c564491  B0000.0 o 8 o 1 1 o MNaM o B4 441 25 81 1

9557 rows = 143 columns

Figure 3 Example data set

1.2 AaANY Target

e Aautlsanuaudin (Inte4) Feazgnninuualiidunadnsluntsinunadsenaulisae 4

o

&
NANAIY

1 YAAANNAINENAUTUIULI (Extreme poverty) 755 Una

=

2 YARANRAMNINAULNUNAS (Moderate poverty) 1,597 W09

3 yARaNAAMNIALIAZEINAU (Vulnerable households) 1,209 waa
4 yppa laidANLAeNAz8INaY (Non vulnerable households) 5,996 U7
2. ﬂ’]ﬁ‘L[ﬂ?‘ElﬁJ‘ﬁ"ﬂﬁ;J.@ (Data Preparation)

ingadayanviinisutisdayasaniy 2 daupe Train uay Test ludnsdau 70 : 30 auanlunig

1
[ A a ¥ ¥

vndunewssendaya Tne Train Aegadasyanislindmivaf1eunudiaes uaz Test Regadayanimmagey

a

AMFUN1IALTZANEN N IULLAN AR

2.1 VT’lm’mmmmﬂTﬂH@ (Cleansing Data)
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o Y o Ay Y & =
nsviAnNazatadeya unszuaunisnsasaunazuilasanisdasyainldgnsiasielifideyadsll
ansni i ldassuuuanassla(guiimalulatiarsannansunisdaniey, 2562) Tnadsnisuiladanam
2.1.1 wanmamellludasys (Data Missing)
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2.1.2 AuUNABANUIRE (Explain Column Object)

k7

gadayanianlilunisimunacsaziiulsznmanuausia (Integer) WazANUIUATY (Float)

e lWanusoiumunsaaniusanesials Asfesduundeyaiiiaenndesiudeyatuluusazaedul
Tnaldasnsufsauinaudeyanuaumangueusazaadi (Data description ) Lﬁ@ﬂa‘“uﬂ@ﬁ@mﬂmiﬁgﬂﬁm
2.2 NN7AZYTRLALTIRN397 (Exploratory Data Analysis)
2.2.1 nManmuatszinnaasnguAaany (Define Column Categories) Imginiiaiflu 4 ngu

1. nqudayasrymnudadudayanszynislidiuaecusazyans udeys

anaryladmasauvizaudla

2. nandayaresusiazyrnaiiudayadousiaaeusazan anmnsniiundneefls
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4. ngudayasnitdsassaaiudayasiie neglugadasatigninuneniidiany

o &

2.2.2 ALz AN andNNUT (Correlation Coefficient)
= o & o d‘r/ ' o oﬂ? oA v KX o v
unisfneepandiiusuesnedilisus 2 pedifull dafianuadardaiuaesdeya
v = A = o o ' o o’d‘ o ] ://

wneeiesla(@udinatuladansaumensunisdnunany, 2562) Ineazinguaeduiminisuleluiunes
1 v -ﬁ/ = o 1 1 -dll 1 R .. o o rdld 1
naunthilnsaunauiuusazngy iwanuiAn Correlation Coefficient  WazazyiIN13aLABANUNHAN
Correlation Coefficient ga11nnan 0.95 Lﬁfa@mmmmmmiﬂsﬂ@

2.2.3 peaNig dau (Duplicate Column)

YN19dnngNTe9gAdayaniANuNIeuTe A0S Un89ARANY (Data descriptions)
Nendewielndipeainazidunisanaunrediizesgadayaiiaiinacuiialunisszanana Insaziiae
paaNIsTAtRyA Train uas Test aeivaz 57 ABANY

2.3 ﬂ’]i‘ﬁﬁmm‘iwﬁm;ﬁ (Feature Engineering)

k%

' -ﬂl 1 o = o 3’/ IS 3 o % =< o K ° Y a
@H@Lmeqﬂm@mgﬂum@umqLmﬂfmuuummgmnwmmmﬁm@\mm\mﬂummmmﬂiﬂfmmm

v
¥ o o

daya (Bias-Variance) Astiiazinn1sdnnguandays InatinanidnusasasauaianIniin1ssandayauaym

AR (Mean) , ANG94n (Max) , AANga (Min) iNaadstadasalaeuiaii Train Hdeya 2,074 uns 198

q al

o 1

PoANY uaz Test Hdaya 889 una 198 AadaNy Aslusiaating Figure 4

vzal hacdor rooms hacapo vida refrig vigq vigql rah1
mean min max mean min max mean min max mean min mMax mean min max mean min max mean min max mean min mWax mean min max
idhogar
001ff74ca 00 00 00 10 10 10
003123ec2 0.0 0.0 0.0 0o 00 00
004616164 0.0 0.0 0.0 00 00 00

004983866 00 00 00 00 00 00

o o o o o
o o o o o
o o o o o
® ;s ow oo
@ ¢ ok ow oo
@ ;e ow oo
o o o o o
o o o o o
o o o o o

o o o o

o o o o

o o o o
s o e m oo
-]
o o m o

005905417 0.0 0.0 0.0 00 00 00

ffo343a3s 0.0 0.0 0o 1.0 10 10 0 0 0
ffodSab17 150000.0 150000.0 150000.0 00 00 00 1] o 0
ffaedala7 00 00 00 00 00 00 1] o 0

ffev0d46f 0.0 0.0 0.0 0o 00 00

o o o o o
o o o o o
o o o o o
BB @ oo oo
B os @ oo e
BB W o o
o o o o o
o o o o o
o o o o o
o o o o

o o o o

o o o o

fff7débel 0.0 0.0 0.0 00 00 00 1] 1] 0

Figure 4 Amount of data after operation Feature Engineering

2.4 N9@RRNANIANIIY (Feature Selection)
Iaald38n1megauladuwaqF (Chi-Square Score) WlunNsFa e UsaLLs 2 NgNUFaNINNL 2
q i
nandiANdNiusiwzali(nfnien uaratuz, 2552) TuRanandeyanivun 197 peanil tnauanAadny

A o

Target aanu1nazidunediddaviuidunadnslun1vinneg nvua K = 35 ABA8NAMANSEMLL

q
'

(Feature) Tiflnzunugegn 35 Sudbusn devhlsmufunnauR Target azwiniu 36 Aadwil
3. NM3UssiudaneNNamiuN1IaF19LLaa8e ( Evaluation of Algorithm )

andunaunsAsadasa (Data Preparation) azldgadasya Train ddasa 2074 una 36 AaAMT
waz Test Hfasa 889 wna 36 padutl aniuazinsUssifiusanesiia Aoedanisindaya Train 118519

o & XY as = I PR . . . 4 o af
BUURNAEN ‘llc-mL@ﬂﬂiﬂn@@nmmumﬂwuguuumcgjmu (Supervised Machine Learning) N#NA 5 aaN2TNH
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IauA Tasetnadszamifasuuy Multilayer Perceptron (MLP), N133tA3Nzsinnsanuunyssinmidadu (Linear

Discriminant Analysis), maﬁuu%ﬁ@uﬁ’m‘lmﬁqm K 846U (K-Nearest Neighbors) nuuald K= 5, n19gN

B a

1]15T (Random Forest ) , sulsfn@nlaanuaunnn (Extra Trees Classifier) Ing/lfpnfaudsnisRmasiuyen

'
o o o

BRAUAINTAAAY Scikitlearn T9a1NNNIANHIIUIAETFNNT danasnndAInatagniunldaiuuuanaes
TN LazaNNTanne AU seAnsn niualuen
:I/ [ = a a 1 o a KR U aca ] v
aniuINaBsueuLsyAninwaesusiazdanasny faadsnisnmageuuuuladinauiiadeys
\{lu 10 Nq (Stratified 10-Fold Cross Validation) ag/ldazuun Accuracy Tunsdnisc@nann
411985 9UULANABIUAZI LT ANENN (Modeling and Evaluation)

Train Aegadayan1sdnd miuafisuuLaae uay Test AagatayanIaaaudIniuNI9dn

¥
o A

Use@nsnmaesuuuanans Tnafinisuisdayalainsil

¥ £

daya Train azildaya 2,074 una 36 AadnlazuLiay

a

1 YARANHANENNAUTUIUUIN (Extreme poverty) 152 409

2 JARANHANNEINARLNUNAN (Moderate poverty) 302 uan
3 ARATNIHANNIALNAZENAY (Vulnerable households) 257 WA9

4 yapain ldilAaudasazainal (Non vulnerable households) 1,363 Wwna

¥

da1yn Test aziidaya 889 una 36 AadnilneuLiay

al
'

1 YARANHANENNALIUIUIS (Extreme poverty) 65 UA2
2 YARANEAMNEINAULIUNAN (Moderate poverty) 129 wno

ARANTANNLAENAzENNAY (Vulnerable households) 111 a9

w
L2

4 yapanlilAnud@saazannan (Non vulnerable households) 854 a9

L2

4.1 utlafoywnaesdayailaianna (Imbalance Dataset)
angadasanisin(Train) nudrdeyazessudsatidudeyanlianna (Impalance dataset ) Aa

ADAANHOIZITYITALAINEINAY (Target) Y19 4 szAuldnIdouati 2:4:3:16 Tnadauaudayaluusiay

U

1 1 o di a % o o o v o 'S o U al L =
nanuANFNeiuNIN Wednisadauuuaaesuazn e liuadansnsinunadayaiiaanitiudelyl
nedagangusan (Unemsg, 2553) Aaiuazdesinnisudlatymaesdeyanliaunaiu

= 9onal o 9 . ° o a A o v : i v o ] o
mwﬂmwwmﬁ Train mmm?ﬂi‘uqum@ﬂiuamm@g@luumzﬂqﬂm@mmmummﬂmanwmx

'
A 9 =

% o v = o ' £y . H 1=l o
$UsEALAYINEINAY (Target) HanuauwlndiAeiu Tnautigadaya Train 1Wuis s game doyainliinisliu

Q al

¥

AadayalAn (Existing Data) , Tayaninisufuiindasya (Over-Sampling) Aaeimaila SMOTE , ADASYN

k%

uwazdayaniinisiliuandaya (Under-Sampling) sfaeinatin RandomUnder , Cluster Centroids Taaivia 5 g

al

v
¥ ¥ o A v

yaldgadasyaissiupaaiuaegadeya Train uazAtsautlsnisimefiuuEnAuaINgarA1da Scikit-learn

QU q al q al

_|—_u)E

A o’d‘

e liidunnsgnunaaiy Insuadnshldauugadayads Table 1
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Table 1 Amount of data for each technique after improve dataset

Existing SMOTE ADASYN RandomUnder ClusterCentroids

Extreme poverty (1) 152 1,363 1,412 152 152
Moderate poverty (2) 302 1,363 1,479 152 152
Vulnerable households (3) 257 1,363 1,319 152 152
Non vulnerable households (4) 1,363 1,363 1,363 152 152

4.2 nstSunlyslanlaswnsfinas (Hyper-Parameter) saanaila Grid Search
1 d’ o v z v o 3 = [ o a &
naunazigeadayans 5 suuxafeuuuanaesiu aosazinisdiuilydlanleswisimes (Hyper-
Parameter) e liLAAZ N3 RAD SN L ANAUWAAZLLUANADY saeinATlA Grid Search FaNAUSANATNH
L e o o ad . . e 1A oa
Random Forest Classifier #aifuganasnuilss@nsnmangauazniuunei F1 Macro updntsz@nanin

ImeaanldAn Hyper-Parameter #a Table 2

Table 2 Hyper-Parameter of the model Random Forest Classifier

Parameter Value
bootstrap True, False
max_depth 100, 110, 130, 150
max_features 3,4,5,6
min_samples_leaf 3,4,5,6
min_samples_split 10,12, 14,16
n_estimators 100, 200, 300, 1000

4.3 NNIAFULLANARIULAZIALTZANENIN (Modeling and Evaluation)

-dll o o a & v = ° v :’/ [ d‘ v d ' o

Waianisdsulgennamimesuda astndagadis 5 wun uavinnisHniveafiaunuanaassan iy
[ % a . . o a o o rdl 3 ' 3 d” :’/ o
#ane3Mx Random Forest Classification WaZNUUANITIRADFATNUAFNET LA LT UmnauAe UnEnG a1niuni

o a a py o A a a aal o o o o ,

nsdatlsyAnsniniianuuuanaesiiilszdnininanga lnanisuindeya Test Nvinnisnasauiuusiay
wuuanaes uazldiaddmnetivuaniedsz@nsnanludnusne taun  Arpaanasudau(Recall), A1Aaw

wueln (Precision), AUsz@nanningsan (macro F1)

'
o a

4.4 AUUANHOLTAATYNNAGINTYINUNE

o

1
° o a

TURBURATNUABNULLANABINNLUTLANBNNATN 4R UM AIAN HUENHNARN1INNUNTEAL

ANENNAUTBILARZYAAAMIINATIA Feature Importance AaN1IAsaadaLLaazAaaNinunldas

o ' o

o ! o o o ) \ o & o eala A o
LL'U']_W'1@@\7"3'1ﬂ@@ﬂlﬂﬂQﬂu’]iﬂi‘fﬂu@miq@qul,wqiﬂ Iﬂﬂqzmqﬂqﬁ‘Lﬂﬂﬂﬂﬂ@NuWN@[ﬂﬁ‘q@ﬂ]uﬂ’]ﬂ'ﬂ@]ﬂ 3 AUAL

WINUAENITRAnIuNUNINT e By aluu Az AN IRE R NAUAN UL A ATUNgA 3 SuALLIN 1D
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1. NARNENN9UIRUTANBINNAINSUNNTAF LU ADS
Y o

N17UssNUAAZA AN NAN1INAABIN ARG Table 3 AadANa3NN Random Forest Classifier #

AZUUL Accuracy \RREIGIAARD 0.3745

Table 3 Results of each algorithm using Stratified 10-Fold Cross Validation

Algorithm Average of Accuracy Score
Multilayer Perceptron (MLP) 0.3418
Linear Discriminant Analysis (LDA) 0.3338
K-Nearest Neighbors K=5 (KNN) 0.3484
Random Forest Classifier (RF) 0.3745
Extra Trees Classifier (EXT) 0.3673

2. uadnsaasnisliuilyelanlaswisimes (Hyper-Parameter)
annisldinaila Grid Search  uIn13UfudgenisndmefueeLLA1a89 Random  Forest

Classifier Iaen3aanWI3 e AR F1 Macro ANGA TINAFWEN AT 5 WLILIAI Table 4

Table 4 Results of Hyper-Parameter using Grid Search

Parameter Existing SMOTE ADASYN RandomUnder ClusterCentroids
bootstrap True False False True True
max_depth 80 100 150 100 130
max_features 2 4 4 3 3
min_samples_leaf 5 3 3 4 3
min_samples_split 8 10 10 12 14
n_estimators 400 100 400 100 100

3. NAANENITIAUTEANENINURILLLAN A

v
o o

o a a ° > = qvae A = a a o , -
HANNIIAUSEAVENINTRULLANARN 5 Uy e ldFaTdnie tuenedss@naninlususe Ae
ANANNATLARU(Recall), AMANHBNUEN (Precision), ANUsz@nannianasan (macro F1) taeluumAazmnisng
AZNMNITUENUARINAANE LWUAAZNEHN (Class) WRLFTHLTELAMNUANGNG WAZIINTUIANLRLNT 4 NAN

o

(Class) Lﬁ@@gﬂﬂiﬁﬁ%mwimmquLwimmu@i’mm e 5 wLanaadlAlan1IMAaadsail
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3.1 fayaLAx (Existing Data) 4 Table 5

Table 5 Performance benchmarks of existing data

Precision Recall macro F1
Class 1 0.38 0.09 0.15
Class 2 0.30 0.18 0.22
Class 3 0.21 0.03 0.05
Class 4 0.72 0.96 0.82
Average 0.40 0.31 0.31

3.2 dananin1sUsuiia (Over-Sampling) FaenAln SMOTE A4 Table 6

a

Table 6 Performance benchmarks of over-sampling using SMOTE

Precision Recall macro F1
Class 1 0.31 0.40 0.35
Class 2 0.31 0.33 0.29
Class 3 0.29 0.30 0.64
Class 4 0.83 0.80 0.82
Average 0.43 0.46 0.43

3.3 dananin1sUFuNN (Over-Sampling) AaanATian ADASYN 64 Table 7

U

Table 7 Performance benchmarks of over-sampling using ADASYN

Precision Recall macro F1
Class 1 0.28 0.37 0.32
Class 2 0.28 0.27 0.27
Class 3 0.21 0.25 0.26
Class 4 0.83 0.81 0.81
Average 0.41 0.43 0.41

3.4 dananiinnsliuan (Under-Sampling) semaiia RandomUnder #a Table 8

a

Table 8 Performance benchmarks of under sampling using RandomUnder

Precision Recall macro F1
Class 1 0.22 0.57 0.32
Class 2 0.30 0.33 0.1
Class 3 0.22 0.35 0.27
Class 4 0.89 0.62 0.72

Average 0.41 0.47 0.40
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3.5 dayanini91iuan (Under-Sampling) Aaeimaila ClusterCentroids A4 Table 9

Table 9 Performance benchmarks of under sampling using ClusterCentroids

Precision Recall macro F1
Class 1 0.18 0.69 0.28
Class 2 0.17 0.19 0.18
Class 3 0.13 0.34 0.19
Class 4 0.93 0.33 0.48
Average 0.35 0.39 0.28

3.6 A7U3NNANNIALITENENINIBIULLANABIVIA 5 WL

IRENNIUIALBALIINTBINAANTFR TR ATl azuUanaed WaFaudeulsz@nsnan

, ° o el v o
PRIUFAZULLLANADY IALHARNET LA Table 10

Table 10 Summary Performance benchmarks of each technique

Precision Recall macro F1
Existing Data 0.40 0.31 0.31
SMOTE 0.43 0.46 0.43
ADASYN 0.41 0.43 0.41
RandomUnder 0.41 0.47 0.40
ClusterCentroids 0.35 0.39 0.28

4. nadnsansAANBUEA AR NARaNIITWIE

RONANANEUENNATULWAY 3 duduuINNeIryTadaTaauANAINANTENUFABANINAY G

1FNANIINAABIAa Table 11

Table 11 Result of features Importance

Feature Importance
escolari-mean 0.057322
age-mean 0.055134
education-mean 0.053492

HANNSUAALELNNTBsTRYA TuusazAAN Bz intRaN AMUAN UL NANATYTIgA 3 SuALNIN 1D

]
a v a

AU ANNUANFNNTTIIN TRy ALAN (EXisting data Jhazdananin1sUsuiinsematla SMOTE NanNg

al

NARRIN A4 Figure 5 , Figure 6 , Figure 7



376

v
a o

NeUsr Nt IN199ALTNGR WAnedenAlulaBsTNIRagIIIInH AN 5

Existing data 2 Using SMOTE
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Figure 5 Compare features escolari-mean between existing data and SMOTE technique
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Figure 6 Compare features age-mean between existing data and SMOTE technique
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Figure 7 Compare features education-mean between existing data and SMOTE technique
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yasesszwinsgadayaifinlu Table 5 uazgadayaiifinnaiuiudaamaiin SMOTE luTable 6 iilausnguans
NARBITBIUFARLNGN Wudﬂf’fqmmmmqlun@iuﬁ 4 (Class 4) #A1 macro F1 windu m’qun@:u‘ﬁ 3 (Class 3) {Fn
macro F1 iiaduiluasineannann 0.05 1y 0.64 uaz ngaifl 1.2 (Class 1,2) B macro F1 Auidniles Ae
ﬂzg'uﬁ 1 fsuann 0.15 1 0.35 uas ﬂfq’ﬁi 2 fiaiuann 0.22 1l 0.29
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1
o

dsz@ninmlunisinungliaminnasupeuusn  wiivawinnisud lafyudeyan ldaunaiu (Imbalance

Dataset) A23n1915ULAN (Over-Sampling) faanatian SMOTE azvinlddayalungui 1,2,3 @uns,dmaes,d
’o/ a q' d? o v a o K o v o & o o 1 dd?’ v
1) Wrawduawulndinesii A inadnsnsinnassauanuenauaesusiazyapanaullfoe
GE)

1.47U0an"9348

RINNIINARBIWLIIULLAABINN3EUUTUDLATReaNIULILTINEN (Random Forest Classifier) N1
goufudeyaniinisUsuin (Over-Sampling) Aaenatian SMOTE Hilszansninangalunisvinunassaumany
ennanzesusiazyana Taeliianuwiug (Precision) WinfLlade 0.43 , AvNAILLU (Recall) ARWNGL 0.46 ,

UWATAZILY F1 (macro F1) waawiniu 0.43 agulddmelianisduiinsinatinanguiias (SMOTE) HaaudAnylu
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-ﬂld -ﬂl ° o AﬂJ 1 £ ] v vl o QI ‘4?.1 v o o 1 ¥
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