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PAONRAT PANJAIMNAM: AN ARTIFICIAL INTELLIGENCE SYSTEM FOR THE RISK
ANALYSIS OF PRE-ECLAMPSIA
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Keywords: Preeclampsia/lImbalanced Data/Data Resampling/Machine Learning

This study investigates preeclampsia, a significant pregnancy complication
associated with hypertension that adversely affects the health of both mothers and
infants worldwide. Current diagnosis and risk screening face limitations, especially due
to imbalanced and complex clinical data. The study aims to analyze risk factors for
preeclampsia, develop hybrid resampling techniques to manage data imbalance, and
build an artificial intelligence model to predict the risk of this condition. Medical record
data from Suranaree University of Technology Hospital were categorized into normal,
at-risk, and preeclampsia groups. Data balancing was achieved by combining four
undersampling methods such as RUS, Tomek Links, ENN, and RENN with four
oversampling methods such as ROS, ADASYN, SMOTE, and Borderline-SMOTE, resulting
in 16 hybrid resampling techniques. Subsequently, predictive models were developed
using algorithms including Decision Tree, XGBoost, Random Forest, Naive Bayes, Neural
Network, and K-Nearest Neighbors. Experimental results showed that the XGBoost
model combined with Tomek Links and ROS achieved the highest performance, with

an F1-Score of 0.9864 and an AUC of 1.0000.
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(Santiso et al., 2019), ULagMISLUATNUTNTIU (Herndon et al., 2016)

ad v Y

Bnssvduteyalutigiuasgrltludunounianioudoys lnensduiogadeya
wazdamsmsnszanesvesnguuszansluteyalval ieudlatymeanaliaunavesdeya
(Longadge and Dongre, 2013) Tngnsiiisdruiudeyalungudeyavunguiios wavandiuiu
doyalundudeyarunduunn lulsnmssedudouadiudaluazesunsiBnisine uwunsedudy

7 Werfumaialuseaudeys

Undersampling Oversampling

Samples of

Copies of the
rmajority class inori

minarity class

Original Dataset Criginal Dataset

sU# 2.1 ndnnsvhaumsduiiuuazanimeg1adoya

Ingannsfnunisduiiusiegsvesioyatuasidunisiiungudoyanguiosuwn

[ 1 v g [ 1Y ! 1 & [ [ =
waznNsdumsgandayatiuIsidunMsanngulayadiulrgjasniues WWuludagun 2.1

EEIREGE A uieg19flfadl: Random Oversampling (ROS), Adaptive Synthetic
Sampling (ADASYN), Synthetic Minority Over-sampling Technique (SMOTE), Borderline-
SMOTE



ROS
minority class minority class
o0 o0
® @)
o &) .. L
o e o
9 o .0
®_© ®_©
® o o ® ° ] o
® o e o
majority class majority class
UM 2.2 nanMsvhaumsdaiinteyanie s ROS
ADASYN SMOTE BORDERLINE-SMOTE
?‘:: .................. , "..::: ................. -’ .’. .................... .
6 6 o
n) ADASYN 9) SMOTE M) Borderline-SMOTE

SUT 2.3 vénmsvnaunsdaiiadiasadaeis ADASYN (n) SMOTE () uay Borderline-SMOTE (@)

1)

ROS Wumnalianslieseitoyalutuduiignimuiduiieldlunisduiindoya

fagslunanavunautiey (Batista et al., 2004) éﬁgﬂﬁ V.

2)

ADASYN T¥n13nseateaindsdminlungudieg1evestayanatayunguios

musEAuANEINluNsseus Ingazasanquiitegaunnduludiundanueinlunisseus

29N (He et al, 2008) Faguil 2.3
3)

SMOTE 14" k-Nearest Neighbors (k-NN) 17 8Ussu1au@ 1 Al ous 98%n13

duasgndeyalvdluranavunguilpesevinstayaiau (Chawla et al., 2002) Aegul 2.3

4)

Borderline-SMOTE +Junsld SMOTE fudeyatiegluiunieveu dadnazgn

TUUNRAUTEAN kagvnsduATeidayauauiy (Han et al., 2005) Aegul 2.3

A8n15guansdleg19lfil: Random Undersampling (RUS), Tomek Links, Edited

Nearest Neighbors (ENN), Repeated Edited Nearest Neighbors (RENN)




RUS

rhinarity class rinority class
o8 e "o o e%° o
°o_o ° o o
@ .. ®_© ® ®
e o oo .. [ °® .. o® o o ® [ ]
e o *, ° 0 e 0 o
. @ . ®
majority class e majority class
UM 2.4 nannsviunsduandeyaniels RUS
TOMEK LINKS
minority class minerity class minority class
oo ° ° °® °
%° L% " % ‘.,
0% 0 % » 0% ©_0
0%, 0 o' » ® 00
.:. e o o o 0 .:.'. ° 0
0% %0 o ° 0% o o
L majority class majority class b majority class
3UN 2.5 nanmsvihumsduanteyanieds Tomek Links
ENN
L
minority class minority class
o0 o0 ®
... “ ® ... “ @
[ ] @ o
°. o e » ®e® o 00
® °_ o 0% % o o o
*.° o ° ° o
o o o o o °,°
majority class o majority class

Y
cd

5UN 2.6 vanMsviunsdlandeyanieds ENN




o L3
minority class minority class
o . oo .
... “ ® ... “ ®
° *.*® o o °,°
® ° o o 8] .. e e
® o o 0%e® @ o0 _o
o o °o? o o ° ¢
majority class o majority class

sUN 2.7 nanmsvihaunsduandeyanieds RENN

1)

RUS Wumadanisgusiegisiiiniunuazlasunsiaumnnususn lngazan

UINMIBYNNNAUTRYAGIUIN (Prusa et al,, 2015) AIgUN 2.4

2)  Tomek Links @os10g1908yavzgnia1anndu Tomek Links wnvisaes
Aregveglungudoyaniuanseiu wasiuioutuilnaiianlungudoya vislaunse
wnefeiieg19iidideianainfienavzsuniu wasidusiegnanngudeyadiuuinazgnay

99N (Tomek, 1976) fsguil 2.5

(4

ENN Tu3§d nqudieg1sunaznquazlasunisnageulaely k Nearest

9

3)

(%
£4 v a Y 1

Neighbors (k-NN) fungudeyanivie degrangnitwunligndeasgninie uavdiagan

Y

[ =

ANSUN 2.6

Y

wideznaneiluyeadayanildsunisudily (Broder et al., 1985)
4)  RENN tJun15v1 ENN 91 aundnazaunsawilogadeyadluaunsaldlunis

Anaeuld lneazlignnsgnuainnismdaiiegnednsald (Wilson, 1972) daguit 2.7

Undersampling

Samples of
majority class

Oversampling

Copies of the
minority class

»

Una assHduiy A Uni

0N

assHduny
Original Dataset

Hybrid Resampling

JUT 2.8 minnsviunsduiisandieg 19eal UURALNETY
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SnsduiegiuurannauluAITedlad N wInUsErInsteyana uau

)

oy UazanduIuUsEYINTVeloyadIuiN MNAURAINIUATENINN Nsduandiageangy

ToOYATUNGUNIN Uar MIduiiiumegndeyarunguties Aagun 2.8

2.2 N13599NLUVLUUINEADY

luddedinislyezly 6 dane3iunsduunusziand1unsiseuivednies As
Decision Tree, Extreme Gradient Boosting (XGBoost), Random Forest, Naive Bayes,
Neural Network, ez K-Nearest Neighbors (Kaur et al., 2019; Papacharalampous et al.,

2021) Fudumildlununansaiisuuudaesiievhuedeyailiauna Jymaudeya

PNINITHINNE

ﬂ' o
f1919N 2.1 iﬁﬂﬂ?ﬁﬁ?’dﬂ’ﬁaaﬂLL‘U‘ULL‘U‘U%W@@\?

ganasny 15149 N15891984

Decision Tree 1%’%"’1LLuﬂUizmw%;ﬂaﬁimmqa lngUSuugemu | (Krawczyk et al., 2014), (Sanz
wlusrihunsdendanesiufivusauwayans et al,, 2015), (Park and
naaedluyndoyavanuay Ghosh, 2014)

XGBoost Wi uiflsulszansnmiusanesivduluany (Papacharalampous et al.,
Ansitoya 1wy Uiinatduuasnsidadelsa | 2021), (Ogunleye et al, 2020)
nidess wuiilsinadnsiindian

Random Tdlunsdwundeyaliauna 1w Jeyatony (Wu et al,, 2014), (Khushi et

Forest wazlspuzissUan Imaiﬁmaa“’wﬁﬁﬁqmﬁmﬁauﬁu al,, 2021), (Khabsa et al,,
SanesTiudu 2016)

Naive Bayes | lddnn1sdeyaliiauna 1wy nsdanquilniieuuay | (Yap et al, 2014), (Bhandari
TusniAnenemansnisenmg Inewiunisannig and Patel, 2015), (Kaur et al.,
Sﬁa;gaﬁﬁﬁaqﬂ 2019)

Neural MHlumannranes Wy msvszananatoyadu | (Liu et al, 2013), (Fu et al,

Network Sannselind N9R5IIUNTYIIATATIATAN Uag | 2016), Jeatrakul et al., 2010)
msUuUEnsnsranedeyaluyadoyaiilsiauna

K-Nearest TdduunUssiandeyaliauna wu msneinsal | (Patel and Thakur, 2016),

Neighbors Tsruzise Tnefnsiiudegdlupananiisium (Majid et al., 2014)

(KNN) 108 uaglaue Hybrid Weighted Nearest
Neighbors titeifisasusiudiludeyalsiauna
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2.2.1 Decision Tree Wuwmsasiianedanasiunaiunsaldlunisawunusennte

Ao

(Krawczyk et al,, 2014) lagn15ld Decision Tree Tun1sduunyseinndeyaniianuuelyl
auna Fududnvazinuvemadeyadss ndnnuinlingudeyailiauna n1sdenlddanesiiu

lunsduundseandsdanudrdy wonanideladnisuszgndldlunisAwianiiaig

[y

wiugd Tnenisiluldivyadeya 11 ¥a (Sanz et al, 2015) wavawideddalaldlunis
witavndeyanldauns deallussnnvesndudoyaainvate waglinaansniiuseansamly

NaN1IMAad (Park and Ghosh, 2014)

2.2.2  XGBoost XGBoost ilulglun1siuSsuiisulsz@nsaniudanasiiusa o
TugadayauTunaniny Jeanaansuwandliiiuii XGBoost dUsvdnsanAiaaluiud
(Papacharalampous et al., 2021) uonanHlusuIdeass (Ogunleye et al.,, 2020) lalaus

T9ld XGBoost Tun1sitadelsalnEasa

223 Random gniaualae (Wu et al, 2014) Juesesdiodanesiiunsseui
a =~ o ° ¥ Aoy ' aa o <
vaan3ed Faluldlunsduundssinndeanuniiveyaliauna Tuaunmsidadelsnues
Jondgnsilasunisigadinlinadnsananiil oiSouiisuiuisnisdus (Khushi et al,,
2021) uazlusuwes (Khabsa et al,, 2016) ladn1sunauenisld Random Forest iunagns
aa ) ¢ A A P A o °
NdauuduglunsAnwiiineves Taglglunismuniussvuiidiassunandyminisdiiun

Ussinnildiudeyaliauga

224  Naive Bayes TunuiiinmsiSouiisuismsimnzanlunmsdnnsiudeyad
lajauna finnsuiiaue Naive Bayes Liteltlunissuundeyafifinnalaiauna (Yap et al,
2014) Tusuwes (Bhandari and Patel, 2015) laitausnisly Naive Bayes ﬁusqmﬁi’fazﬂaﬁﬁ
IAgauardeyadiliaunalunsdanguintou warlunsmumuszuuifnafuauinmely
msfansteyailiaunalunsfeudveneiesdie SilinmuaueTiilumafodwinemans

Aswng (Kaur et al,, 2019)

225 Neural Network Iassteuszamifieniinsldauiivainnanelusane3i
miﬁauiﬁuaam%a (machine learning) @4 (Liu et al,, 2013) 14lasweUszamidienluns
Ussianadoyadudidnnseind onmadudetiundsadudunasirduaeyiu uas
Wisuilsususane3fiudug InenuilassieUssamidionlinadnsfiuduginia (Fu et al,

2016) lilasevrguszarmiieuiuuasuligdu (Convolutional Neural Network) Tun1s
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MI9TUNTNITAUAILATANIINGINTTUVBITUIAITNEIYE Laeradnsuanedn 19lasedng
Uszamniisuuuunauligdu (Convolutional Neural Network) fiUssAvsnwdAniisaaau
lun13m3337UN199930 (Jeatrakul et al,, 2010) tawan1shdmatinn1sdudlag1auuuan
e wagtiindieg Tnglilassneussamioiaiuaussousuazinaia SMOTE Lile
it gmianuliannavesdeya 9e918Usulsenisnszatedeyaluyadeyanasiiiy
UszdnSnmlunisiinlues

226 K-Nearest Neighbors {usana3fiunssiuunuszsnniilasumnuieslusu
MsBeudvennies esanltauiteuarlidudou lunsdansteyailiauga (Patel and
Thakur, 2016) léauedanesiuwuulausailisenin Hybrid Weighted Nearest Neighbors
Farvuadminuazsiuiy k musuiavesudazaata Wieuauuiuglunssuun
Uszian (Majid et al,, 2014) Anwin1swennsailsauzisaniuuuazuzis e ldlng Insusu
aunadeyarinunfiumegdluaaaiiisiuaudes mnduieudiounaseninze SYM uay

calal

KNN @swudn SYM Touadnsisndn KNN
2.3 UIMNYITDINUNNIZATINTUN

& @ a @ d‘ | 1 a g./’ I3 [ I3 [ I3 a
amgassAluiiwlunnzguamndnadendwinssandiengassd 20 &am laed
anvazddgAenudulafingsuiunswulusAululaaniy ansdanunsansenusionis
MUY WIa18TEUUIUTNNIY WATNAULESIADN 1T INTOUN TULTIWIIRBNTA LAY
Y150 WU NSPaeRRaURTUR YiSeruawalveslaLasiyu n1sSnuRUsy dnSanngn
Tu{]'«awummﬂmaaﬂmammmnammmuam (Vata et al., 2015; Bricenio-Pérez et al.,
2009)
AaanY9vaneURNIUL Todauwg1810aNMaINKanguIIeluNSNAUIIT NS
Y] A o a ¢ & A Vo ' a v vy wa
Annsaeseusaudsanzassiluivlilanwusssesisudu lngldtoyaandsein
HUNINVDIMAAIATIA WU Aviluianie seauaunulain asiinmluden 13en159539
% (v [ ] < LY} d' 1 av o 1 [y o Y 1
PIYDANIIVIIN BENLTANIY WUINIILALHILUSA T huwAazUIdadaananany vinlwealy
AunsanuILUUINaeIn it lnag1wnsvangluanuneunanilule (De Kat et al,, 2019)
wenand snsnsiannzassfiduiivdwandaduluuaazgiinig laeanizly
Useinandnswensdnnae wu Usemaluuauuensng Famusnsinisiingenitanadelan
ag19%aau Jadeuidesiinentesenaniufanizlnwuinis amnusineadiulse wagn1sidida
UIMsinassaimanzan Tuueiuinuimdgeienssinit 70% ldnglasudeyanugiu

Aenfunnziliae (Vata et al, 2015)



13

wiagdinnungrenluniswamuinuanisnstesiularnsiugaNE N

assfduiiy wadagUuesdnnusiieaduaneg iuiaswedsadadfidndn Snviadadiaenis

NGy neengluuunvesdsumanidedndnnusesuuansisagy wu oslele

F93 T UA DAL UIN AU ANAUUSUNDZT LUIEAAANULESILASNANIENUTDIAATY
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3.1 AINSAUNISEIINEITNUS

1Y

ASANEN AR USiiAdassainssunazauideiineadas

MsinnEAsIAluRy ASLUIUNTIAAI N LUUINABI0aND3AUNNT ATInlarUseiiy

v aa w

wazladeitadelsa Joyaliauna uunUszian UszdnSamuuuinaes

NS

m3fiusausandeyadiu

Wivdeyanngiudeya anlssnenuiauninendonaluladasund

S

nszvIUMTnsENtaya

I [/ 7} N3LUIUNTANAIDE 1Y A FULUUNANHAIUTENING
nswsgudeyalvnioudmiumsdudiegns \ _
Over-resampling Wag Under-resampling

N\

ASTUIUASHAILILUUTIADY

8aN83NUNMITMUNYTHANAUNTTHUIVDUATOITLANANSTY Fia Decision Tree, XGBoost, Random Forest,

Naives Bayes, Neural Network Wag K-Nearest Neighbour

NS

N52UAUMNMTINUSZRIUUSZANTAIWNNSTINUYBILUUTIABS

F1-Score, Precision, Recall gz AUC

SUN 3.1 BaANININTIUATHING1TNUS

u
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MmAdgatuillaniiunissiusiudeyadtheanguteyavedsanguIaumineae

wAlulaggsuns Suiunsdu 1,491 18 lngegneldnisuSnwmisetuwnndgidieviyanu

i 1

giusY wasimtnanununmalulagansaume WeusesrugnfelazAINULYene

vostayanithuildlunisfinw andulddinsivuadssinnvesdeyanfiaudniunenis

A

Adun1side wazdaiudeyadinanainnesyidounsedeuiindeyadu 9 lnedniunis

Y

o a

melanannisAuasesdoyadiuuanasginasendn tnglilinislawmete yanaiwsassy
mnuvewiels Yeyanldlunmsfnwiaseunguiiaiainisdinassasendned w.a. 2558 &9
.6, 2566 Inun19ITeilasunsTuseInaAnenssuNMIIsEsITuNTIRE UL uninedy

weluladasuns vl EC-65-121

M13199 3.2 emsasulusindvesyadeyanawinisdusiiesng

Yonvdiul ¥ AUB Y | ABSUEANEdaya
v
daya
Y
wWhvangeana fiav 0 = Unfi (normal), 1 = amzassfiluiie (PCS), 2 = o (risk)
elVe fiav gilermsiiendu 0 lidleans, drflernisiiandu 1 fernsdania
nuiuFLY flay dfienmsfiandu 0 ldfe1nns, drfleanisfidndu 1 Jonisgnuu
aut
< [ Y Y a a [ 1 Y a a1 < a @
wearulida fay adenssiadu 0 lifieanis, drernisiiandu 1 Te1nisueaiiu
laitn
YINNITI9NE Aa fienisiandu 0 liflennis, drflernisiiendu 1 Ja1n15uausin
INMY
EVGLVPE flay Joyadalunadldidudiszy (D) dmsudiisusdasau
91y fiav JayaidalTinauneaiuenyveiie
918311nN31 40 U faay dflonisfiandu o ldfennis, dlennsfiandu 1 fUaefioneiu
40 9
GRIAR fLav JoyaeUsinanneivdugveste
N3 fLav JoyaeUsnanediudnnsiurestinasvestae
RIVEERNRT fLav JoyaeUsnaunedivgumgiiveasnany
fvtlananig (BMI) fLav doyaeUsinannediudviinaniy BM) vetae
v Y v a ) 1 Y a a0 < Al a v
AMwdI fay flonsiiandu 0 lifionns, ddenisiidndu 1 fUaedinnigdu
GRGPRHIZNEVT fiay JoyaeUTnanieiussduanudulainveUle
Wwtingy fiay JoyaeUTinaunedivdmindvesiae
el 9 e drdernsdandu 0 liflennns, drfenntsiandu 1 swalsed

a Y o v
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M19197 3.3 TeNsRedNTNvRenaINMIARTayanuIAmelUIINNI 60%

I T
[ ¢ =

YomoauuiwAe | Wesiduddayainely (%)

14
o

2

L

1J191ine 20.0928
ANPINUFULATR 20.0206
NITDI 19.5361

fatiunaniy (BMI) | 19.5361

PaunNITINY 19.3608
N3 18.1443
GRMGE 12.9381

Wslwddaya (Data Profiling) dwisuadeyanlvanlsmeuiameliladasuns neiug
a va s a1 = 17 = % ! ° Y v | ° 1%
Nfivseifchnassafdumses eutey alseuseenowinisdudieg wieyanauliada
° = = Y = a aw a My w oA v
wuuaes ngasduniinised 3.2 WuidegaantsmetunamaluladgsuslagnAniienaing
aa wa I3 a o a dao A= Y]
MivseIimehnass lnesunyadeyafuniidnuag 9,700 u uay 731 ABENY FWRIRINNS
auteyain kiineomielildnu uasasnvaeuteyaivinme wuil Teyaunmeduy 1 A
WsAululaans, o1gasss, uazanzioadunssdusn wasdnvaneaeduiiinsvianeinnniy

60% Bevililianansansendeyaldanteyaneunt Jaladnanedulva1iueanannsnesan

Tudwindeyadwnameagmuiandunsiad 3.3 laimsiisveyaiinameneisnisi
wihnga lnawiuteyalasldteyalusanseyuanals lnensiiuteyaduilaglddoyanauntiii
allndsdmnnnme uiamnnliiveyaneuiagliaadsveaudazaulunsiiui wae
174 9 v & 174
Joyanldiduteyaamzseynaa
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9 Y
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v Y

9 y18 msnsgeteyaniaugatiovililinanmsiSeuiveaaies gnidudnluluianiseangy
T nIUieg1nn WUnd) Fendmadeussdnsamlumsduunnguididniuitegetes (Wu

naufianudsaaznnizasiiiduiiy) msdanisiuteyaliaunaifaludsdAglunsdiuaiy

wiugazUsEans MwlunsImsEimasyinungna
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3.3 NIDULUIAANITIALLATNISIEBNFULUULUUINGDY

msguantaiad I uTaya

Wanus 4 gUwuy &wA

1. RUS (Random
Undersampling)

2. Tomek Link

3. ENN (Edited Nearest

Meighbors)

4. RENM (Repeated Edited

Mearest Neighbors)

ngim"mﬁuﬁmzhaﬁu’:w"auﬂ

Wonus 4 gy lewn

1. ROS (Random
Oversampling)

2. ADASYN (Adaplive

Synthetic Sampling)

3. SMOTE (Synthetic Minority

Owver-sampling Technigue)

4. Borderline-SMOTE

HRaYAE
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W auwIneay
waTuladgsud
e ,
i |
Y i i
N . 1. affatdayads i
mststTaya T 12 a‘wuum?ﬁuﬁa;ua |
_______ : i
“52:":;?&':1;“ "’ES. utayaimawe !
u 4. lLﬂaaﬁaumﬂummﬁ;
]
= !
L !
.
____________ Auénadintaya
WUUHANHETY
¥
WA iaya
20% ugeayadiniunig
Viadgauuuudiaad
80% Huysrayadmiy
) AN ER = 0h! Pemesomoommmessoooooee
i
i
v ' » Decision Tree
i « XGBoost
msfauwuydEs | » Random Forest
Fuunlsan i = MNaives Bayes
i « Meural Network
¢ w K-Nearest Neighbour
i
¥ !
e e e e m————————— ]
Falszihnlzaniawaas
(SR RAE]

F1-Score, Precision,
Recall uag AUC

FUAFYaT
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3.4 Famsiessudeya

maulaseyalioglusUuuuiinsaudwmiumsinset dunsuusrlunuidefonis
3 pud ayalindaudmiumstilusznana sudennihdoyaluiesesilud unoudaly
uennidsfimaUusnustoyalidfusanesfudmiunmsadidaes savniseenuuuns
maaﬂu%’umaumﬁmmiﬁ'ummiajauqaeuaa%’au”a WAEMINAIUILUUTEDS

o

JUNUNMIALHULIF 91

[

341 msadadeyaiddgandemnuuszifvesiUisiaiulunguuszeng ds
Ussnaudedeyaifioaiuenms swalse uaverms suddioyafiatneonin iy orgmansass
ToyaRiumsisnsssadusmiell ermsnuiuiinuiud emnimmit e1mstanfsue
IMIFIUIM Uavemsseunds Tnsdeyamaniosgninulilut uneunssuunussanngy
iU efaszAvsnmlutupeudaluresmsvho

342 mshuunnguvesieya leedeyasuduazssynguiidunssiuniuasngunsss
Hufiy nindurgduunnguissfundunnnguessdund wieliansolduunnguidissmes
Yoyaldesedivsyansam ndudssazUsznoudisoinsdisl arudulafagauasnulusily
ey omsynuuuiaud emsewssia omstaefiser e1sauan mMaRaaTsdedaun §
Fansafongiu 40 U UsyiRasadiduiie Tsausedin wu Tsamnudulafings Tsela Tsaumwmmu
Tsndduiuunnses lsedau dmindfisfiaunfnmnasiniadisdwinvemdsisnsss, uay

91n158eumae W enuenislaeinismilinnguassaund azgninliey lungudeariud

(Pinitlertsakun and Wayuhuerd., 2021; wey. U7a umaaﬂﬁ, 1.U.4.)
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[~ 1 Ly
Wuvoyaria

345 Weteyanareluiuauuds nuirdnvaneaeduuinisvinmennnnit 60%
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306  yadeyatuansdsniliaunavesdoyaiidaiau Inglunguidmneaaia
Unf T1unusiegnannda 9,341 1e Tuvazfinguiinnandes fifles 123 118 uwagnguniig
pssfiduiiy fifiss 9 918 manszedeyaiiliaugatenairlflunanisSousvonaias gn
Tutnllufiensvesnguiidduiudegiamn (Unf) Feoradamadeuszansainlunis
Fuunnguifisiuiusiedeles (Wu nquilanuidsanarnizassdiduiy) msdanisiu
foyaliaunaildadudshfnlunaiivenuwiudnazszavsnnlumsiinseginazyuneg
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3.4.7  msduseginiveliveyaluidaznguilauauns lngn1snaukauisnsedu

[ ] |

andeegtlungudeyadiuuinas uaznsduiiudlegslungudeyadiulosiiu e lndoya

Y 9

luwslagnguilauaunaluszaudeniu lumdeillaldsuuuunmsduanegednuiudeya
Vanum 4 sULUU Laun RUS, Tomek Links, ENN wag RENN laldsuuuunisduiiudiegie

Srurudeyaisnun 4 UuuU ldud ROS, ADASYN, SMOTE uag Borderline-SMOTE

3.5  NISLA9NLUUIIADY

NUITBTANYITANBTAUNITTIRUNUTLLANATUNITITHUT VB UAT B LW BATI
WuuTaeensTLn 6 guluunLang1aiu loun Decision Tree, XGBoost, Random Forest,
Naive Bayes, Neural Network wag K-Nearest Neighbors gl 7§ n1sa1tdun15a5 14

[y

LUUIIADILFAZUTLLNNGIT

3.5.1 N13@319UUUT1889998 Decision Tree WUUTIABINTTLIEUTVOUATOILUUL
Aaounldlassaisnulilumsiuundeya lagisuainluuasnuaiuanimuseulenly
AAENYREANN 9 Budentaeinnd lunisuendeyaivunzauiianluuiaziy Jeyanmanume
MumswIguazgndeudly welvuuuiassduunuszinngienudmvung wieusn

1 <) 1 o ! a PRy 4 2 a aa 1
AnuUgdu Tngldusuamnisifiwesia ) LW@LUUﬂW’ﬁLUiEJ‘UW]EJUUi%ﬁVI’D"ﬂ’]WGUEN'Dﬁﬂ'ﬁEle
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3.5.2 ANSASIMWUUINEBIAIE XGBoost NNSASILUUINEDINE XGBoost Tuauide
6 v o a I a v P ) I a oA A v ~ ~
Uldnmsasrmisiiwesiuusudy lngludinsuSuusdanuiy Wesingutunisiseuiiey
UsgdngnmeesiSnisdudieg1edaya XGBoost iudane3fiud waui1ain Gradient

Boosting @ alFuuIAAU8IN1TIT8UT WUUNEY (Ensemble Learningllaneas1eyaveoniuly
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anaulamihausiuiuiioanderanaaluudazseunisseus Inenadnsazgniiuninsiegy

\ieUszillulssansnmvesudazimalianisguiiegns

353 n13@319uUUS1899A98 Random Forest twmadianisiSeuguuunay lng
o1femsassuliifinduladunuinnandeyagosdilsnnnsduuuuiinisunud (Bootstrap
Sampling) wazidanAmanwazwuvdluusazlvun Inenaansaavinearlaainnisimndes
raunvesiulifnun wwuassdimuanmsolumsdnnsiuteyadiififgauasmused
AnUnAld dmsumsdnuidldmassamsfimesuvuaniudu Tnglivinsfuusafiug
Waunsiisuiiisulszansamuesisnsduiiog e (Resampling) Tasiamnzlunsdlves

Toyatbiauna 198 n15UszIiuLuUTNgeREia1sTanINAINAIN1T I UAITTILUN

nauidmunewazrnuisiluveinsdanguillanndeyanmanvuzvesiUieniuns

wsenldaranin

354 N3ASNLUUTIa09e Naive Bayes Wudane3fiuiilingeauuiazidu

o 1 ) ~ A o v ¢ oA o v L9
wuuglunmsawinauiias dusuuiNeulvvesdwUsnadnsidonvuaafwlseu 1oy
fauufgiuindwdsdunndndudaszreiu ndseinindounuudiaosdl 9zviin1sin

Usgansnnuwaziunnnan1saniunis

3.5.5 msas1awuusiaesme Neural Network viselaseineussanmiiesidulunag
flFFuussumalannmavhauvesaussuysd Ssusznaumedudoyatind (input layen)
Fugeu (Hidden layers) LLaz%gusﬁaaﬂaﬁaa@ﬂ (Output layer) Tnausiazduilnuaviofisoud
Feusderiu miL%E’Jui“UENLﬂga“U"]EJLﬁ@]ﬁ]’mmiU%JUﬁlﬂﬁj’]Mﬂﬂi%%’j’]ﬂﬂ’]ﬂ%@ﬂﬁi@ Na9ANHNADY

@3dY enIsegauLazUseuUsEANS A nveILUUIIaeanle

3.5.6 N15@319LUUTIaBInle K-Nearest Neighbors (KNN) tumasialunissiwun
UszinnteyanvinulagnismAiraiainuieeiananngudeyailndifesian K 67 39y
AIMINIEEEITEnINtayanaaauiutayaluyainasy lngludesdinsinaaunuuid
&

= =) g ! 20’ o IS e =2 ¥ L 1 ¥ U
dnvseuTuAtminmileu Neural Network vidsanninaeusmienisdangudeyaluanuoeil

WA LVINITNAADULAZUTLLIUNANITILUNAND TAUSLANT A NUDILUUTIAD

LUUTI809 6 Usebnnlun1sAn e UinugIuanaInnNIsnunIuIssunssuiiig ey
nsInnstayaldaunaluuiunnianisunmg nansdnwiuansdiiiuiuuuiiassssam
tree-based models lawn Decision Tree, Random Forest ag XGBoost WWundeuwazinig

91989081 ns A luITIUNTTL tHasnduseansamadlunsdnnisteyaniinisnseaney
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flsianna uendniléviinisiuuuusiass Naive Bayes, Neural Network uay K-Nearest
Neighbors (Kaur et al,, 2019) 1l eUszidudsz@ns nmlunisdanisdeyaluaunaasly
Msfnw MaUFsuifisunuusiaesifiugumsvhauuenatuiastelndlanasnuos
dfyeauuiassiimnganiunsinnsteyaliaugaluuTummenisuwmg uagilug

NSARERNLUUIRRITIMINEaUNaRd mSUN1TIRY

3.6 N15USELIUUTEENSNINVDILUUDNADY

n3UszifiuUszans amvosuuudasanisdiunuszianiiadudidyed 1989
Tnotomglunsaifideyaiianaliauna msldifivsranugndes (Accuracy) o1alifipane
wazo1hliiAanisinusafinanndou vuadelddduesiaussansamuansgunuui
wanzaniumsUszfiuuuudtasduuiunvesdoyadiliauna TeuA Precision, Recall, F1-

Score WLag Area under the curve (AUC)

Tun1sAuanAsEans a1 lnsuanianuduiusseninaafivinunglduagen
239 wiadu 4 daudsil True Positive (TP) 1uruiaeg1siiviiuneingniedlunguiiaula,
False Positive (FP) S1unusiogsivhungdmainlunguiaula, False Negative (FN) $1uau
Fr0g197viurginduianaialungusesasn uag True Negative (TN) $1u2uR208747

uegndedlungusesasin

3.6.1  AuLdug (Precision) farldinainuuiuglunisviunganisuias
Aand logAindunis wanviuudtaesausaiuengudmnglausiugias dinis
ueiiades druanlndgudninstawuudiasdinisieiadndungudimuiediuau

W wEnzdmiunsiinfeanIsannTINeln Wy n1sfansedlsanlidesnisirunaauni

gnszudndulse

TP

p . . __
recision TP + FP

362 Augneed (Recall) Alunsinminugndezesuuuiiass lnefiansan
uweniiagaana Argalng 1 mnefawuudiassaiunsansiadunguinaulalaifeunsvun A1e
1nd 0 vanefsuunaemaIan1snTIdunguanlagnuIuin wgdmsunsilnaenisan

ANMURANAIANITANNTDILIAS18WSIN AITNAINNITININY
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TP

Recall = ———
At = TP Y FN

3.6.3 Fl-Score Ao \JuAnadsuuua1sluda (Harmonic Mean) 5¥¥i19 Precision
way Recall FaeliAUNINTINVDILUUTIADITIFDIANAATLNINANLUIUE AL AN A BT

A1adlng 1 nunefauuudnaeedindnuuiluguaraugnaedas wagasaiududleAmilng 0

o w

wisngdmiunsalteyaliaunaiiiosnlinnuddgyiu vnweRanain F1-Score azAming

' L. 4 ° Y a1 = =3
A1 Precision 199 Recall 1 LLHUI9AAIKRUIALEINAU

Y

Precision X Recall

F1-3S =47 X
core Precision + Recall

3.6.4  AUC Aol inuszdnsnimueiuuuiinaes lnsaniziledoyaiainulyl
auna (imbalanced data) F4A189g9890 nunefsLuvIaeIENTasnBIAIANNLLNE
(Precision) 3laluszauigelugisvasan Recall Nsinaiu Argalng 1 vangfawuudiasadl
Usgdndamavisludunisfsiegeiiianeassdiduiivesnun (Recall) uazyinunedieg

& a v 1 o .. [ o | ° 1 1 1
AgaTIMuiylawiugl (Precision) wagnsariutiuionslng 0 vingauitlalananse
LenueznguneasIfduiivld wnzdmsunsddeyaldaunaidesainldlunisusaidiu
wuudnaesldivdeyanianisunndnindauliauna lag P luaunisunu A1 Precision

wae R Tuaun1swnu Recall N1an i

q

P, + P
AUC =~ E(Rm R)
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011 maudsadoya mideassildduidunudsadeyasanduasdiumy
§nsndu 80:20 TasliiEmsduuuunannay welildyadeyaiiduiunuiaugaves
Usernstoyavimsn Ussnaudne yndeyadimiunisiinasu (Training Set) Aniflusosay 80
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4.1.2  wellansdusuunaunay n1533etiuszauiuauyimeiudeyalias

)]

C )

Tngnunduiuieg9vesnaananunzassiuiviivsunadeysdredivedan el

e

UszgnaltinadianisduwuunaunanuiieUsuaunadeyanounsimuiiuuinaewiig lng
NIHANHAUTENINTINTANAAMIBE 1AL TENTAULNFAIRENS
ABNsduniI8E19 Aa ROS, ADASYN, SMOTE uag Borderline SMOTE 3801544

anF0819 Aa RUS, Tomek Links, ENN wag RENN

a v a

nsnauNaIuIsnIsduitegne lunuided gidulavinismaseddnisnaunaiu

[

sgrialsmsduandoenauariimsduiiiudogad iy 16 uuy il
1) ENN + ADASYN (enn_adasyn)
2) ENN + Borderline SMOTE (enn_borderline_smote)
3) ENN + Random Oversampling (enn_ros)
a) ENN + SMOTE (enn_smote)
5) RENN + ADASYN (renn_adasyn)
6) RENN + Borderline SMOTE (renn_borderline_smote)
7) RENN + Random Oversampling (renn_ros)
8) RENN + SMOTE (renn_smote)
9) RUS + ADASYN (rus_adasyn)
10)  RUS + Borderline SMOTE (rus_borderline_smote)
11) RUS + Random Oversampling (rus_ros)
12)  RUS + SMOTE (rus_smote)
13)  Tomek Links + ADASYN (tomek_adasyn)
14)  Tomek Links + Borderline SMOTE (tomek_borderline_smote)
15)  Tomek Links + Random Oversampling (tomek_ros)

16)  Tomek Links + SMOTE (tomek_smote)

1 2
A v v

NsrUIUNM YT sNAlinNsdILUURaNNAUVEN TTTunaudAgAwal Ul Toy

)

17 [

AudgHIunITUIUNTIAINazeIaLazN1TT sudeyail ey anduiditeyaidng
nszvIuNsguandegadudiiunsn wevdadeyaiioadudyayiusuniu uiedeya
Anund Turanadiulug vdanndudeyafiiiunisguandieglaudiazgnirlunu
nsvUIuNsduiiniiogng erfiusuiusesdluamadutes WiAnauaunauindu
ToyafhirunsuuaugamemaiansguuuusaunauisiazsUuuuazgnilulflun st

wazUseluUszanSnneaakuudtassvinuienall
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A1519% 4.1 WANTSIIYIINLUUINEDY Decision Tree

26

HUUINABY mANANSNENNEIY F1- Precision | Recall | AUC
FWn1sduiinandaogne | Score

enn_adasyn 0.9688 | 0.9722 0.9683 | 0.9747
enn_borderline_smote 0.9380 | 0.9420 0.9444 | 0.9522

enn_ros 0.9535 | 0.9565 0.9565 | 0.9633

enn_smote 0.9535 | 0.9565 0.9565 | 0.9633

renn_adasyn 0.9688 | 0.9722 0.9683 | 0.9747
renn_borderline_smote 0.9535 | 0.9565 0.9565 | 0.9633

renn_ros 0.9223 | 0.9275 0.9333 | 0.9417

Decision Tree | renn smote 0.9690 | 0.9710 0.9697 | 0.9749
rus_adasyn 0.8565 | 0.8522 0.8629 | 0.8801
rus_borderline_smote 0.7823 | 0.7851 0.7816 | 0.8171

rus_ros 0.8473 | 0.8555 0.8488 | 0.8769

rus_smote 0.8135 | 0.8185 0.8157 | 0.8464

tomek_adasyn 0.9507 | 0.9507 0.9507 | 0.9597
tomek_borderline_smote | 0.9048 | 0.9070 0.9032 | 0.9208

tomek ros 0.9598 | 0.9677 0.9565 | 0.9689

tomek_smote 0.9190 | 0.9237 0.9164 | 0.9335

n13MuuudNass Decision Tree Winadwsnangalua F1-Score daflavinfu

0.9690 NN sldnATiANITduandiog19mI8 RENN saudumatan1sduiuiiog 19

SMOTE uanannidsliiadnsnalua Recall wag AUC 9nfae @1uAn Precision Laaiiadan

Y

9

Wiy 0.9722 Wieldinalian1sduansdiagneeig ENN Saudumailanisguiiiuiiegewie

ADASYN wazilloldinatinnisduansdiagianie RENN Saufumaiiansguiiiusiaganae

ADASYN



A1519% 4.2 HANTSIIYIINLUUINEDY XGBoost

27

KUUINABY WMANANITHANNETY F1- Precision | Recall | AUC
Fnsduiiinandegne | Score

enn_adasyn 0.9531 | 0.9522 0.9547 | 0.9779
enn_borderline_smote 0.9535 | 0.9565 0.9565 | 0.9888

enn_ros 0.9535 | 0.9565 0.9565 | 0.9888

enn_smote 0.9535 | 0.9565 0.9565 | 0.9888

renn_adasyn 0.9531 | 0.9522 0.9547 | 0.9779
renn_borderline_smote 0.9535 | 0.9565 0.9565 | 0.9888

renn_ros 0.9535 | 0.9565 0.9565 | 0.9888

XGBoost renn_smote 0.9535 | 0.9565 0.9565 | 0.9888
rus_adasyn 0.8995 | 0.8999 0.9017 | 0.9530
rus_borderline_smote 0.9038 | 0.9144 0.8995 | 0.9358

rus_ros 0.8868 | 0.8902 0.8915 | 0.9683

rus_smote 0.8934 | 0.8954 0.8947 | 0.9410

tomek _adasyn 0.9751 | 0.9798 0.9722 | 0.9892
tomek_borderline_smote | 0.9720 | 0.9798 0.9667 | 0.9806

tomek _ros 0.9864 | 0.9841 0.9892 | 1.0000

tomek_smote 0.9720 | 0.9798 0.9667 | 0.9934

n15ldkuuTaes XGBoost TinadnsNnTantun1u F1-Score, Precision, Recall, wag

AUC Tnedlanindu 0.9864, 0.9841, 0.9892, way 1.0000 audsy dsl@unainnisldimedna

NsgUanIaE199Y Tomek SIufuMATIANTTAUTNFAIRE19998 ROS
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A1519% 4.3 WANTSIVYINLUVI1aBd Random Forest

LUUANADY WMALANISHENNEY F1- Precision | Recall AUC

Wsduinaandiegns | Score

enn_adasyn 0.9392 | 0.9420 0.9408 | 0.9809
enn_borderline_smote 0.9556 | 0.9593 0.9565 | 0.9807
enn_ros 0.9556 | 0.9593 0.9565 | 0.9823
enn_smote 0.9397 | 0.9461 0.9420 | 0.9823
renn_adasyn 0.9392 | 0.9420 0.9408 | 0.9788

renn_borderline_smote 0.9556 | 0.9593 0.9565 | 0.9810

renn_ros 0.9556 | 0.9593 0.9565 | 0.9804
renn_smote 0.9556 | 0.9593 0.9565 | 0.9776
Random Forest | ;s 3dasyn 09269 | 0.9292 | 0.9264 | 0.9671
rus_borderline_smote 0.9005 | 0.9046 0.9001 | 0.9589
rus_ros 0.8990 | 0.9077 0.9023 | 0.9649
rus_smote 0.9143 | 0.9157 0.9146 | 0.9740
tomek_adasyn 0.9624 | 0.9706 0.9583 | 0.9875

tomek_borderline_smote | 0.9592 | 0.9571 0.9618 | 0.9750

tomek ros 0.9601 | 0.9558 0.9677 | 0.9860

tomek _smote 0.9603 | 0.9586 0.9640 | 0.9923

v e

n15ldwuuiIaes Random Forest linaanwsiafanlual F1-Score IngdiAnvindu

0.9624 wagA Precision Wiy 0.9706 Wlaldinalian1sduandioe1enie Tomek 323U

1

wAANSEuLuiiag19018 ADASYN Tuvneiian Recall asanagi 0.9677 wisldinatianis

Y

!
1 Y 1 o (% ! cala

duansieg1amey Tomek sauiumatianisduiiumeganieg ROS dwmsurl AUC Haansia

9

'
=

fianfe 0.9923 Faldanmsldinaiianisduandiotnewie Tomek SaudumatianIduLiiy

q

f79819778 SMOTE



A15199 4.4 NaN1TITLANLUUIIAY Naive Bayes

HUUT1AD9 WANANTSNEUNEIUY F1- Precision | Recall AUC
Fn1sduiiinandaogne | Score
enn_adasyn 0.6692 | 0.7183 0.6952 | 0.7399
enn_borderline_smote 0.6587 | 0.6615 0.6616 | 0.7442
enn_ros 0.6587 | 0.6615 0.6616 | 0.7442
enn_smote 0.6587 | 0.6615 0.6616 | 0.7442
renn_adasyn 0.6692 | 0.7183 0.6952 | 0.7399
renn_borderline_smote 0.6587 | 0.6615 0.6616 | 0.7442
renn_ros 0.6587 | 0.6615 0.6616 | 0.7442
Naive Bayes renn_smote 0.6587 | 0.6615 0.6616 | 0.7442
rus_adasyn 0.4641 | 0.4803 0.4783 | 0.4907
rus_borderline_smote 0.2922 | 0.2530 0.3484 | 0.5439
rus_ros 0.3906 | 0.3982 0.3977 | 0.5715
rus_smote 0.3930 | 0.4049 0.3880 | 0.4914
tomek_adasyn 0.6970 | 0.7564 0.7325 | 0.7769
tomek borderline_smote | 0.6727 | 0.6834 0.6839 | 0.7082
tomek_ros 0.5211 | 0.4641 0.6667 | 0.7363
tomek_smote 0.6686 | 0.7156 0.7075 | 0.7423

29

n151EkUUTIa09 Naive Bayes Minadnsnananlua1u F1-Score, Precision, Recall,

waz AUC Taesiawindu 0.6970, 0.7564, 0.7325, uaz 0.7769 auaisu dsldunainnisly

wATlANTdNandI9E199I8 Tomek SauiumAdan1sduLinAI8E1998 ADASYN



A1519% 4.5 Nan153989NkUUINaa9 Neural Network

HUUINABY MANANSNENNEIY Fi1- Precision | Recall | AUC
Fnsquiiinandaegne | Score

enn_adasyn 0.8870 | 0.8925 0.8837 | 0.9531
enn_borderline_smote 0.8928 | 0.8947 0.8953 | 0.9774

enn_ros 0.8930 | 0.8914 0.8990 | 0.9798

enn_smote 0.9200 | 0.9211 0.9205 | 0.9819

renn_adasyn 0.8532 | 0.8666 0.8486 | 0.9517
renn_borderline_smote 0.9323 | 0.9372 0.9313 | 0.9770

renn_ros 0.9034 | 0.9051 0.9060 | 0.9771

Neural Network | renn smote 0.9064 | 0.9104 | 0.9060 | 0.9802
rus_adasyn 0.8938 | 0.9052 0.8876 | 0.9015
rus_borderline_smote 0.8546 | 0.8677 0.8566 | 0.8652

rus ros 0.9047 | 0.9180 0.9023 | 0.9443

rus_smote 0.8546 | 0.8677 0.8566 | 0.8710

tomek_adasyn 0.9080 | 0.9033 0.9216 | 0.9885
tomek_borderline_smote | 0.8630 | 0.8718 0.8700 | 0.8879

tomek ros 0.8831 | 0.8798 0.8883 | 0.9214

tomek _smote 0.8791 | 0.8839 0.8845 | 0.9139

nskdwuudnaes Neural Network lvinadnsnaiianlu

¥

30

MU F1-Score, Precision, lag

Recall Ingdwsiniu 0.9323, 0.9372, wag 0.9313 awady dsldunanmsliivedanisdy

anf18g19n38 RENN 51uAUNsduLitudieg198 Borderline-SMOTE d3uein AUC A1

Wiy 0.9885 @leannnisldinatinnisguandiag1eiie Tomek $3uAUNSEURNAIBEY

A28 ADASYN



31

A5197 4.6 nanSIToINUULTIADS K-Nearest Neighbors (KNN)

KUUT1AD9 WATANITNAUNEU F1- Precision | Recall AUC

Wnsduiinaandiegns | Score

enn_adasyn 0.9531 | 0.9522 0.9547 | 0.9776

enn_borderline_smote 0.9535 | 0.9565 0.9565 | 0.9749

enn_ros 0.9535 | 0.9565 0.9565 | 0.9749
enn_smote 0.9535 | 0.9565 0.9565 | 0.9749
renn_adasyn 0.9531 | 0.9522 0.9547 | 0.9776

renn_borderline_smote 0.9535 | 0.9565 0.9565 | 0.9749

renn_ros 0.9535 | 0.9565 | 0.9565 | 0.9749
K-Nearest Neighbors | renn smote 0.9535 | 0.9565 | 0.9565 | 0.9749
(KNN) rus_adasyn 0.7862 | 0.7890 | 0.7893 | 0.8745
rus_borderline_smote 0.7747 | 0.7762 0.7753 | 0.8172

rus_ros 0.8896 | 0.8871 | 0.8990 | 0.9174

rus_smote 0.7604 | 0.7692 | 0.7587 | 0.8314

tomek _adasyn 0.9387 | 0.9378 0.9400 | 0.9785

tomek_borderline smote | 0.9190 | 0.9164 0.9237 | 0.9749

tomek ros 0.9208 | 0.9231 0.9355 | 0.9786

tomek_smote 09177 | 0.9177 09177 | 0.9711

91NN1TNAFDULUUTIAY K-Nearest Neighbors (KNN) Tngldimatianisnaunaiu
sy msduandiegauar BN sduiniegsluuiazi’ nuimuudiassdiliisnsduan
f39879 ENN i"mﬁ’umsa:mﬁlmﬁaasiw Borderline-SMOTE, ROS, way SMOTE 57494
LLUUﬁTﬂaaqﬁPﬁ%midmamﬁaaEJN RENN i'mﬁumifjmﬁuﬁaasm Borderline-SMOTE, ROS,

[y

uay SMOTE inadwsafianlusnu F1-Score, Precision, wag Recall Tngfianwindy 0.9535,

o w 1

0.9565, Wag 0.9565 MuaRy due AUC geannllaainnisldisnisguandiegne Tomek

Sfunsduiiuiiegne Borderline-SMOTE Aa 0.9786
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4.3 n15anUsIeNa

M1519% 4.7 AT NETURANITNAGDS

HUUD1A89 WATANIINAUNEU F1-Score AUC
Bnsduiinaniaogng

Decision Tree renn_smote 0.9690 0.9749
XGBoost tomek ros 0.9864 1.0000
Random Forest tomek_adasyn 0.9624 0.9875
tomek _smote 0.9603 0.9923
Naive Bayes tomek_adasyn 0.6970 0.7769
Neural Network renn_borderline_smote 0.9323 0.9770
tomek_adasyn 0.9080 0.9885
K-Nearest Neighbors | enn_borderline_smote 0.9535 0.9749
(KNN) enn_ros 0.9535 0.9749
enn_smote 0.9535 0.9749
renn_borderline_smote | 0.9535 0.9749
renn_ros 0.9535 0.9749
renn_smote 0.9535 0.9749
tomek ros 0.9208 0.9786

[
[

MR RteyaswiuingUsrasdveimyideluasel idwaneiefnundadend
AnuduRusfunsiianzessAlduiiwluansiages waslawinluyaiwanzadlunisanng

o

¥ r.:l' 1 ~ a ¥ ! b4 [ a 6 o U
Tayai Wauna Welilunsws suteyansunisaiuvuinaesdygyssivgdmsunsvihug
a ¢ & A v v a ) = &

AUEBIveINEATIA uiy lagliyateyannlsmeuiauminendemaluladygsuis duneu
nmssiunulszneuniy mylessvideyallewiiveAnyemuduius seninsuls nswisey
UeyagensaunguiinIsaiadeyadidy MIdunngudeya NMSRNATRYANIVIAINY LaENNS
wasteyalieglusuuuuideiaey nSeuninsinnmsteyanliaunariunssuiumsdusiieges
Tudnuazresmsanuaziindiuudeya nntuwisloyasenidu 80% dmsumsiinuuuinass
wag 20% @usunInaaaukuuTIas Nl tnandunisiauiuudnasnledanassuraiy
Uszunm lewn Decision Tree, XGBoost, Random Forest, Naive Bayes, Neural Network &g K-
Nearest Neighbors Wiauisuszidiuuszdns nmussiuuinasdagldinasiiong laun F1-Score,
Precision, Recall kg AUC alUSeuiisuiasidenisnuvingauigadmiumsiiluldluusunves

Poyamemaméniaunaynil
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Y

Tayan1n1sunndianvugndudouilinisldseuuiiendenginaeinuuniedi

AY o o o

(Rule-based System) {todnfndAgvatelszns anududeuvestoyanianisunmdiin

Y- o 1

nnsiTnMeuyeddussuuifiujduiusdudeussninatade Jausdazdedeaunsodma
Y

nsznuseny Weaududeuvesdoyaiudu ngunasfidedldlunisdadulanisnmsunmen

= v v a X % 1% = sl & vee & A A
eflanududouiiniunulume myasungiaseurquynanunsainlululidaduiEed
g1n Tunsdlvesnnezassniduiy windesadngiinseurquiadeidasianun wu oy

i anusuladia seaulusiulutlaane dseifnisiiulhe Useifaseuns waztladedu

[

1 8nunung ngilasvdanududoustiuniea wasidAyAsvsingidandaiuioaly

o

v [

wanean1unIsal lns1zdadesie o wadlileinadaudsiuegradudasy undufduius
Fudpunliaiunsanensanainiuls Turaensvuudyaiussivgaunsasouiuasysusi
Nnteyalvilaegrednlud® Inglidesdinmsdeungluivnass vilvianunsasesiuainy

Utaunazau i uLouToIayan 9NITL NS LARNTIT WiounasenIsAIANTSaTdAIY

wilugaeninannmsiinsensiuuiiedagludeyadiuiuiin

A19199 4.8 AINHANIINABBILUUINABY XGBoost sufiutnalla tomek ros

%aﬂmaﬁaga F1-Score Precision Recall AUC
Un# 0.9810 0.9626 1.0000 0.9626
ed 1.0000 1.0000 1.0000 1.0000

AssADuiy 0.9778 1.0000 0.9565 0.9565

Tudruiidunsiiauenanisuisuifisuussans mmeeauuusiaesnisdouives
i3 esiildinafianisduandiesuuunannay Tnefiansanan Fi-Score uay AUC 18y
ftindnlunisussifiudsyansamusauuudiaes nadwsdeuandlilumsned 4.8 wandl
Wuguuuiiwansstusgsdnnuludnvazveausaziuuitaswiomaianisduiiunneieiu
Tums1eil 4.7 azuandlsiiiiuszansammsihauvediinausnaana nNalumIssaLiy

ldwuudnassanunsavinglaalunnngueaiadeya
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salaa

LUUd1a89 XGBoost Mld3auriumailn tomek ros Tinadnsnangalausiu laglaa
F1-Score Winfiu 0.9864 wag AUC Wi1fiu 1.0000 FauansfenaaunaseningdInInawiug
(Precision) uazAAuadnsatunsisdayaiiieates (Recall) Iaidusg1ad udsanunse

wenuezdeyaszninaaaals azvieuliiiudsdneninues XGBoost Weldsauiumeaiinnis

4 =) 1

duaghanunzanlun1sdanisivyndeyailuauna laudi XGBoost AYALAUAIUNITAS

Y

vaulanIsAndulandaaunazaiunnissusinoudludeianainlaeg1esoties n1sld
Tomek Links Ywantayasuniufieglndveuinvesnata vilvlunaaiuisawenaaiale
o a & P a o o oy o o w a XV i1 gYa W

Faaudau Turagn ROS wWindwiudeyanguieslnensvitideyaiiy Jdlielvindeya
SUMIUILAY dealyinisiSeusianuaunaiaziaiesuindu dwalilunaaunsndinun

Joyalaoggneeanysal sluau F1-Score uwag AUC FeUszdnan1ves XGBoost 1luly

Y

AUUYee (Ogunleye et al., 2020)

WuUU1ae3 Random Forest fiasusiugalaeield tomek adasyn Tieh F1-Score
Wiy 0.9624 uag AUC winiu 0.9875 Tuaauedl tomek_smote usfagldirn F1-Score anas
Bnvioedt 0.9603 uindulden AUC getufl 0.9923 ulumuaiuges (Khushi et al,, 2021)
flsmgauillusuvesrn AUC usinsvnaesteasldnadnsinni deagvieufianuanungn
Tunisduundeyaldiludnuasdiunndiety Tag Random Forest figaiaulunisilnainyn

Tayagosvateyn viaiunsanusedeyasuniunigluaaialad uadaiaanisveulunnis
a

aaulandaiau n13ld Tomek Links 3s¥wantayasuniufieglnaveuiunaaia vinling

€

Fuunuiugly dmsu ADASYN datiuairadtegraiiuisluusiuilueaiseuslaen 39
YgUTuUgeAn Fl-Score lagendn du SMOTE geasrediegnalnalseninatayaiis vl

Joyanszaneieg vainauekaziiungy dwalilunaanunsanenuwezaaalanssulung

a3 AUC

WuUaes Decision Tree Mldwalla renn_smote AflUszansamARuiu lngle
A1 F1-Score ¥ifuU 0.9690 kay AUC AU 0.9749 a@gviaudauszansninlunisawun

= o o

Toyalsag1auiiugn Decision Tree iulumaidndulaainngseninnaaud Fainagyinnu

1
o w A

ledslodoyalidudounnniin uiildeddndelunusedeyasuniuuasdoyaddeulusziugs
1514 RENN & afmnseasegnefivhunefingd 9 99nlU Y18aNTUNIULAZANNITTDUTU
sewinnanaldiognadiuszavsnin Tuvaedl SMOTE vihwthiiasrsiogrslmianndoyaisly
Snugildifudeyasumumnndnuarlineliifindoyadidou dwalviluusiassanunsn

Seusleegamnyauiulasaianisindulaves Decision Tree
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LUUS1aed XGBoost tfuariluszAnsadlivilondn Decision Tree uag Random
Forest ilosaniimsFoufifunvudvuiivagannsviuneiianainneunti vivlvanansa
Seousladnindleisufuuuudiass Random Forest #ifinmsissuiuvugy dadulunm
113 T8ve4 (Papacharalampous et al, 2021) wazluwuusiass Decision Tree Mvduns
Seouslassadranvudulififssduier viliuuudiass XGBoost umadeniimunga
dnsuadoyail

LUUS1a09 Naive Bayes finan1snaaeudidounindad ued1edmau aglann Fl-
Score WU 0.6970 way AUC iy 0.7769 leldinafln tomek adasyn §sazviouds
Todrimvedlanai iauufinauaniinmundudassdetuneld Joulvvesnaraientu
yaugiidoyananisunnddiulugfianuduiusseninaandd wu anuduladin szdu
1n1a wazeny Vil Naive Bayes luanmisaduanuduitusinardldegravanyay wit
tomek_adasyn 9ztsanteyaiiiliiinameinlunisiuieuazannisvivdouvedoya
Uinameunaaa vilivouwanissuundaauiy wifhidemofiazvavedositnves
Tuea dwaliuszavsamlnesamsiniuuuiassduogiaiulddn

uuudiaes Neural Network wanduszansawlunsiSousguuuuiidudouszsming
Anudnwaizsng 4 meluusiazaaa Inewleldinaia renn_borderline_smote ¢ F1-Score
Wiy 0.9323 uay AUC ity 0.9770 awafiadiiul fuveunvestoyalidmauuariiia
AMNvaINMaIBYesdaeg1a vilwluaad s uglunsdinung andn vz n1sld
tomek_adasyn 1#A" F1-Score amaaidniferdyu 0.9080 uslde1 AUC gsndnegdl 0.9885
dosrnmsiiudoyalutdnadlnnariuesndielimuenuszaanariildditu el RENN
uay Tomek Links yivthilandeyasuniuuazanuivdou drollunaioudaindeyads
ATIALIUIINTY UsTl ADASYN waw Borderline-SMOTE ai¥asognsfiviannuansninis
u duadunsFoudivenumeuaraseUAfuLIN T

LUUR1883 K-Nearest Neighbour (KNN) via1ulaeviunsaataaniiioutiu K 6
Tnéigaluyedeyaiinasu lneileldinada RENN waz ENN $31/U Borderline-SMOTE %38
SMOTE anansavilddlasiien F1-Score ogffl 0.9535 uay AUC wirfu 0.9749 wiafiamanil
Prwaneuideunaraiiudeuresdeyauinuisvsunata wionadiuarmannuans
vostaya MliAnnguiumiiteuthuiidaauuasaseunquuiniu dewali F1-Score galu
youzfin3l9 tomek ros uffazilen F1-Score anasdntionifiu 0.9208 usldir AUC gsninog
fl 09749 flpsniBiarliveunteyadaaunntulasnisandeyadidounarauiiu
dou ust ROSlilFLAinAIma nvatvesdoy sl Ssdsmalisnsinisuenaata AUC ATy

& v A o v aad
LANUBYLUBLNYUNUIBDU 9
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NNINRaeel wuIIsnsiandeyaiitaulama Tomek Links, ENN kag RENN 91
MaUTIUAUNSINUT ey AR 8 ADASYN, Borderline-SMOTE, ROS ag SMOTE lagusiay
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N1599aUlMUUIIABITALIUTY
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Abstract

E ly severe preecl ia is a disord

p that emerges during
pregnancy and is defined by the development of high blood pres-
sure; both the mother and the fetus may perish as a result. However,
the number of preeclampsia patients is substantially fewer in terms
of statistics compared to that in a typical pregnancy. Thus, the
uneven data offers a barrier to the building of highly effective
machine learning models. This study anempted to overcome the

blem of data imbal in the preeclamp datuel Four unique

! pling algorithms were impl Random Und,
pling (RUS), Tomek Link (Tomek), Edited Nearest Neighbors (ENN),
and Repeated Exhled Nearest Neighbors (RENN). Similarly, fout
other ov dures were employed: Adaptive Synth
Sampling (ADASYN) Borderlme—SMUTE Synthetic Mmomy()vu'-
sampling Technique (SMOTE), and Random Oversampling (ROS).
In order to investigate the balanced data, Decision Tree, Naive
Bayes, Random Forest, and XGBoost were deployed. According to
the experimental findings, the XGBoost model, which employed
the hybrid resampling technique Tomek and ROS, demonstrated

Suranaree University of Technology
Nakhon Ratchasima, Thailand
sarunya k@sut.ac.th

1 Introduction

Currently, preeclampsia is a specific disease occurring during preg-
nancy that involves the development of high blood pressure during
pregnancy, which is very severe, resulting in death for the preg-
nant woman and the fetus. The initial symptoms of this condition
in pregnant women are protein leakage in the urine and elevated
blood pressure. Additionally, close monitoring and attention should
be given to this confluence of conditions. Epilepsy, which is directly
associated with hypertension during pregnancy may occur in se-
vere cases of symp A pre: der affects both the
mother and the fetus in terms of health. Additionally, mortality
may be a possibility. It tends to occur after the 20th week of preg-
nancy, even in the absence of medical documentation indicating
hypertension which, the systolic and diastolic blood pressures con-
stantly exceed 140 mmHg and 90 mmHg, respectively. In addition,
the presence of protein in the urine is a critical symplom Hyper-
tension is idered a notable indi of preecl . Globally,
preeclampsia claims the lives of approxlma(ely 76, 000 women and
500,000 infants across the globe. Eight to ten percent of pregnancies

the greatest degree of efficacy, as indicated by an AUC analysi are imp
ccs Concepts
.C P00 T Prer MEShi ol o M Tl B

lmrmng appromhes Bio-inspired approarhes. Generative and devel-
opmental approaches.
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d[25).

There are several approaches to mitigating the severity of preeclamp-
sia, including the division of high-risk groups that necessitate con-
stant monitoring to prevent the condition during pregnancy. The
following symptoms have been identified as representing the high-
risk category: Pregnant women who experience symptoms of epi-
gastric tightness, blurred vision, pain, swelling, high blood pressure,
protein in the urine, 40-year-old-over pregnant women, having med-
ical history of preeclampsia, or have 1 including
to obesity, hyp ion, renal dysf diab i defi
ciency, or abnormal weight gain.

To investigate the current state of research concerning the risk of
preeclampsia, we examined artificial intelligence methods utilized
to predict the occurrence of preeclampsia in expectant women, as
well as prevention guidelines thataccount for potential preeclamp-
sia initiating factors [5]. As anticipated, artificial intelligence tech-
nology has taken on a progressively significant role in addressing
numerous challenges within the context of medical science by help-
ing in decision-making and effective treatment planning [3].

The effectiveness of artificial intelligence is dependent on the
quality of the data. In add: g the issue of unbalanced data, the
unbalanced distribution of information poses an intriguing chal-
lenge because if the quantity and quality of the data are sufficient
to discemn pattems within the data, then a machine learning model
may exhibit respectable performance[6]. Conversely, the model
may have lacked sufficient intelligence to learn and classify data
for only a small portion of the collection [15]. Typically, significant
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imbalances occur in data in the actual world. Imbalanced datasets
frequently exhibit a relatively small population size for the class of
interest in comparison to the other classes, leading to substantial
inconsistencies in the data and disparities in proportions between
classes, especially for medical and health data [7].

In this study, our objective was to rectify the problem of im-
balanced data pertaining to the risk of preeclampsia lhmugh the

of hybrid, und pling, and g tech-

niques. Additionally, an was ¢ d on the eﬂicacy
of specific machine learning models, including Extreme Gradient
Boosting (XGBoost), Naive Bayes, Decision Tree, and Random For-
est. As our data characteristic, there were three distinct groups
in the datasets: normal, risk, and preeclampsia. To consider how
data unbalancing, the data ratio between the majority data sample
represented by the normal class and the minori(y data sample rep—
resented by the risk class was d roughly 76. Mi
data ratio between the majority data samples (the risk group) and a
minority of data (Preeclampsia group) is roughly 14. The calculated
ratios were explicitly defined as imbalanced data [13].

2 Literature Reviews

2.1 Data Pre-processing

Data Pre-processing addressing the issue of unbalanced data during
data distribution presents an intriguing challenge [6]. Too small
portion of data directly impacts to the quality of machine learning
models because the models learn the pattern from the majority
of data [15]. To effectively impl t the pling method, the
unbalanced data should be transformed into numencnl data prior
to addressing the problem [13].

Our unbalanced dataset consisted of three groups: 9,341 records
for the normal group, 123 recotds for the high-risk group. and 9
records for the preecl group. To g an
in the quality of our dataset, it was th o ial to impl
the p ial data unbalanci b Our h involved
boostmg the proportion of the ‘small data set, stich as the preeclamp-
sia group, while decreasing the size of the large data set, such as
the normal group [16]. Subsequently, the quantity of data in each
class should be approximately equlvalenl to thal of the hlgh risk

group. Eventually, each cohort prised a ial q y of
data.
As an indi of data imbal. the data imbal; ratio com-

pares the proportions of the majority and minority data groups
[13]. The ratio is ranged between zero to one. The nearly one ratio
means data more balanced and vice versa [17]. As previously stated,

Paonrat Panjainam and Sarunya Kanjanawattana

(2) ADASYN divides minority class data samples according to
learning difficulty and employs a weighted distribution. A
smaller subset of the data in a group serves to generate a
majority sample, which is a more challenging set to grasp

(3) SMOTE uses KNN to pre-synthesize estimates on the minor-
ity data [4].

(4) Borderline-SMOTE applies SMOTE to data on the borderline
of the data samples frequently misclassified as demographi
clusters [8].

The undersampling methods are as follows: Random Undersam-
pling (RUS), Tomek Link (Tomek), Edited Nearest Neighbors (ENN),
and Repeated Edited Nearest Neighbors (RENN).

(1) RUS is the earliest technique since its inception for under-
sampling. By doing so, the random sample is diminished to
encompass the majority group [21].

(2) Tomek eval two data ples as p ially related if
they are adjacent and of distinct data types. Error-containing
(Error data) or noisy (Noise data) data, as well as samples
from the majority of data categories, are eliminated [24].

(3) ENN was applied to every sample that was evaluated by
KNN on the remaining sample data. Erroneously classified
segments of sample data are discarded. Additionally, the
corrected data set comprises the remaining samples [26].

(4) RENN is the iterative application of ENN until the elimi-
nation of the untrainable data set no longer has an impact
[26).

Hybrid resampling methods, which combine and pair undersam-
pling of majority data and oversampling of minority data, were
utilized to increase the population of minority groups while de-
creasing the population of majority data.

2.2 Classifiers

The study applied four machine learning classification methods,
namely Decision Tree, Nalve Bayes, Random Forest, and XGBoost,
to develop models for predicting d medical data. The
performance of the models was evaluated using the Area Under
the Curve (AUC) measure, as defined by [11, 19].

The Decision Tree algorithm is a powerful tool for tackling
classification problems. Kxawczyk etal [14] a.pphed Decision Trees
to detect data with imbal, istics, a promi trait
in actual datasets. In addition, Sanz et al. [23] deployed Decision
Trees on 11 datasets to successfully solve the issue of imbalanced
data across several categories, yielding promising experimental

o [20]«

dical science d: were more ptible to the problem of
data imbalance than those of academi¢ fields, A review of several

vae Bayes, as studied by Yap et al. (28], did a comparative in-
of machine learning algorithms to determine the most

prior studies led us to the conclusion that they had addressed the
issue at hand, such as the diagnosis of lung cancer [13], genetic
material identification [10], medical adverse effects [22], and so
forth.

The oversampling methods were as fol.lows Random Oversam-

eﬂedwe technique for managing imbalanced datasets. In their study,
Bhandari et al. [2] applied the Naive Bayes algorithm to evaluate
datasets with a high number of dimensions and imbalanced data.
'Ihey demonstrated the usefulness of Naive Bayes in reliably rec-

lations within these d. Moreover,

pling (ROS), Adaptive Synthetic S g (ADASYN), Synthetic Mi-
nority Over-sampling Technlque (SMOTE). and Botderlme—SMO’]'E

(1) ROS is an early data analysis technique that involves the
random addition of minority class samples to the data [1].
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Nalve Bayes is WIdely seen in the literature while dealing with the
ification of medical h data [11).

The R Forest technique, introduced by Wu et al. [27], has

proven to be a flexible and successful solution for text classification
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tasks that deal with imbalanced data. Khushi et al. [13] confirmed
its higher performance in a lung cancer diagnostic trial compared
to competing approaches. In their research work, Khabsa et al.
[12] suggested adopting Random Forest as a good strategy for
categorizing imbalanced data.

XGBoost, as noted by Papacharalampous et al. [19], demon-
strated great performance as compared to other tree-based classi-
fication algorithms when applied to rainfall datasets. Ogunleye et
al. [18] suggested the application of XGBoost for the diagnosis of
chronic renal sickness, offering additional proof of its usefulness in
dealing with diverse types of datasets.

3 Methodology

e
o e b P
— e e Clmmreman ina
T S | Oy (o S ity [—of 1 "
s ety a vaiing s
= ey v
ool st
v + S
‘ - Gt
mniming vy
e intrsamging M%) Cacien Boe
Somen U o) o
ot heeat aghber £ i i e
e e |
[ e
“ - e
resmsg s -
e~ S———
B WO
S

Figure 1: The framework of methodology

Figure 1 presents the methods and steps of the methodology. The
purpose of this research was to find the appropriate resampling
method to deal with imbalanced data sets related to preeclampsia in

y. These d. from the database of S Univer-
sl(y of Technology Hospital (SUTH) have three classes: the normal
group, the risk group, and the preeclampsia group. As indicated
by the data ratio, the distribution of the data in this set was un-
balanced. Hence, the risk of preeclampsia, as assessed by the four
chosen classifiers, can be predicted through the impl ion of
data imbalance methods.

3.1 Data Pre-processing

Data preparation required various actions, including converting
the data into.a suitable format for analysis, arranging the data for
inquiry, modifying data attributes, and addressing missing data.
The goal of the tests was to create models and determine the most
effective approach for efficiently addressing data imbalances. Sig-
nificant data items were acquired from patient histories, such as
pregnancy age, number of pregnancies, and ludi
headache, impaired vision, swollen tongue, and general edema. The
information was separated into three independent groups: normal,
at-risk, and preeclampsia. Notably, to determine the danger group,
we carefully distinguished those normal pregnancy groups that
incorporate damaging material. A case of a mother enduring hyper‘
tension without being diag d with preeclampsia is one

Her disease necessitates more regular monitoring by doctors com-
pared to a normal pregnancy, which supports her identification as
a high-risk person.

ICRSA 2024, September 12-14, 2024, Bangkok. Thailand

The at-risk group comprised patients who possessed significant
attributes, including raised blood p and protein in the urine,
headache, swollen tongue, blurred vision, pre-existing pregnancies

h ized by such symy patients aged 40 and above, a prior
diagnosis of’ pxeedampsm. chromc illnesses including hypertenslon,
kidney disease, diab disorders, obesity, ab: |
weight gain in comparison to pregnancy weight gain dard
and fatigue. The patient became immediately classed into the risk
group in the event that any symptoms showing a sign of the normal
pregnancy group were detccled

Then, the data transfc was conducted. We changed cate-
gorical data to numerical data to prepare the process of data balance.
This study utilized four sep under hniques: RUS,

Tomek, ENN, RENN, as well as four distinet oversampling tech-
niques: Borderline-SMOTE, ROS, ADASYN, SMOTE.

3.2 Classification and Evaluation

To assess the efficacy of our resampling approaches, we choose
four classification techniques: Decision Tree, Naive Bayes, Random
Forest, and XGBoost. We deployed each model using its default
parameter settings to preserve a uniform basis for comparison. The
study employed these algorithms to validate which method of data
unbalancing handling was suitable for imbalanced medical data.
This investigation implements the Area Under the Curve (AUC)
as a metric to assess the performance of the classifier. A relationship
between the True Positive Rate (TPR) and False Positive Rate, which
ranges from 0 to 1, is expressed by the area under the curve. Effec-
tiveness of the model increases as the value approaches 1. AUC is
applicable to model performance evaluation in unbalanced data sets
[11, 19]. Furthermore, the effectiveness of the models is evaluated
through the utilization of recall, precision, and F1-score metrics.

4 Results

Naive Bayes, the tomek_adasyn had the best performance. These
are shown in Table 1, which produced the following superior values
for AUC, F1-score, Recall, and Precision: 0.7769, 0.6970, 0.7325, and
0.7564, respectively.

Decision Tree, the renn_smote had the best performance in AUC
and Precision, enn_adasyn. The renn_adasyn had the best perfor-
mance in Fl-score and Recall. These are shown in Table 2, which
resulted in the following more effective values for AUC, F1-score,
Recall, and Precision: 0.9749, 0.9688, 0.9722, and 0.9697, respectively.

Random Forest, the tomek_smote had the most significant per-
formance in AUC, Fl-score, and Recall. The tomek_adasyn had
the best result in Precision. These are shown in Table 3, which
produced the following superior values for AUC, F1-score, Recall,
and Precision: 0,9929, 0.9730, 0.9785, and 0.9706, respectively.

XGBoost, the tomek_ros had the best performance. These are
shown in Table 4, which produced the following superior values
for AUC, F1-score, Recall, and Precision: 1.0000, 0.9864, 0.9892, and
0.9841, respectively.
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Table 1: Results for Naive Bayes on test set

Paonrat Panjainam and Sarunya Kanjanawattana

Table 4: Results for XGBoost on test set

Model Technique AUC [Fl.score| Recall Model | AUC [Fl.score| Recall
leen_adasyn 0.739s| 0.6692| 06552 B
leen,_bordertine smote | 0.7442| 0.6587| 0.5616 0.988s| 09538 09365
lerss_ros 0.7442| 056587| 056616 0.9888| 0. ms
lern_smote. 07342| 06587
06692,
0.6587| C
$ s
6587}
Nave Bayes et XGBoost
0.2922| 0.3484] 02530]
fras_ros 05715 0.3006] 03977 03982
frus_smote 0.4914] 03930 03880] 0.4049
tomek:_adasyn 0.7765| 0.6970| 0.7325| 0.7564 09751| 09722
ftomek_borderkne_smote | 0.7082| 0.6727| 06839| 0.6834| 05720 09667| 05798
tomel:_ros 0.7363| 0.5211| 05667| 04641 0.9%64| 0.9892| 0.9541
toeme_smots 0.7423| 06686 0.7075| 07126 09720 0.9667| 09798

Table 2: Results for Decision Tree on test set

Model Tecknique AUC [Flscore| Recall |Precisicn
leon_adasyn 09747| _o96ss| 09722| 09683
leen_bordertine_smote | 0.9522| 0.9350] 09420 05444
leen_ros 0.9633| 0.9535| 09565 09565
leen_smote 09633 s| 09%65| 05563
frenn_adasyn 09747] 09688| 0.9722| 09683

em_borderiine_smot=_|_09633| 09535 09565| 09565

o 105 09317 09223] 09275] 09333

- em_smote 0.9749] 0.96%| 09710 0.9697
DeckonTise 08522] 08629
0.7851] 07816}

08555 0.8488

0.8185| 08157

US| eS|

¥ 0.9070| 05032

ltomek:_ros 0.9659| 0.9595| 0.9677| 0.9465
ftomel:_smot= 05335] 05190| 09237 09164

Table 3: Results for Random Forest on test set

0.9722, respectively. The optimum values for both AUC and Preci-
sion have been determined using the renn_smote data preparation
method, resulting in values of 0.9697 and 0.9749, respectively.

When processing data in the tomek_smote format, the best re-
sults for Random Forest AUC, Fl-score, and Recall were 0.9929,
0.9730, and 0.9785, respectively. Using the tomek_adasyn format,
the highest Precision value of 0.9706 was reached. The most suit-
able values for AUC, Fl-score, Recall, and Precision for XGBoost
were obtained using the tomek_ros data preparation approach, with
values of 1.0000, 0.9864, 0.9892, and 0.9841, respectively.

From this data, it can be claimed that the Naive Bayes classifier of-
fers pretty average results when compared with other models. Naive
Bayes performs well on data with independent features, which is
rare in medical datasets where qualities are highly correlated. Con-
versely, it performs well with Decision Tree, Random Forest, and
XGBoost models.

Decision Trees typically overfit owing to the over-memorization

of training data, rendering them unable to accurately forecast in-
coming input, especially when dealing with complex datasets or
Forest, based on a bagging ensem-

5 Discussion

Based on the actual data developed by employing the Naive Bayes
classifier, it was concluded that the tomek_adasyn model offered
higher values for AUC, F1-score, Recall, and Precision: 0.7769,
0.6970, 0.7325, and 0.7564, respectively. In the instance of the deci-
sion tree, the renn_adasyn and enn_adasyn processes yielded the
largest feasible F1-score and Recall values, which were 0.9688 and

49

ble technique, reduces overfitting and increases model robustness
by training each tree on umque subsets of features and a random

both Decision Trees and Random Forest thanks to its supenor opti-
mization approaches, regularization, and handling of challenging
datasets. Iteratively improving model predictions, XGBoost gener-
ates decision trees sequentially, with each tree focused on repairing
g ones. This devel-

Model Technique AUC [F1.score| Recall |Precision

lenn_adasyn 09876 09383 09371| 09400
lenn,_bordertine_smote | 0.9806| 0.95%6| 09%6s| 09593
lexs_tos 09795| 0.95%6] 09365 05593] lled tree depth. Rand
|oon_smote 09818| 005%6] 09565 0949
fren_adasyn 09900 09526 09527] 09362
em_borderline_smote 9793| 09%%6] 09563| 09%9
e ros 9780/ 09431] 09438] 09431 sample of data. XGBoost, a boosting ble tect
n_smole 9803] 09431 094358] 0543

L s i e 9609] 09120] 0.9088] 09171
lcas_borderine_smote 9534 _0.9005] 09001 05046
fras_ros 0963¢| 09127 09168] 08902
fras_smote 09683 09157 09168] 09219
ftomek:_adasyn 09892| 09624| 09553| 09708 - d by the
ltomekc_borderkne_smote | 0.9859| 09592 09618 09571 % 2
ek ros = 09859| 09603| 09640] 09456 opment makes it extremely accurate and robust.
jtomek_smot= 0.9929| 09730 0.9785| 09697

6 Conclusion

This study tries to uncover the correct technique to handle the un-
equll clinical dataset reh!ed with preeclampsia. The study used four

dent Under g strategies (RUS, Tomek, ENN, RENN)
and four distinct oversamplmg approaches (ADASYN, SMOTE,
Borderline-SMOTE). An of the efficacy of four predic-

tion models was conducted: XGBoost, Decision Tree, Naive Bayes,
and Random Forest. Each model was assessed using AUC, Fl-score,
Recall, and Precision. The best AUC, F1-score, Recall, and Precision
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values for the dataset attained with tomek_ros and the XGBoost
model were 1.0000, 0.9864, 0.9892, and 0.9841, respectively.

H , some of the li of the study include; the use of
one dataset and therefore the study can only be applied narrowly.
As for the future studies, the authors suggest including different
dataset clarifying performance with cross-validation testing and
using d phics or medical si different from the current
study. ll is necessary to denve new trealments on the algorithm level
like g or blel g t d bxases and

of data level approaches. Thus, ive
of the data level and algorithm level might allow in the fu!ure to
make a concerted system in the form of a combined approach. Thus,
future studies must broaden the variety of methods and data sets,
which will enhance the robustness and practicality of Li
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