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[Abstract]

When taking medication, organ dysfunction can occur in the human body due to adverse reactions to the drug. This organ
dysfunction phenomenon generates data in an unbalanced state compared to the normal state. When analyzing unbalanced data
using a machine learning model, the class imbalance problem occurs. We propose a machine learning method for analyzing organ
dysfunction in the human body for the first time. We considered eight machine learning models and analyzed their performance
according to the amount of data sampling and whether sampling was applied for two body diseases. We confirmed that the
performance of the machine learning model improved when data sampling was applied. We confirmed that the proposed method

improves the prediction of organ dysfunction occurrence.

MOI0| : ol L TV, {Al2ld, S~ 0%, KAERS DB, 2= O|AAR|
Keyword : Human Organs, Machine Learning, Class Imbalance, KAERS DB, Adverse Drug Cases

http://dx.doi.org/10.9728/dcs.2024.25.12.3663 Received 29 September 2024; Revised 11 November 2023
This is an Open Access article distributed under Accepted 27 November 2024
@ the terms of the Creative Commons Attribution

ot 1l Non-CommercialLicense(http://creativecommons *Corresponding Author; Jongyoon Kim, Seoung-Ho Choi
.org/licenses/by-nc/3.0/) which permits unrestricted non-commercial
use, distribution, and reproduction in any medium, provided the Tel: 0 O0OOO OOOO

original work is properly cited. oo . .
E-mail: jyoonkim@dongduk.ac.kr, jcn99250@naver.com

Copyright (©) 2024 The Digital Contents Society 3663 http://www.dcs.or.kr  pISSN: 1598-2009  elSSN: 2287-738X


https://crossmark.crossref.org/dialog/?doi=10.9728/dcs.2024.25.12.3663&domain=http://journal.dcs.or.kr/&uri_scheme=http:&cm_version=v1.5

C|X|H el X &t5=&X|(J. DCS) Vol. 25, No. 12, pp. 3663-3682, Dec. 2024

o]

ol -

o M

o ot O

1 o

2>

e

L

2

off v

ol ﬁ
o

oL

%

o>

N

<t

o2

ok

11}(e3

=2

e

-+

30,

o &
Ho T
of
l
il
:
0]

g o

L2 O o ¥ rlr
oo

2

= 1

o1zt o) g B4
P o g AReel thal

lo
ol
Fo
_OL
H
_10
i
o
ox |
>,
o
ol
2
>

al

(o3
=

>
>
o
o
o3
N
o
2
[ﬁ
ox
=
>
b
N
fo
>
X
=2

F—?‘J s}
18 o
e >y -
rUlO HE
%
ol

= A 53] ok §40} L 2o
SRz g71ol] dhiEel vS- F2 8 F24S
=]

¢
>
ol
ko

t
N
—_
N
N
NS

1%
I

o

RI 2

ol
ol
N
M
-
iz
k1
N
)
g
=Y
ofh
o
ox
=
fru
it
o
i
fin)
o
)

© REle] Aol & ke erethes A7 Stk
=, B HlolE el tiaiA et s5o] 2 o] fAIA H= A
o] ANFTH3]. wehr] oFe o) Abdloll A =EA sk,
= A RIETE AL A ] A71e] Aol @S mAlEE A
T WS el e AEEE AYAE BT o]

sivhn etk ol 71Ee] BAH /W %

Ay 2e
=9 dAE =58 fleiA v AL 7S 485t
L g HlolEE Aty o Astal, oS s AT
= HRE AR ofofAl= Al W AelM = -2t
ARERE HloE o} AQkE mAled Rde] dielix] AlA e
Arg i), 2 =o] T ofefoh .

Aoz QA i g71e] Aol dS EAeks wAled
WS Albghek

G719 o ol mdt@sA BATE st ol
Wdst7] 917k w4 WS ARk ol& flaiA
B ATelME AR okE o AtEl R I ARl Fherolof

N

FRAEHIAAAL R A|2=8) tlo]E o] ~(Korea
Adverse Event Reporting System Database, KAERS
DB)E AH&-gtt

87k wAlEd B o] &38lA S A gtk Al
3 rdo] Py} XEEE Accuracy, Flscore, Precision,
Recall, 28]32 ROC AUC (Receiver and Operator Curve
Area Under the Curve)E o]-&3o] £243ic]

1. HA2{'d 7|8 ofF ola Aty o|E A

oFe oAb d5E f1% At o/l 7IRE Eek A

o

5

http://dx.doi.org/10.9728/dcs.2024.25.12.3663

of gt 2719 ATES F2 B
NS ol g3 o3 el 20¢ RFQ) ol2ld AT

We 54 o w480 B o5 482 Agorh
B B4} vlolElo] ToFek JEAES FRE WA
25IThe A7) 9L

)

HAEA 2|28 37 (ogistic

o
regression) 9} -2 37 298 F2 ARSI o|eld &
de 54 WeEo] o o)Ak Aol mX|= S A
7Vshe= dl fr&sk o, Bk vy SAE AEskE bl

7S ARt o

PAES RS B v wAE Aushe v

f

i) %74]7(_41 ;H:ug
_]

ole e AT, ol 53] okg 7+ A5 g0 Bxjel o
o BAES Xk ARl o FEejAr ol

e
2
e T
td
i)
lo
ox
olr

S Aok, 24
A2 A Agoll ow-S A7 gt
FHtoll= w{aleld 7|Hel] olgg dAlE S5 flg
Heto 7 533Ict Schuemie et al.[5]2 Electronics
Health Records(EHR) Hlo|HE &-&3lo] mAaleyd wds
38 = ol AREE dSEe ATFE FIsIlen, o
dso] BAA RdHL 9573 dF Jes Btk
AP} 53], dE 71 (el Random Forest 71
L B33k glo|E 22 aydow A
om, thosl M= 7ko] A5 2RSS Hkgsle] oS Ale
=

O

A %L S z}& ARE %L%g].o;‘l
okE-oky AlgAgog 9l o] oFE Whg(Adverse
Drug Reaction, ADR)-& ¢|&Z3sl= 2dS /agit) o] A+t
oAlA= Fe-hild Jazhg ARE 7|Rkew oF 80071<
o gk oA TeadS TEHIle] ofE £
ADRE 838 71548 3rign). 1 A3 -9k 4
2802 Qs ADRS oS3 Bl Hyt 48Tt 89%
glom, A Yo R HuER| g2 A4l ADRE o
23 4 Q= A o® el o] AFE oOE Adeggow
3 ADRS <53kl o] 2 43 &= Qe A o2 =
& AARoZA Y oFE ALS-9] QS ol Hl 7]
g = QS-S Rk

Scholl et al.[7]9] el A= o2 H-2-8(ADR)S <15
7] Y3t 28 B BdS dele] 7] Rdnc) e
H oA F AeS G o] AT AP B A]2Elo A
438 ADR HloE1E 7|Hko2 BAH A& 7] S 7
Ash7] 918k o & 2Els ALEISIth T8 oS AR E B
Al A4, Ed 84 [Reporting Odds Ratio at the 2.5%
lower confidence limit, ROR025), W&tz A<= Az A
H18(Marketing Authorization Holder Reporting Rate,
MAH), ¢l &7} Hif(Healthcare Professional
Reporting Rate, HCP)o| Z3t%Qlt) o] Rdo 22 Al
35 fHAskE b B=wo] HEF =7 ADR 7H] AdS
SAABIR e, ol Bdd H]g] g 80071 A&l Al

iz
it

ok



% AEo| 58.2% F7Fel= A¥E Bk wet 3 B
2 ol EElrY ¢ =2 AUC score (Area Under the
Curve, 0.740)% o= A%so] e Aow Ve
Scholl et al.[7]9] 7= ADR |5 mdlo] vl W&
sl 2lE B4 858 EY F USS BHoFH, g2
71 dloJejue] 2ol A83 4= F-& AALSHTE o] AT

71&9] BAA AEHS Boksta, walgy 7|Ee g8
slo] oHe-oke A8 o q
sh= ) 7198 4 Aok HollA &3 . Asrt 2

o

s

=
-
2~ 0
e ME}-
==
A

= 217 (Deep Neural Networks, DNN)¥} 7+ 5]
3 712 nAAP ARl dlolE sjE S Shgehe vl S B
2tk Miotto et al.[8]2 DNN& ARg-3}e] st i EHR ©|
oJHE AEIglom, o] BEllo] 7|&Ee] FAA YKL} oF
E oHAEIE U & A5E F AS BTk ey
ol RAEL TF B2 tlo|E 9 ARt AHE a7-g)
Qureshi et al.[9]9] A= AFA5& &E3sto] k&

[}
W o oAbk elSoA PAH AE S Fol
24 95 gl o] AT Tl vlaleld Me B
sto] ofBol QPANS WIS, o R WA TP
)55t B Z1oisa glor], 53 Aok A syl ok
B ol mee] 38 7P5HS Ak Aok
Il o2 Ol4 AlEoIN A 27 2AE sHHst

7] Sgt A Yy

% 12 ARk R ARg-et= AlEE 7ol oS
Alzte) gk aglolt), AljbEl Wil A= AEY Sl (a3t
A 2 7, 13] 8%k 7, 53] agk 7)<k ARgE KElo]
Z i RandomOverSampler, BorderlineSMOTE, SMOTE,
Z18]aL SVMSMOTE) of] ute} 232 vjatshA g,

Y oE

| Data Preparation |

I

| Data Sampling |

Sampling <emeormeneeete-] - RandomOverSampler
X)
BorderlineSMOTE
SMOTE

Sampling
(iteration=1)

Sampling | _ & B
(iteration=5) ! SVMSMOTE
Sampling Iteration | S _an_lp_h;lg_l\;lo_d;l ________
I Model training |

a8 1. MekE REo] MEY 1Y MK
Fig. 1. Block-diagram of sampling process of proposed
model

o
>
7]
or
N

|gh oFE O|&HALH|(KARES DB)=A 2 S8 olA &7 Toff o &

a7 2 A Alzwe] TS A28 @ Aol eAE
270 wlole] AAsh BE % D A5 AzshE kA,
AL AL Thesh e,

7 * Internal: SENDER _TY # 4
| Filter the data based on SENDER_TY H - st SERDER, 77

. . . * Training: “YEAR’ <2020
| Split data into TraT/Testhxtemal sets }——{ + Testing: ‘YEAR’ > 2020 ‘

| Data Preprocessing |

|

| Encode categorical variables |

Over Sampling

* RandomOverSampler
| Data Sampling |'7 * BorderlineSMOTE

* SMOTE

* SVMSMOTE

* AdaBoostClassifier
* BaggingClassifier
* ExtraTreesClassifier
o * GradientBoostingClassifier
| Modsl training . RandomForcstClgasslﬁcr
* MLPClassifierClassifier
* SGDClassifierClassifier
¢ SVC

* Accuracy
* Precision
| Performance Visualization |-— * Recall

* FlScore
* ROCAUC

| Identify best-performing model |

8 2. ™A AAE FAHE
Fig. 2. Overall system block-diagram

s

600' 1231 “1300'0] 1% oJulah=x] LiehaIct,
= ARl AHgE RS 54
A WrES] ust dole 3

ok

=1

WA & 18 =EolA S §ol8 gelsks Eolut,
‘O O)
3

N

uc)

Megshe
.

Aol g Jus

=]
o
&
o

\_‘E_/\]_

3t

o
2

of

O
AN

E 1. A 0] Mol 7

Table 1. Index of terms used

Term Definition

0600 Refers to the disease code set as the target Label(1). For
0600, it represents a case for digestive disorder data.

1300 Refers to the disease code set to the target Label(1).

1300 indicates a case for kidney disorder data.

2. AEE HE2 52

Table 2. Characteristics of variables used

Varianles Information Type

An identifier indicating the
DOSAGE_ROUTE_ID route of administration of the| str
medication

INGR_CD The drug's ingredient code. str

A variable representing the
PTNT_OCCURSYMT_AGE | age at which the adverse drug int
event or symptom occurred.

PTNT_SEX Patient sex str

A variable indicating the type

SENDER_TY of entity that sent the data.

str

3665 http://www.dcs.or.kr



CIX =2 28 = 5t5|=&X|(J. DCS) Vol. 25, No. 12, pp. 3663-3682, Dec. 2024

Hal Hds e A, WA AR dlolElel] gk M A
£ $33t}. WA, KAERS DB Hlo[HE AHEE 98 A
ggk 5 A5AE 0% dAg o]F INGR.CD' W45
7102 oFES 4719 2F(groupl ~ groupd) o & F-F{3}

AL, EFEA 2 dolH = AAG oFw Fol AR
=
[e]

¢

As A FA o Higkel & T dxte] Aol AlLlete]
oHE Fo] 77k ofu]dl= Al 28 ‘DOSAGE PERIOD’ 945
A3l 21 & ‘WHOART ARRN'¥ '"WHOART SEQ™ %t
S i3] A= WHOART socl” G4 AAFIC) 714
o7 wWAl HY 32 Y3t INGR CD’, ‘PTNT SEX,
‘DOSAGE ROUTE 1D, Zz8]al ‘EFFICACY MEDDRA
ENG NM' 9] M54 tolHE Az vgdit}. o] %=
‘SENDER TY’ #ko] 421 Hlo|HE €5 315 dlo]El 2 e
skal, YA dlolHE Y- A5 vlolH = v HloHAlS
Ageict, WAl 2 ks Al ARS-EE HlolE 9] A4S 918t
ALRE 58k YEAR gtoll et i vlolE & 358 dle]
E](2018-2019)9} HIAESE do]E](2020-2022)2 &gt
thoojul, 57 <A Wi 7] ool el Ak flaiA
‘WHOART socl’ & 71502 54 AW 31=0| sdsh=
A1, old A 002 AA3te e LabelS golgith
7} ARl Wl A= 48] AollE <fn]sh= ‘0600’7
217 el g ofu)shE (1300'9] 23 Z=E o] g3t} wet
A Label 1¢] aldst= gke] 11300'%1 4%, ~18]aL ‘0600°
Q1 A5 F 5 7EAel disliA] mAalede] et npx ko
2, Bl WE(‘WHOART socl)E #|A3E %, Train,
Internal validation, 28]l External validation dataset<
TAdste] MAl Bdg 3k Sl E mkxink

teor o Axe] #HAoA 53 Train, Internal
validation, ~12]3. External validation H|°|E]E ©]&3}]
Al YdE et oju] AREE REle Ada Boost
Classifier[10], Bagging Classifier [11], Extra Trees
Classifier [12], Gradient Boosting Classifier [13],
Random Forest Classifier [14], MLP Classifier [15],
SGD Classifier [16], 22|31 SVC [17]9] 871¢] £77] &
gdolt}, sh5S 7 wof glojA MEHS o] &3dle] Bt
3 dlolEE A2} AL ABEH 7'HL Over Sampling
ol 2Ele& RandomOverSampler, BorderlineSMOTE,
SMOTE, “18]3 SVMSMOTE®] 4g-¢]ct. ouf, &= 28
oo} 71 Sl Wt BEll S Hlulsly] flate] 2708
ARt 3 HARE, & 78 S5 & A
7] 9Jal 5YL3A RandomOverSampler 2 A

tlo
=

né%
)

I
o 0 o~ mE o™ & Bl

ANy o

A= =

< 53] 333k ol digk 4¥E vjugit}, F AR E,
9 1d FRo) npE A3E v|ushy] Y5k A A
Fo] WS ndlS o] gsle] T dlolHE MEHE &
do] oF Ao vt Ed AT vuEAL
Accuracy, Precision, Recall, F1 Score, ROC AUC2] #H7}
A5 AlZtslele] asit)

1

l
p

http://dx.doi.org/10.9728/dcs.2024.25.12.3663

Accuracy = TP+ 1N (1)
TP+ TN+ FP+FN

Precision = 7TPJ—;—PFP 2)

Recall = %\] (3)

Flscore =2 Precision X Recall @)

Precision+ Recall

Az} FA AHEE H7F AxE A (DFE (D7)
o} ek TP (True Positive)w= E2eilA] AA] 1] &
7 R 45 Ay For o5 A9E TN (True
Negative)= AAZ AAR] A5 A3 A3loR 55
9=, FP (False Positive)©™ AA|Z ARl o2 o

=3 792 FN (False Negative) = AAZ Trueld] <
2 Azlolgt Bl A5 =3l 4] (DS - 2 &
F 2 oFoM AxkE Accuracy #S AmEgch

A

= =] -

[e}
Accuracy’} =855 AES ERFshs 2] kel A
A LA Q8 BE 2dd
= #] %2 Precision &t
5 O o So] A= A
& =3 2] (3)2 Recallol] el Aahe, o] Hlo]E]
)

o
e
o2
o,
2
i
1o
ol
Je
o
il
ol
o oft
b
ol

AES] g ME 5 WFA 5] wiEE= AAkgL) o
= A9 UAEE YEH, Recallo] 2855 28 o

o] Avh= A& Yehdth 2 ()& F1 scoreol tigh 2]
o], o]= Precision® Recall2 AXHETE o= Precision
7} RecallS SAlo] TElshs 2R mdo] %S =Aa=
Mg Algeth F1 "9 5575 499} 398 27
ol Al ReEle] ANkl Aso] U 93tk AS vERATE

v. & 23

4-1 Correlation Analysis Results
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Fig. 3. Visualization of CCA scatter plot for “1300° and ‘0600’ data without sampling, (a) 'DOSAGE_ROUTE_ID', (b)
'INGR_CD!, (c) 'PTNT_OCCURSYMT_AGE', (d) 'PTNT_SEX', and (e) 'SENDER_TY’
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Table 3. Correlation analysis of features and ‘0600’ and ‘1300’ data

Feature Pearson correlation Spearman Correlation Kendall correlation
correlation value p-value correlation value p-value correlation value p-value
DOSAGE_ROUTE_ID nan nan nan nan nan nan
INGR_CD 0.074 0.000 0.096 0.000 0.092 0.000
PTNT_OCCURSYMT_AGE 0.132 0.000 0.161 0.000 0.132 0.000
PTNT_SEX 0.082 0.000 0.093 0.000 0.091 0.000
SENDER_TY 0.066 0.000 0.084 0.000 0.082 0.000
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4-2 Model Evaluation of Performance Metrics

3FA|%F Fl-score, Precision, L]l Recall #ke] 0l 717}
& 7357} gkt AUC score #& 0.5 77k #H

¥ 4= MEYHS TR e 8F 2Yl9] Label 1, & 0.9 o]A+e] k& Bith ‘0600" 9A] Accuracys -9
‘1300°% ‘0600’ 9] F=Z BHE= 2% Fof W 4317 % 2o A w-$- & S HolH, Fl-score, Precision, L
of dlolgeol] tiet wEl AT H|udk Folt) ‘13009 2|3l Recall #kol 2l Yepsdt) 53 AUC score at GA|
% Accuracyy= HF-2e] RElolM wi9- 2 gk Bl 1300 o] 352 ghe Btk

. MEZS ME3IK| 22 2H 9| Label 10| et Ms W
Table 4. Comparison of model performance for Label 1 without sampling

Label 1 Classifier Dataset Accuracy F1score Precision Recall AUC score
Train 0.997 0.000 0.000 0.000 0.902
égﬁﬁﬁt Internal validation 1.000 0.000 0.000 0.000 0.669
External validation 1.000 0.000 0.000 0.000 0.541
, Train 0.997 0.015 1.000 0.008 0.986
Egii'i?izr Internal validation 1.000 0.000 0.000 0.000 0.528
External validation 1.000 0.000 0.000 0.000 0.483
Train 0.997 0.015 1.000 0.008 0.986
ET;;iTnfleefS Internal validation 1.000 0.000 0.000 0.000 0.474
External validation 1.000 0.000 0.000 0.000 0.497
Gradient Train 0.771 0.017 0.009 0.667 0.807
Boosting Internal validation 0.604 0.000 0.000 0.257 0.347
41300 Classifier External validation 0.986 0.000 0.000 0.000 0.625
Ranfom Train 0.997 0.000 0.000 0.000 0.940
Forest Internal validation 1.000 0.000 0.000 0.000 0.762
Classifier External validation 1.000 0.000 0.000 0.000 0.258
Train 0.997 0.000 0.000 0.000 0.743
MLP Internal validation 1.000 0.000 0.000 0.000 0.790

Classifier —
External validation 1.000 0.000 0.000 0.000 0.815
Train 0.997 0.000 0.000 0.000 0.500
gg‘ggmer Internal validation 1.000 0.000 0.000 0.000 0.499
External validation 1.000 0.000 0.000 0.000 0.499
Train 0.997 0.000 0.000 0.000 0.483
SvC Internal validation 1.000 0.000 0.000 0.000 0.400
External validation 1.000 0.000 0.000 0.000 0.705
Train 0.978 0.000 0.000 0.000 0.860
é%iiﬁ%?t Internal validation 0.998 0.000 0.000 0.000 0.764
External validation 1.000 0.000 0.000 0.000 0.754
, Train 0.979 0.286 0.576 0.190 0.978
2;%%‘;% Internal validation 0.997 0.000 0.000 0.000 0.566
External validation 0.994 0.000 0.000 0.000 0.458
Train 0.979 0.283 0.577 0.188 0.978
ET;;iTnfleefS Internal validation 0.998 0.000 0.000 0.000 0.537
External validation 1.000 0.000 0.000 0.000 0.486
Gradient Train 0.852 0.091 0.052 0.339 0.714
Boosting Internal validation 0.856 0.011 0.005 0.314 0.536
0600 Classifier External validation 0.906 0.000 0.000 0.000 0.465
Ranfomn Train 0.978 0.000 0.000 0.000 0.910
Forest Internal validation 0.998 0.000 0.000 0.000 0.724
Classifier External validation 1.000 0.000 0.000 0.000 0.662
Train 0.978 0.000 0.000 0.000 0.714
'\Cﬂtapssifier Internal validation 0.997 0.000 0.000 0.000 0.760
External validation 1.000 0.000 0.000 0.000 0.480
Train 0.978 0.000 0.000 0.000 0.500
gg‘ggmer Internal validation 0.997 0.000 0.000 0.000 0.500
External validation 1.000 0.000 0.000 0.000 0.500
Train 0.978 0.000 0.000 0.000 0.529
SvC Internal validation 0.998 0.000 0.000 0.000 0.452
External validation 1.000 0.000 0.000 0.000 0.339
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Table 5. Comparison of model performance for Label 1 across 1 iterations of RandomOverSampler sampling

Label 1 Classifier Dataset Accuracy F1score Precision Recall AUC score

Train 0.794 0.762 0.903 0.660 0.903

égﬁﬁgt Internal validation 0.971 0.004 0.002 0.229 0.669

External validation 1.000 0.000 0.000 0.000 0.541

, Train 0.972 0.972 0.946 1.000 0.986

gﬁ,ii'i?igr Internal validation 0.972 0.000 0.000 0.000 0.483

External validation 0.999 0.000 0.000 0.000 0.495

Train 0.972 0.972 0.946 1.000 0.986

Ef;g{gfs Internal validation 0.975 0.000 0.000 0.000 0.473

External validation 1.000 0.000 0.000 0.000 0.497

Gradient Train 0.972 0.972 0.946 1.000 0.986

Boosting Internal validation 0.975 0.000 0.000 0.000 0.709

300" Classifier External validation 1.000 0.000 0.000 0.000 0.053

Ranfom Train 0.888 0.890 0.877 0.903 0.953

Forest Internal validation 1.000 0.000 0.000 0.000 0.466

Classifier External validation 1.000 0.000 0.000 0.000 0.508

Train 0.704 0.682 0.736 0.636 0.815

’\Cﬂtapssi ter | Intemal validation 0.872 0.002 0.001 0.629 0.842

External validation 1.000 0.000 0.000 0.000 0.726

Train 0.649 0.731 0.592 0.955 0.645

gggsifier Internal validation 0.550 0.001 0.001 0.943 0.747

External validation 0.735 0.000 0.000 0.500 0.785

Train 0.591 0.686 0.556 0.895 0.713

SvVC Internal validation 0.545 0.001 0.001 0.943 0.829

External validation 0.445 0.000 0.000 1.000 0.641

Train 0.814 0.833 0.756 0.928 0.860

égﬁﬁgt Internal validation 0.992 0.000 0.000 0.000 0.769

External validation 1.000 0.000 0.000 0.000 0.752

, Train 0.955 0.957 0.924 0.992 0.978

gﬁ,ii'i?igr Internal validation 0.998 0.000 0.000 0.000 0.493

External validation 0.999 0.000 0.000 0.000 0.481

Train 0.955 0.957 0.924 0.992 0.978

Ef;g{gfs Internal validation 0.988 0.000 0.000 0.000 0.484

External validation 1.000 0.000 0.000 0.000 0.488

Gradient Train 0.955 0.957 0.924 0.991 0.978

Boosting Internal validation 0.988 0.000 0.000 0.000 0.631

0600 Classifier External validation 1.000 0.000 0.000 0.000 0.670

Ranfom Train 0.827 0.843 0.771 0.931 0.907

Forest Internal validation 0.996 0.000 0.000 0.000 0.674

Classifier External validation 1.000 0.000 0.000 0.000 0.745

Train 0.658 0.739 0.598 0.967 0.738

’\Cﬂtapssi ier | Intemal validation 0.501 0.009 0.005 0.924 0.736

External validation 1.000 0.000 0.000 0.000 0.508

Train 0.648 0.662 0.637 0.688 0.677

gggsifier Internal validation 0.690 0.011 0.006 0.714 0.721

External validation 0.936 0.000 0.000 0.000 0.558

Train 0.608 0.704 0.566 0.934 0.662

SvVC Internal validation 0.534 0.010 0.005 0.924 0.789

External validation 0.417 0.000 0.000 0.333 0.474
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Table 6. Comparison of model performance for Label 1 across 5 iterations of RandomOverSampler sampling

Label 1 Classifier Dataset Accuracy F1score Precision Recall AUC score
Train 0.794 0.762 0.903 0.660 0.669
é&aszﬁifrt Internal validation 0.971 0.002 0.002 0.229 0.903
External validation 1.000 0.000 0.000 0.000 0.541
, Train 0.972 0.972 0.946 1.000 0.483
Egii'i?izr Internal validation 0.972 0.000 0.000 0.000 0.986
External validation 0.999 0.000 0.000 0.000 0.495
Train 0.972 0.972 0.946 1.000 0.473
ET;;iTnfleefS Internal validation 0.975 0.000 0.000 0.000 0.986
External validation 1.000 0.000 0.000 0.000 0.497
Gradient Train 0.972 0.972 0.946 1.000 0.709
Boosting Internal validation 0.975 0.000 0.000 0.000 0.986
41300 Classifier External validation 1.000 0.000 0.000 0.000 0.053
Ranfom Train 0.888 0.890 0.877 0.903 0.466
Forest Internal validation 1.000 0.000 0.000 0.000 0.953
Classifier External validation 1.000 0.000 0.000 0.000 0.508
Train 0.704 0.682 0.736 0.636 0.842
'\Cﬂtapssifier Internal validation 0.872 0.002 0.001 0.629 0.815
External validation 1.000 0.000 0.000 0.000 0.726
Train 0.649 0.731 0.592 0.955 0.747
gggsifier Internal validation 0.550 0.001 0.001 0.943 0.645
External validation 0.755 0.000 0.000 0.500 0.785
Train 0.591 0.686 0.556 0.895 0.829
SVC Internal validation 0.545 0.001 0.001 0.943 0.713
External validation 0.445 0.000 0.000 1.000 0.641
Train 0.000 0.833 0.756 0.928 0.860
é&aszﬁifrt Internal validation 1.000 0.000 0.000 0.000 0.769
External validation 0.992 0.815 0.000 0.000 0.752
, Train 0.000 0.957 0.924 0.992 0.978
Egii'i?izr Internal validation 0.999 0.000 0.000 0.000 0.493
External validation 0.988 0.955 0.000 0.000 0.481
Train 0.000 0.957 0.924 0.992 0.978
ET;;iTnfleefS Internal validation 1.000 0.000 0.000 0.000 0.484
External validation 0.988 0.955 0.000 0.000 0.488
Gradient Train 0.000 0.957 0.924 0.991 0.978
Boosting Internal validation 1.000 0.000 0.000 0.000 0.631
0600 Classifier External validation 0.988 0.955 0.000 0.000 0.670
Ranfom Train 0.000 0.843 0.771 0.931 0.907
Forest Internal validation 1.000 0.000 0.000 0.000 0.674
Classifier External validation 0.996 0.827 0.000 0.000 0.745
Train 0.000 0.739 0.598 0.967 0.768
“C/'tp o Internal validation 1.000 0.009 0.005 0.924 0.736
assifier
External validation 0.501 0.658 0.000 0.000 0.508
Train 0.000 0.662 0.637 0.688 0.677
gggsifier Internal validation 0.936 0.011 0.006 0.714 0.721
External validation 0.690 0.648 0.000 0.000 0.558
Train 0.000 0.704 0.566 0.934 0.662
SvC Internal validation 0.417 0.010 0.005 0.924 0.789
External validation 0.534 0.608 0.000 0.333 0.474
S B3l Folth Accuracy? 7% External validation 2 T = A1 oo} 4317] Aol dlolgef ek el TS H)
Internal validation Ho]E]ol| A YA YElt o™ Fl-score, 238k Folt), AF- oA Train Hlo|Edl] 3l £ A2
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HHA Train "HloJEol M= A% X3 ko] A YTt
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Table 7. Comparison of model performance for Label 1 across 5 iterations of BorderlineSMOTE sampling

Label 1 Classifier Dataset Accuracy F1score Precision Recall AUC score
Train 0.820 0.817 0.830 0.804 0.924

éﬁfgzﬁiit Internal validation 0.945 0.001 0.001 0171 0.533
External validation 1.000 0.000 0.000 0.000 0.426

, Train 0.990 0.990 0.982 0.998 0.998
Eiiiﬁgr Internal validation 0.973 0.000 0.000 0.000 0.474
External validation 0.999 0.000 0.000 0.000 0.486

Train 0.990 0.990 0.982 0.998 0.998

Eﬁ;ﬁg;ijs Internal validation 0.972 0.000 0.000 0.000 0.456
External validation 1.000 0.000 0.000 0.000 0.490

Gradient Train 0.961 0.963 0.931 0.997 0.942
Boosting Internal validation 0.957 0.001 0.000 0.057 0.280
300" Classifier External validation 0.989 0.000 0.000 0.000 0.341
Ranfom Train 0.937 0.937 0.942 0.932 0.976
Forest Internal validation 1.000 0.000 0.000 0.000 0.446
Classifier External validation 1.000 0.000 0.000 0.000 0.522
Train 0.750 0.797 0.671 0.981 0.904

gt;;ﬁﬂer Internal validation 0618 0.001 0.001 0.886 0.776
External validation 1.000 0.000 0.000 0.000 0.560

Train 0.500 0.667 0.500 1.000 0.500

giizsmer Internal validation 0.000 0.000 0.000 1.000 0.500
External validation 0.000 0.000 0.000 1.000 0.500

Train 0.603 0.696 0.564 0.908 0.666

SvC Internal validation 0.560 0.001 0.001 0.943 0.829
External validation 0.493 0.000 0.000 1.000 0.631

Train 0.913 0.833 0.754 0.930 0.882

éﬁigﬁi;t Internal validation 0.989 0.000 0.000 0.000 0.713
External validation 1.000 0.000 0.000 0.000 0.775

, Train 0.971 0.972 0.956 0.989 0.990
Eiiiﬁgr Internal validation 0.984 0.015 0.009 0.051 0.526
External validation 0.996 0.000 0.000 0.000 0.488

Train 0.971 0.972 0.956 0.988 0.990

Eﬁ;ﬁg;ijs Internal validation 0.991 0.000 0.000 0.000 0.505
External validation 1.000 0.000 0.000 0.000 0.482

Gradient Train 0.963 0.964 0.942 0.986 0.974
Boosting Internal validation 0.969 0.000 0.000 0.003 0.443
0600" Classifier External validation 0.980 0.000 0.000 0.000 0.086
Ranfom Train 0.835 0.850 0.778 0.938 0.923
Forest Internal validation 0.998 0.000 0.000 0.000 0.708
Classifier External validation 1.000 0.000 0.000 0.000 0.781
Train 0.706 0.762 0.640 0.941 0.749

gt;;ﬁﬂer Internal validation 0.551 0.010 0.005 0.898 0.711
External validation 1.000 0.000 0.000 0.000 0.538

Train 0.641 0.703 0.599 0.852 0.663

giizsmer Internal validation 0.609 0.010 0.005 0.804 0.727
External validation 0.907 0.000 0.000 0.000 0.525

Train 0.624 0.721 0.573 0.969 0.627

svVC Internal validation 0.532 0.010 0.005 0.924 0.786
External validation 0.410 0.000 0.000 0.333 0.472

ofje} 23}7] ol dlojE ol gt Rl 435S vlalgh 3o|th
External validation, Internal validation, Train H|]E]ol| 4]
Hoh 8 9 deS Holuh g o] 79 External
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validation, Internal validation Elo]&lel] thaliA Aso] ¢
7N E o] LreRh o8] A A8k EA1 gk

¥ 102 & 4~971A]9] AFo) tigh B ¢hS JeRd 3o

3671 http://www.dcs.or.kr



C|X| " 2El X &5 =&X|(J. DCS) Vol. 25, No. 12, pp. 3663-3682, Dec. 2024

=

¥ 8. SMOTEE 0|&5l0{ ME3 2 535 M5t T2 2| Label 101 Cist M5 H|W
Table 8. Comparison of model performance for ‘Label 1 across 5 iterations of SMOTE sampling
Label 1 Classifier Dataset Accuracy F1score Precision Recall AUC score
Train 0.884 0.884 0.882 0.886 0.945
é&aszﬁifrt Internal validation 0.969 0.002 0.001 0.143 0.693
External validation 1.000 0.000 0.000 0.000 0.523
, Train 0.980 0.980 0.962 1.000 0.994
Egii'i?izr Internal validation 0.975 0.000 0.000 0.000 0.473
External validation 0.998 0.000 0.000 0.000 0.487
Train 0.980 0.980 0.962 1.000 0.994
ET;;iTnfleefS Internal validation 0.971 0.000 0.000 0.000 0.456
External validation 1.000 0.000 0.000 0.000 0.490
Gradient Train 0.979 0.980 0.960 1.000 0.993
Boosting Internal validation 0.972 0.000 0.000 0.000 0.628
300" Classifier External validation 0.999 0.000 0.000 0.000 0.257
Ranfom Train 0.939 0.939 0.936 0.942 0.971
Forest Internal validation 1.000 0.000 0.000 0.000 0.528
Classifier External validation 1.000 0.000 0.000 0.000 0.415
Train 0.775 0.782 0.758 0.807 0.872
'\Cﬂtapssifier Internal validation 0813 0.002 0.001 0.686 0.836
External validation 1.000 0.000 0.000 0.000 0.646
Train 0.603 0.708 0.560 0.964 0.626
gigsmer Internal validation 0.436 0.001 0.000 0.943 0.688
External validation 0.433 0.000 0.000 1.000 0.721
Train 0.593 0.688 0.558 0.896 0.714
SVC Internal validation 0.547 0.001 0.001 0.943 0.829
External validation 0.447 0.000 0.000 1.000 0.641
Train 0.805 0.819 0.764 0.883 0.875
é&aszﬁifrt Internal validation 0.992 0.000 0.000 0.000 0.777
External validation 1.000 0.000 0.000 0.000 0.729
, Train 0.962 0.963 0.932 0.996 0.983
Egii'i?izr Internal validation 0.991 0.000 0.000 0.000 0.515
External validation 0.999 0.000 0.000 0.000 0.481
Train 0.962 0.963 0.932 0.996 0.983
ET;;iTnfleefS Internal validation 0.991 0.000 0.000 0.000 0.514
External validation 1.000 0.000 0.000 0.000 0.483
Gradient Train 0.957 0.958 0.928 0.991 0.978
Boosting Internal validation 0.985 0.000 0.000 0.000 0.624
0600’ Classifier External validation 0.997 0.000 0.000 0.000 0.598
Ranfom Train 0.841 0.858 0.778 0.956 0.923
Forest Internal validation 0.995 0.000 0.000 0.000 0.726
Classifier External validation 1.000 0.000 0.000 0.000 0.725
Train 0.679 0.747 0.617 0.946 0.737
'\Cﬂtapssifier Internal validation 0.576 0.010 0.005 0.878 0.738
External validation 1.000 0.000 0.000 0.000 0.506
Train 0.497 0.013 0.339 0.007 0.597
gigsmer Internal validation 0.987 0.000 0.000 0.000 0.702
External validation 1.000 0.000 0.000 0.000 0.495
Train 0.609 0.705 0.566 0.935 0.665
SvC Internal validation 0.537 0.010 0.005 0.924 0.789
External validation 0.420 0.000 0.000 0.333 0.474
o, AEH 7 s 0 2 HuEE 22 A Precision (0.263), 712]a1 Recall (0.450)04] 7|4 %+= &
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Table 9. Comparison of model performance for Label 1 across 5 iterations of SVMSMOTE sampling

Label 1 Classifier Dataset Accuracy F1score Precision Recall AUC score
Train 0.840 0.840 0.840 0.840 0.937
é?aasii?ioesrt Internal validation 0.968 0.002 0.001 0.114 0.466
External validation 1.000 0.000 0.000 0.000 0.444
) Train 0.990 0.990 0.982 0.997 0.998
gﬁ,ii'i?iir Internal validation 0.485 0.001 0.000 0.943 0.728
External validation 0.731 0.000 0.000 1.000 0.831
Train 0.990 0.990 0.982 0.997 0.998
ET;rsjfrZ?S Internal validation 0.969 0.000 0.000 0.000 0.581
External validation 1.000 0.000 0.000 0.000 0.745
Gradient Train 0.953 0.955 0.921 0.991 0.928
Boosting Internal validation 0.578 0.001 0.000 0.771 0.669
4300’ Classifier External validation 0.729 0.000 0.000 1.000 0.864
Ranfom Train 0.915 0.915 0.913 0.916 0.976
Forest Internal validation 1.000 0.000 0.000 0.000 0.420
Classifier External validation 1.000 0.000 0.000 0.000 0.447
Train 0.500 0.000 0.000 0.000 0.681
'\CAtaPssifier Internal vaIiFjatiF)n 1.000 0.000 0.000 0.000 0.824
External validation 1.000 0.000 0.000 0.000 0.684
Train 0.577 0.686 0.546 0.923 0.579
ggzsifier Internal validation 0.429 0.001 0.000 0.943 0.686
External validation 0.399 0.000 0.000 1.000 0.704
Train 0.594 0.692 0.557 0.913 0.632
SVC Internal validation 0.529 0.001 0.000 0.943 0.831
External validation 0.406 0.000 0.000 1.000 0.641
Train 0.812 0.826 0.767 0.896 0.878
é?aasii?ioesrt Internal validation 0.983 0.019 0.011 0.066 0.717
External validation 1.000 0.000 0.000 0.000 0.594
) Train 0.971 0.972 0.953 0.992 0.992
gﬁ,ii'i?iir Internal validation 0.989 0.000 0.000 0.000 0.512
External validation 0.994 0.000 0.000 0.000 0.476
Train 0.971 0.972 0.953 0.991 0.992
ET;rsjfrZ?S Internal validation 0.992 0.000 0.000 0.000 0.513
External validation 1.000 0.000 0.000 0.000 0.482
Gradient Train 0.970 0.970 0.950 0.991 0.989
Boosting Internal validation 0.989 0.000 0.000 0.000 0.591
0600 Classifier External validation 0.991 0.000 0.000 0.000 0.689
Ranfom Train 0.856 0.866 0.808 0.933 0.934
Forest Internal validation 0.994 0.000 0.000 0.000 0.667
Classifier External validation 1.000 0.000 0.000 0.000 0.597
Train 0.713 0.697 0.738 0.661 0.815
'\C/ltp e Internal validation 0.743 0.008 0.004 0.401 0.702
assifier ——
External validation 1.000 0.000 0.000 0.000 0.457
Train 0.500 0.000 0.000 0.000 0.500
ggzsifier Internal validation 0.997 0.000 0.000 0.000 0.500
External validation 1.000 0.000 0.000 0.000 0.500
Train 0.618 0.713 0.571 0.952 0.633
SVC Internal validation 0.535 0.010 0.005 0.924 0.791
External validation 0.400 0.000 0.000 0.333 0.476
E 10. 26 MEZ diHol| st 22 MHs H|w
Table 10. Comparison of model performance for over sampling methods
Over Sampling Method Accuracy F1score Precision Recall AUC score
Without sampling (no samling) 0.975 0.015 0.067 0.041 0.633
1 iterations of RandomQOverSampler 0.853 0.278 0.263 0.450 0.692
5 iterations of RandomOverSampler 0.721 0.412 0.263 0.450 0.692
5 iterations of BorderlineSMOTE 0.825 0.285 0.263 0.485 0.650
5 iterations of SMOTE 0.856 0.271 0.259 0.439 0.688
5 iterations of SYMSMOTE 0.825 0.253 0.240 0.467 0.694
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