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Prediction of dental caries in 12—-year—old children
using machine—learning algorithms

Yong—Hoon Yang, Ji-Soo Kim, Seung—Hwa Jeong

Departments of Preventive & Community Dentistry, Pusan National University School of Dentistry, Yangsan, Korea

Objectives: The decayed-missing=filled (DMFT) index is a representative oral health indicator. Pre—
diction of DMFT index is an important basis for the development of public oral health care projects
and strategies for caries prevention. In this study, we used data from the 2015 Korean children’s
oral health survey to predict DMFT index and caries risk groups using statistical techniques and four
different machine—-learning algorithms.

Methods: DMFT prediction models were constructed using multiple linear regression and four dif-
ferent machine-learning algorithms: decision tree regressor, decision tree classifier (DTC), random
forest regressor, and random forest classifier (RFC). Thereafter, their accuracies were compared.
Results: For the DMFT predictive model, the prediction accuracy of multiple linear regression and
RFC were 15.24% and 43.27%, respectively. The accuracy of DTC prediction was 2.84 times that

Conclusions: Using data from the 2015 Korean children’s oral health survey, which is considered big
data in the field of oral health survey in Korea, this study confirmed that machine—learning mod-
els are more useful than statistical models for predicting DMFT index and caries risk in 12-year—
old children. Therefore, it is expected that the machine-learning model can be used to predict the
DMFT score.
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Zolu 270 87300 Higt 91419 Ale] & Azt Fdol 4717

St 497t gk
A A YA OFDMET) = A Q] A HZA, 3 A
o] HR3 SABAYTAY $5 Y= Holr}. DMFT+ 9¥H]
A73EEE, AT Ao gold, ARIEAIE &
Ql 5ol 9Jaf P vkl EA Qlnt. T DMFTS 11
T 891 jotstal, DMFTE 9l&0ks A2 T EAA S 7
otal, 7HR19] Ao eRE: ol o F83%F A7 E 4 ]l
T AR T E A ) A9l oA, =719 LAY
B 2 B e, A RolE 5& RARICEHN Lejuete] 77
HAAY 3 7 AR A 9, A A 270 Eagt
712A=2E SEsH| H8f 200095 o 3dukct 42350} Lo,
2015490 124 ok 27,568 FAKsto], 7498} o] Hld|
o[f & IAH. A HRAIA DMFTE d¥0] 57185
o= Aol Lo, 2000004 2015802 QHA] A5 Hol
A2 Q& FA ol

Z5td o g 9] 4 HAlHY(machine learning)?] 7ig-2
AES E3f g|o]ElE sk55l=(learn from experience) HFE T2
JHog EY ARE 3%tol Qlo] A wrgs] I ATE FAI
713 0|2 W7ol FEE 7P RIS ek, vl g o
AR 19509 Hof] AJ2E=]o] 1980-90Fth7HA] W & TE A A
gk, 20008 H) SHkof] 0] QIefHlo] oJsf S2€ gt 2] HlHo]
Ele} o5 AT & Q= st=o] 59 dEE vl e
o] 2P, F ol HAlE Y-S 0]83t o]u]A] Q12], 34 Q14], WY
59 Hopol| A FET gst AJabr} o] A 1L Qlct.

HAHY 7]&2 T o5 FofolAE tefstal EE A AlLE L
Ut St K] 2jst Hopol| A= shicefnt W X|7hg AfE TS5
g, T ARE o83t HeEld B4 A7 9 F90 AR 1ol
I om) g5 A7 Auprt 7 ehec). SNt 71&9] S84 &
B/30] Bsf 2] 9J5t Folol| A1) E-8-2 ofZ] AgHA o] 7] wiZof ¢ tF
et Hofof] &5t = A=t Zasith

A7l Rt LR 51| Aol AERAR 71241 A
Huto g QI ee] SAAFGTARE A&t Aol
28 5= Aol AlZh Hl8-Z £o0l1l LA IAFAE o] A
2710] ekt g3t W ash A 75 v sh=y Tgo| € 7ot}
T3S, ol& R4 DMFTO B2 @k mlAl= 7]of 891 et
S, 11 891 2Hste] 4] ool & o] & Zlo|t}. wehA
o[l itollAl= 20159 ots AR HRAL ARE B85l B
AR 71} ohget mAled SaEEE o83t A H A of
F(DMFT) 9l& BEZ 75510 3)A=AT} HAleld B9 52
H 1, £A5k= Aol

LA U

I

1. A0y

HAEXEZ} 20159 98 ofs 14074 B 242015 Ko-
rean Children’s Oral Health Survey) ¥AAtE S o]-&-5}0] BA519]
o}, oFs A AR AR AR Aol o)A sto] FT19] LAY
A9} 2R AZRA] 5 A71H o7 AR Aoz Y] °
QEdof Thet HEAT A9 WA il 20159 oFs A A
ZAo] Zhofgt RH2A| TRt = & 27,5688°1%0L, 11 5 4

Table 1. Distribution of study subjects by characteristics

Characteristics Classification N %

Gender Men 11,942 50.4
Women 11,760 49.6

Region City 18,496 78.0
Rural area 5,206 22.0

Number of pit and fissure 0 10,345 43.6
sealant 1 2,546 10.7
2 2,937 12.4

3 2,138 9.0

4 3,285 13.9

5 636 2.7

6 573 2.4

7 306 13

8 347 1.5

9 114 0.5

10 109 0.5

11 100 0.4

12 98 0.4

13 40 0.2

14 55 0.2

15 38 0.2

16 35 0.1

Perceived oral health status Very good 1,349 5.7
Good 9,034 38.1

Fair 10,932 46.1

Poor 2,231 9.4

Very poor 156 0.7

Dental treatment demand for ~ Yes 15,267 64.4
the past one year No 8,435 35.6
Experience of toothache for Yes 5,046 21.3
the past one year No 18,656 78.7
Frequency of snack intake No intake 2,780 11.7
per day Once 7,852 33.1
2 times 7,797 329

3 times 3,692 15.6

4 and over 1,581 6.7

Number of oral hygiene 0 14,428 60.9
auxiliaries in use 1 6,787 28.6

2 2,002 8.4

3 418 1.8

4 59 0.2

5 8 0.0

Total 23,702 100.0

Data source from 2015 Korean Chidren’s Oral Health Survey.
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& oHA] FUAU TS0 ZSA)7F A5k tA 3,806
< A 23t 23,7028 9] A=E 2F FAof E&5t3ItHTable 1).

2.2. DMFT 0|52 9ot Hilz{d La12|Ee &8

(1) YAFZEHLIR(Decision tree)

AR (Decision tree}= BloJEmtold, HAIZ oA AL
B9l o1& Bdg 3 5 SPHE ofd] 7HA] AE SR oE A

BotHA PSS 3hE E6le 5 Edolt &, o 9F
%i"ﬂ tisto] Sk &k HElld YREE lﬂiﬁg L2b
Ut 24 i A= g 222 Q1o B 449 271 EA3E
B AT 4= Q= 7o R W2 Fopoj| A thekolA -85l Q)

2.1, DMFT 052 9I3t LIEMEEIH 24 75
DMFT o 574 BRE 75317] Sistel A5 ARA2 o
St SYALES Ae] o], $444-) DMFToR) 42
B2 AYSGAOH, 7 ¥E k] ths BHAS et 5Al]
451491 DTSR Aol Sl 59 871402 Agaiict

_l

‘_.

ﬂll

At Siiee Y, AFAY, AUGTFAAor o, F24 ok ofdl Aol|ME oyl 2T floj(version 3.7.0, https://
B3, 22 AR (A 187 A= o), AE °4-r www.python.org)®] HE2Ql HAl2d 2to]HeZ]Ql Kol 7d

=
e
-
(G,
A s

15 743 o), 19 92149714 Ad3FI814(1A] sl

2b), 018 FA FEBEXEF (A, AZBEE, AR, Zd_
A&, 294, 78 &5 5 EAE)elolt AP HEY  slglth Classifications Thido] o] #l5o]] &5}=74] o &sk= W
e g e o o], Regression2 td} #eHo] Q= A&E 4 d&ok= dgE:

AR ARAS 5ol =2 Tl 24 A g2 - olth

Folo] QAR o) DMPT 3 &1tk ASH o3 ghe A4 (2) 2 T2 AE(Random forest)

AR Aol A REEHste] A4 WS o, 29 ol& g2 022 W 2 AERandom Forest)= 2001 Breiman©] &J5f 7zt
A2stAet. BAEAL [BM SPSS 23.0° (IBM Co., Armonk, NY,  BER7|Hog2% A&l QAAAE 7]9S sk} ofd ofe 7)9]

(scikit-learn, https://scikit-learn.org)?] DecisionTreeRegressor
(o]s} DTR)?} DecisionTreeClassifier (°]5} DTC) ¥18|&S &4

Table 2. Evaluation of validity and accuracy of machine learning algorithm for prediction of DMFT

Random forest regressor Random forest classifier

0.240064
Train: 0.255379
Test: 0.191253
Whole: 0.236140

Decision tree regressor Decision tree classifier

Self accuracy 0.279808

Model 1 Train: 0.309204
Test: 0.201238
Whole: 0.276812

0.526285
Train: 0.546983
Test: 0.382225
Whole: 0.497553

0.521813
Train: 0.540896
Test: 0.374912
Whole: 0.491098

Model 2
0.550
9390 0.525 — Acauracy (trin) Accuracy (i) 0.525
0275 P - et 0500
0.500 :
0.250 0.475
0475 :
0225 0.450
0.450 :
0.200 0.425
0425 :
04751 N
0150 ¥ — ey 0.400 0.400
. ! o ) 0.375 0.375
0 10 20 30 40 50 60 0 10 20 30 40 50 60 0 10 20 30 40 50 60 0 10 20 30 40 50 60

Max_depth=23
Train: 0.309204
Test: 0.201238
Whole: 0.276812

Max_depth=7
Train: 0.440540
Test: 0.423991
Whole: 0.435575

Max_depth=20
Train: 0.254958
Test: 0.191253
Whole: 0.235845

Max_depth=7
Train: 0.435477
Test: 0.427929
Whole: 0.433212

Model 3

0.432
0.431
0.430
0.429
0.428

— Accuracy (train)
Accuracy (test)

T Ry e 0434
0432
0.430

0.428

0.426

0 10 20 30 40 50

Min_samples_split=3
Train: 0.289856
Test: 0.203066
Whole: 0.263817

600 625 650 675 700 725 750 775 800

Min_samples_split=675

Train: 0.432283
Test: 0.428210
Whole: 0.431061

2 4 6 8 10 12 14

Min_samples_split=2
Train: 0.254958
Test: 0.191253
Whole: 0.235845

50 100 150 200 250 300

Min_samples_split=88
Train: 0.434211

Test: 0.429335
Whole: 0.432748

Random forest regressor, Decision tree regressor: random_state=37. Random forest classifier, Decision tree classifier: random_state=42. Blue (Or-
ange) line: train (test) dataset accuracy by each hyperparameter. Model 1: After random train-test data set split (7:3), the accuracy of each data set
was obtained. Model 2: max_depth adjusting in Model 1. Model 3: min_samples_split adjusting in Model 2.
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AR vleelsi(meta-learning) FEHE 2F
JHolp, Ay THAES FA5I= 7 A A
H 85 Hlo[E|2t PSSl sl FA ==t o]
AU AU Hold 4 glo, o5 T
FolA H= &EH ZHAE) Hreot oHgd ot
HEHAEL] L, th4=0] o] 9fsf] &2 27|
SV ALGE dutst 0 F7F B Fho = S5t o] &K over
fitting& W& 4= lom, 7 8 A HRES S5A1Z o A4
58 AlmoM AR B 329 HlolHE ATk Slo] /&
ojuf oA 2 RE I JFE WA Y=t B o)A oy
g7 oj(version 3.7.002] WAl 2tolHEZ|Ql Ao|Zl#9]
RandomPForestRegressor (°]3} RFR)2} RandomForestClassifier (0]5}
RFC) €118} &85ttt

() Mileid Y2|E oS 22O Mg

DMFTE £&H4(label), 87019 ¥4E Ais(feature) 2 A
et ), ool 2y Aojo] mAlEy 2to]E 23l Scikit-
learn AT E 019 DTR, DIC, RFR, RFC €118]& ZZo| tisto]
23,7027 AwE S5AIR] F, A58 SgEdo] 7|20 AR
HEE AAR(fiyote] ASHES] YL E AEHT) Regressor
Y1 ZZDTR, RER)OY| 2ol At&H &3k A% AR A2folAf &t
=9sto] 4= Heksto] A]stoirt.

Ldlo] elg B7HE Slof AA| ElolEAEE 58 (train data
set) T} H7}EHtest data set) 02 FESIo] 7o 39] HE&E 2R
Z78 H, hold out validation= Al35}0] train data set¥} test data
seto]A9] gl HBEE ARSIt Table 2, model 1). 9= B4l
9] B = Al FaefES vA| 245k 2511 stolHufet
018} g (hyperparameter tuning, ZU7HHs £4) AIF3IA
5143t sfo]Huet|HE max_depth®t mean_samples_splitQATt.
Test data-set®] H&L=7} 71 =4 YER= hyperparameter 3+
T Agste], HFAQ SIS H5ItHTable 2, model
3). o] S5 do]| 7|29 ARwS: Zhe A doldl A&t B

Fy

o 40 R &
—{OFI )
R
N
W
H,
El‘ﬁ:oﬁ
LN

ol
K
£ I
_I\)Il
flllo
4

N
)
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£
jain)

H4E SHHSE O A3 AR Ae Aa Bl &
e BE WL BAHCE Fostior, AEe 11.9%= et
HTHR’=0.119). AHET-HA 2Joksx(beta=—0.224), HA TR
o] (beta=0.175), T 773707l (beta=0.117)7}F g o=
DMFTO] & 93 u]A|&= 7 0 & YeRttHTable 3).

&8 LIS Bl 7 dRbE dlEghE oA ARSI
dEgke] S22 206709 ARllE 002 wgketict. AA gt
dl&zko] SUst AL 3,611H O A4 thax4(23,702) T
15.24%9] 9% B e 37240 DMFT 022 &3t
7%, 1 3ol AA 09 FEFHA dEST) 64.9%A 3, DMFT 12
A&t 4%, I gto] AA 19 &2 14.9%, DMFT 22 &3t 4
9, L gro] AA 24 M52 12.7%= YEFttHTable 4).

2. 47X MA2Y Ldn2|Fe| DMFT 0= H|w

o[ A HloJEAE] tiste] mAleld dare|EE 283t 4
I}, DMFT 9% A== DTCeF RFC ¥are|Eo] 242t 43.11%,
43.27%% Yerdlom, DTR, RFR ¥ale)52 27t 26.38%, 23.58%
Z YETHTable 2). Regressor Y1 8]&E T} Classifier 41 8]&9]
Aste 7} T35k &9k H, RandomForest €172]&7} Decision-
Tree €112159] H&T+= 2 Zo)7} YAt Hyperparameter £
< 59 test dataset®] HH=E S7HAF thEAF S AHEA Q] o
7985 (15.24%)°l Bl DTR €ar2ls2 1.738, RFC €alesd
2.84H =7 eyt

7} & E|=9] A¥iS 29 T (feature importance)= A2 AJO]
siylon, B A EfEoA UM olRY HFo] 71 =

Table 3. Multiple linear regression model for prediction of DMFT in 12-year—olds

Unstandardized Standardized
Model coefficient coefficient t Sig.
B Std. Error Beta

(Constant) 302 075 4.006 .000
Gender 519 032 .098 16.030 .000
Region .220 .039 034 5.632 .000
Number of pit and fissure sealant —.235 .006 —.224 —36.394 .000
Perceived oral health status 407 .022 117 18.515 .000
Dental treatment demand for the past one year .966 .034 175 28.128 .000
Experience of toothache for the past one year .350 041 054 8.550 .000
Frequency of snack intake per day .035 015 014 2.329 .020
Number of oral hygiene auxiliaries using 074 .022 021 3.388 .001

R Square: 0.119, Dependent variable: DMFT, Variables Entered with Enter method.

Gender: Men=0, Women=1 / Regine: City=0, Rural area=1 / Number of pit and fissure sealant: 0-16 / Perceived oral health status: Very good-Very
poor=1-5 / Dental treatment demand for the past one year: Yes=1, No=0 / Experience of toothache for the past one year: Yes=1, No=0 / Frequen-
cy of snack intake per day: No intake=1, once=2, 2 times=3, 3 times=4, 4 and over=5 / Number of oral hygiene auxiliaries using: 0-5.
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Table 4. Accuracy (%) of the predicted DMFT in each machine learning algorithm

Frequency of Predicted
DT DMFT DMFT MIR

0 10,140 0 649
1 2,932 1 14.9
2 2,773 2 12.7
3 1,764 3 93
4 2,963 4 20.8
5 866 5 0
6 798 6
7 381 7
8 384 8
9 185 9

10 135 10

11 98 11

12 94 12

13 66 13

14 54 14

15 25 15

16 34 16

17 4

18 1

19 4

20 1

Total 23,702

DTR DIC RFR REC
87.0 48.2 86.8 54.7
21.0 20.9 19.3 57.6
16.6 17.0 153 51.7
12.6 5.1 10.8 45.7
27.5 13.0 233 37.1
19.8 4.6 7.9 50.2
30.4 10.2 12.7 44.7
32.2 12.7 3.8 43.7
52.8 3.8 44.1
68.4 4.3 714
78.6 11.1 72.2
100.0 0 56.3
066.7 0 77.8
100.0 50.0 353
100.0 06.7
100.0 44.4
100.0 100.0

MLR, Multiple linear regression; DTR, Decision tree regressor; DTC, Decision tree classifier; RFR, Random forest regressor; RFC, Random forest

classifier.

Table 5. The feature importance of each machine learning algorithm

Decision tree regressor

Decision tree classifier Random forest regressor Random forest classifier

Gender 0.0480 0.0455 0.0501 0.0275
Region 0.0492 0.0902 0.0603 0.0620
Number of pit and fissure sealant 0.3460 0.2298 0.3132 0.3438
Perceived oral health status 0.1109 0.1232 0.1089 0.1342
Dental treatment demand for the past 0.1313 0.0372 0.1117 0.0447
one year
Experience of toothache for the past 0.0441 0.0635 0.0598 0.0405
one year
Frequency of snack intake per day 0.1527 0.2170 0.1642 0.1868
Number of oral hygiene auxiliaries using 0.1178 0.1936 0.1318 0.1604
xoH, A, A5 o, AFAIGLE HIF0| BA YERTHTable 5). A e tHTable 4).
HAlgy gigjEo] DMFT=02& &3t 3%, 1 gho] A4
2 DMFT=09] H¥]&2 DTR 87.0%, DTC 48.2%, RFR 86.8%, RFC 1 ot

54.7%ct. A=Y °*7ﬂzo1 DMFT=1& &3t 4%, 11 gho]
AA|Z DMFT=19] Hl&-& DIR 21.0%, DTC 20.9%, RFR 19.3%,
RFC 57.6%3it}. #4led ¥agjEo] DMFT=2& &3t 4%, 1
Zko] AAE DMFT=29] B]&2 2 DTR 16.6%, DIC 17.0%, RFR
15.3%, REC 51.7%3cKTable 4). £ glo]E|H|E0] tisto] 34 g
2]&(DTR, RFR)Z DMFT=09] <& =7} oF 87%= =44k, ©]
0]9]9] DMFT 9jl&-2 20% & Wkt whi, B dyg]=o] RFC

+ DMFT=07H 87H49] of& &= BHH 08 oF 48%= V=2

20154 oFE AR EAL A2 E B85, PAEAYTA
OFF(DMFT)O B2 d32 A= g 2L, o18 Edl= DMFT
AEdhs SFARAT HAlE Y EES 531, 449 oS A
S vlustnt wAlE Y S IS il TRt 2ol A 285
At dlE S FHIE A, 7, A S
StEAIA A7 FE7H —% dSctAY 718 Al B A &
&5 SFAA ZRAE SAY, dS2] HESE CISshe

l

R
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3 Hofol i ST P, M ofat Hofo Az Al
9 A% 4:335}7] o] RN 7249 Aretos ol
DMFTE cl&8l0] $-4] 1918 Aehe 252 % 9k, 7
| 2aee ol Az v8-2 27 59 & IS Aol
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UrtelEo] Ao st B3 A5E W 4= =S ket
T%o] & Zoltk. E3F, DMFTOl| B JaFS P|A= 7191830 &
A 4= Atk 1 891 2Aste] 94 oo &8 Sk = A
olc}. o = w4l dS T Ysto] 23,7029 Bt HlolHE
7HAIL A, 5olE AF o R, AHITAMA| o, 1A 37
e, 2 AR AR, FE 197 e AE 45 19 A4
THAVEF S, o8 HEZREE S5 59 AYWSE DMFT
£ dSoks ZEE 753tk Tl 2uizt Sl

DMFT 9% & tsAl g2l AEAl0] 15.24%< 1, 319
(Regressor) €118]=91 RFR, DTR L1E]&L 23.58%, 26.38%%

dEAPLL thi 271690, B2 (Classification) aE&<1
DTC, RFC ¥a12|5E 43.11%, 43.27%= 7V A UehethTable
2). I Ao WHEE 7H] WA fetol] floto] 54 g
< Al A7gE W40 A HolHERE 29E S5l BAY
Holof, = A 37 2L thE W] IS F= APEH)H
& W= SEHS 71 TA7E A A Zoleke AL 7PgRit
olgfgt A% IAE +A(Y=a+bX)2Z LER Zlo] AF AR
o, Ay JAREL FEHHUFY)Y T B4R T Ho] A
st7] Sl o= 79 AKX, X,, .. X)E FUsks 34 W]
o, Egusel Aguso] dAzRE t&d 7P A3kt 374
olg} steiets, =&H A A9 di&gkat A5A] 1+ Aol (A,
residual)7} EA5HH, o]&{3t ZkAte] 277} AdFE F4H 3194l
o] AR B HIE Woldt v, wAley dueEe A
A Am A o 27E dukslE shte] 3] HAlE EEshe Zlo] ofY
2t 5Ugt E4(label, T4 FEHR)E U= o2 7 dlo]
19| ZAHE B lgotal 7]E Sy A} 2]40] Ajol & Uel=
A9 dEgkE TEole Yol & & Qlrh wEhA HAlEY &
NS A i Hlole 99 AR B4 T A R 4= 9le
o, o]2jgt B4 o= l5f JAREA T HAlZdY d&He} =A
UEhd Ao = o AZIr,

4 &g ot wiled guEE mdS g8et A o
2 Tk 2t Montenegro 572 Held 54 o5} 3,8648&
o7 AR R RS B9l F 193 S72 AHS(feautre)
Sk, o] F A EA AREFEHP)L BH%= 15719 |
5 AAsto] tekst maleld o BdE 55Tt o] Aol
A &85t 4112|152 decision tree, MLP (Multi Layer Perceptron)
neural network, kNN, SVM°] %21, 10-fold cross-validation er-
ror B|WE £ 7} 2d9] A%5S v|wst3th 1 A3 MLP neural
network &118Z9] error’} 22.75%% 7 A UERY 7T &
T35S Helon, HdojA A E4Y o, SAXIT off &
5 5E A 4] Ado] dA 94 f5e BEo] 93 HAsHS)
t}. Tamaki 592 Y& 5-84 stiols 50089 vid 4714w}
3d H2 29 55 43 A= F EFY €5 mutans streptococci

i

(MS)2} lactobacilli (LB) 28, 3% A=/Jete] &5, B pH, &
&AM 7H] 2 38 AR SeE AR, A2 AT 15
£ SEHFE ol BEE HAotelon, RAAESHEA, Neural
network, C 5.0 Decision anlaysis 239] 452 10-fold cross-
validation &3fl Bla5l3Ich. A2 $-4] ARt 7498 0] tigsto] £
2491 A7 7078 A7 sto] RIS} Eol =& vl sl om, 0|9 2
< 79 AR S 109 §HEoto] X29] Rl 155190t =
A 2E 3| FEA 9] WizkEel Eol = 0618, 0.6980]%1.2H, Neural
network+= 0.838, 0.458, Decision analysise= 0.730, 0.773°.% 9]
AERUEDecsion analysis) ¥a2|Eo] 7H 943t 52 B3
t}. ¥k, Gansky'”= Rochester Careis Study A2 8-8510] 9-4]
d& 2ES w3t A3} neural network ¥alg|&0] 22 AE S
4, decision analysisE ot 93t o|& 452 UERATL Harsh
Atk Tto 59 1993RE 20086714 2|2kl Ylof) st 24} %
4427 0 ZHE DMFT, Bt & MS, 1B &, o =2 7349] &5
L5 ZARIL Classification and Regression Trees (CART) ¥17E]
F= B8oto] AA IR, oA A MRS A0S 5
HEE Sl BEE 717 5510, $4] 193, A9 dl&st
Ut 7L A3} CART7Z o] &} $-4] A 55 E75tol Slof f-82t
ZAFAE 0.718, 5ol 0.730)%= AlAstAt 3Hd, 5 &4
£ oz A9 951 d|&3t Churpek 579 ATl E 319
4 & Rd Tt HYRHAE oS BE9 of|& HSTrt H =
UERSIT 0|9} 22 A9 o 1 ATE B9l BA s 2E
Hrf mAlefd2de] & 450] HoldS & 4= eH, ZF Aol
A AREE B4 AR EA0 wet HAled grEs E 45 A
Sr= g £ e E S Qlnh & A7) AR TlolHAE=
20159 -2y} 124 oFs] F7HIEIRAREES 719E0 = sl 9]
om, AgAtet 7 & SARA R HAled daefEe] of
E/d50] kS ERlstSit.

o[ A Tlo[EHAIEE 0|83 Al Yarels 7He] vlw 23},
&g 8]9) E|E(DTR, RFRECH 5 A3 2&HDTC, RFO)
of|A =4 YeRdthTable 2). DMFTE 9448 JHA|olr & 0|23
o= O%5E 28 AlEY Ale)Q] #hZ 71 4= 9lom, Kol T W
£ ol dA7ol|A 4ol g olsle] sl w P, ofw
AoA = DMFTE 943 M= 7Pt thsAg A4S Al
oo, mAlEd grgjEolM e 3 S eSS A-85150H. o]
£ 50 &8 &2 Ao ® Uehston], A4A ] FEL
WE 9o Ao ' =E5H A5 &5 A AoA wEd
ofo] 4k gt 5, A A4 gk oSS vlwslyltt. o]
23t AT 2A9L o 2o 7IWkRE BhgRt 4 Igol ARt A
Al DMFTE] #3£+= 0, 1, 2, 3, 401l H5(Table 4)=]°f 9100 21 o}
9] DMFT+= &A45H4] ¢17] whizo]l X783t 43 Haeet & 4= gl
ERF At BRG] AR Hekslks oA EAY R = 2
o] £A4L ST YIS VA 4= ik v EF duEE
< 7 DMFT 3k o] o= 7Pgsta, oi&st 4akE AlAlst
7] wfzoll, Q19121 AkE Weke] Y glo] Tedt AL vt 7}
5ot Z@Ho|tt. o] Q5] o] HAFHo|HAES] thote] 3]k



o 25 SuEEY Yt A U A0 HHE, DMFT
2 oiie 25 garelEY €8] F4T Aol shARh EF
GuE]Eo] 39 guEEEt FAEQ s w4 UerA,
dl& DMFT7} 0¥ 9] A4 &&= DTRO] 87.0%, RFRO] 86.7%
2 AGS] A YeRERIRE DTCF RFCE 742 48.2%, 54.7%2 W
A YeFsttTable 4). webA 319 YarelE2 Solw(dHo] gie o

L A& 7 ) w A UA=(ER] ks i AHL oS

(DMFT=0)Z &% BAo= 37 FaregjFo] ™o, A4l
&3S AEsP] 9t BHoE 25 ¥aEE, d5oA % DICE
th= REC7H A4S Ao,

ojt AFof|A= tpeFet WAled daEE § HHRYAE
(Random Forest) €11 8]1&3} JAFE G U Decision Tree) Y218
EZ Mesto] ndlS S35ttt QA AA U= HlolE 9] £
TES g1 of2] 9AY garEd S AX 2igs TEot
of I S WA FEHE 28T & U= darjgoltt. QA
AUF= U3 HloJEE &0k dassifieret 244 23L&
She regressor® Uig 4 T} QAREAIURO] B2 AR Hlo]
Efo]| thgt URts} 5ol A Yot ARt ek A, ol
Hdsh= Ao] Pz AE Tt HEZHAEE of 79| QAHE
A YRS tET I8 t4dR Z29E Adsis Yo, o
v 08 SAAAUTEL Y ZHAE da12|E0| ST E 4
50l B Sl g A k. £ Aol A= DMFT 959] Slof &+ &
NEE 7] AA| L] 515 AjolE HolA] AR 7 A%
Zholl tigt JAgelS T ZHolA v 1 EE W= REC7E DTCEH =4
RS SRI5HTHTable 4). 224 02 &2 A+Lo|E|A| Eo tsf
A DMFT 95 3lof 7P A0l daejE2 PR AE H7
(RFC) €are|E o & A=t

WAl dae)s Hdo] 85 8719 Mo Ais S8k
(feature importance)s E=&5194L}. 0] /gL 3 HEY #F3} 3]
AALt 22 Nd o= 7F g 7] o8-S 12t HeEY
A %0448 vwsh=t] =&o] ot DMFT ojZof QlojA 3]
A1) 723} 3 AA (e = AU AT o} 4(—0.224), 2
= AR RH0.175), F8H 737733#(0.117), “3%E(0.098),
A& 03540.054), AFAF(0.034), o8 FFAYEREE TF &
(0.021), 1% A1437H4] A3314+0.014) =02 LfER HH(Table
3), RECY| H= S8 %= AHEFHMR]of £2(0.3438), 1€ %4143
7HA] AF31440.1868), o1& T AAYEREE FF 40.1604), F
WA F3273739(0.1342), AFAH(0.0620), FT A 2pgEo =
(0.0447), A1’ °350.0405), 4E(0.0275)= LEFLTHTable 5). A
HELAMZ| o} = B FHRA D HAlEYY 25 7P 8% WSE
A7gst v, SlFjEAo] 7P S TE WA £ [0]8 AHEX
&5 S5 7, 19 21874 33814 Big= RECOA= AHg
T o TR0 2 3HAeL 2HAR F Q3 2 YHE QI
o|AY W 719] F24S B Allols 7 B9 E42 d54%t
9] o] gglo] F =k QhZ Aolrt. £ At mAlEd Hdo]
A 83 BES Aok Rl AHGA R of 201 1Y 94

YEE 2| | 12M| 015 M FHGR(0 CIES fI2 Hil2d 2125
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372 AFBIEE 7189 o] AoflA . $-4] A8 TAdo] ot
T EEom ) FgE QoL Q0 w4 Ao 9lof ¢
AFog nd ZQ7} gk Zolth

HAZY g12]&2 % A& (training data set)?] g9}
TEHS 7|0E0 2 HHESKES Bl Bl F1501H, o] B g%
Az o] Agsg Hgote] 2 AEHES =SoHH, 2L 9
Z3zko] 2 over-fitting) FAI7F A7 HH?, wAlgy dualE
9] 8 SIFE S7M7IH S/ ST Bl sksAtRo] gt A
= S7HIARDSHARE @4 Ao 283 ] 5 A
L= 2okl & itk tibA SEARE o A5 BE] e
oE-Z Hrlsl7] el HAlZd HloJEAte|dA Hopojjif= R
EldA(validation) BH71E 93l 71& 5125 27 F(train-test
split) &0 A 7= WS ARSI Ho[HE 7:3, 822 F
22 Uie 5 B7}8k= hold-out validation®} 8h5AHR Q] Qo] wh
2 ARE 10% T 20%E T2 Adst 7, AdE At v
A A=F H|wokl YHEsto] B0 ® UEl= cross validation
wo] o}, HAR=7tEL w2 A o] WS BT}
4 Q= W, 3= B9 52 Bt FIAIE 4= QAL 1L
359 st=goj2t o3 APAITHE Q2 Tk £ AoA= 73
hold-out validationZ S 29| 75 J=E H716190H, o]
£ &30 S5(train) A=} B7Htest) A=, 12|32 AA(whole) A&
9] A& o} it g ARETE AE ERlskylon, Rl 4
52 7F0F ASolArt FF AFolAE cross validation HH
< &9 249 A& s =l AlEE T 5 U Aotk

o[l toli= dareEe AYE F2 sl
min_samples_split oto]Hou|E 7S 2755t 1L
2hi o] thet 1 2E oHA] Yokt max depthE 245199 o
2 Aehe 7} A3ds] A5t HHH mean sample splitS 27851952 o]

ZF LAl

SR Tl sto|Hujetu] g7 EAIE R o] 55 2ASHHA A
g AEols 48 WHESIHH Bt 22 oE HYEE 4= B
g =T 4 S Aol 3B do)A A8t PR AE
oo £ 452 Uttl= ¥18E(Gradient Boosting, Light
GBM )| A4zttt webA FF Aol A9 dls B
T e gt darelEe B Y 2R 4aEE] A8 AL
£ 297} 9 Aojth

ol AtoAl= RHo] AL HIHE s AAR 53
YA E(accuracy)E °l-8stth HeE B7F A= FEAA AA
o] 17| wiEe] 5 oI& HdoflA e &&=, 5] 247 A%
@ &I §, ol F2 L8H}. sk, HA Aol o
WYL} vl go] A2 7399 2ol imbalanced data setoll= 2E
SHA] Qit}, o] A9 HS FE519] True Positive, True Negative,
False Positive, False Negative False A&+ Confusion matrixS
ARESHARE A SPQ] FHoE AAISHA] 7] wizo] Al o] %|
Ut} ARl shUE AAlsto] B]7k Helgt Per Class Accuracy,
& WS, 50|28 AR Sk Sl oA 470k o] =3t BI A
= THUSE FFE RS A -85 ARgEE ASolth T5

¢
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H4=0] JEo] ol R o] Sl Aol log lossth= H7F A1
7} 4= log losse imbalanced datasetol|= 48 7155k, 2+
TEHUS FEZ VIS0 R AL R FYLTt EoHESE O
o 77, He=r} WoldaE 7|5k 0 & F7RIT log
lossi= accuracy©l H|s 21 @Ao|A] %2 THo] QUAIRE & A ©
o[ A|Eofl= Kt A AT FIIARY S Qlet. mEkA] 3 Aol A
© 299 Het B7HE 8f accuracy #7F oFHzt, log lossE 2
3 & 4= 9l Aol

S, 5ol Soittal Gzl PR AE R gl
Agoleolle Etotal 2 d49] B DMET 95 3lo]
43%, SA1ETE AI50) Qo oF 52%= 12| REEARE FhE of
o}, o]Eet oS AY= & AElo[HAIES] 4o 7]lgt Ao
2 oA, 23,7029 HHigt AEE ARSIAAINE DMFT gk
0-20 Ateloflgk &Af5kar, 11 go] 0°] tdAk= 10,1408 2= A
ohAIRRS] oF “AHH42.8%)0] ©]211 0-4 Afo]of] X[9-A Sltt. &, o F
A 1E 1 glo] BE 00& A&l 42.8%= W& &= itk 7t
7go] /ggitt. E3h 7} g iRt 87K9] AR g2 7HQlol| wet ot
oSt g 71AL $-A)3) T E Qolofl= AESH Q91 ALSFAA
91, 7582 5 TRt 8Rlo] Hofsy| whize], & A+
oA AA3t g7)2) ArgHento g ohHst Bl L5y ofl= SHA|
7FEA Rt o] 2 Ql8f 5ol et mAleld HAdE ol A
7t A YERUA] k2 A0 & o AR, mAld 9] 4] ol & g}
T s YoM AT B Sl okt 890 AAska A9
g o] AgE a7t I Aoltt. B3t =E A= oo
et 2w AES &0 FEY Ho[HAES 152 2 a7}l

HIE, Al S1g)E B A7} HIE PREAY A= X5}
QAL 159t X|ofgkofolA 4] ol&S 9] Ao R
9 SARAMEG wAled Ga2FRFC)O] 2.84H o] s
UeRdth= A2 9Jv] Q= Zjo|tt. o]t A A o= §F
T wAled gaelE 2d L4 JlojA AgHSE HA, 371
HE HA) AL 7120] deA Ya1E]E(Support Vector machine,
K-Nearest Neighbors, Naive Bayes )54t ofyz, AlEA 7idel
A5 22 4118Z(d Gradient Boosting, LightGBM %) 2, ]
stal, sto|multn|E 247} cross validation 285 &3 =7t
1= g A maleld BdS 75T 4= 92 Aot

HAl2dS 7|8ko & AR} 1737 RAF AR S HROE X|of
A HAYE A&l Ate AY REA LT A7 iR
o] ARt EE AE 47 A BARATC R THE 5 50
HE2 ATt 2|95t Fof, §5] FF5 S FolollA] w4l
4 HPHEZ A Al ol B2, FUolle A58t HAl
2ido] thget Hopoll A Z-g-Ejof FHojt 52 o1l Sl W,
Z|o} LA WA ol &sto] ot 2| 5o A= 85l Ales 9
u]7h Qlow, ko =& o] Holof thgh &gt A7 2o Ao 4
73t

N
o

I

d

T

my
rhu

ol A= vt LA GsEokA] BlHlo|E R TEEE
20154 oFsT A7 A RAL ARE E8o10], 124] oF5-2] DMFT
O} SA T FE &3k BAA RS Bl ] 7HA] A2 T2
wAlEY BEE 7501, dF AYEE Brlst o, £8 At
Ak o33 2okt

1. DMFT ©j& ZdojA] t}5-A8 378437} RandomForest-
Classifier (RFC) €1E|&9] A&7}t 242t 15.24%, 43.27%=
RFCY] o1& 8= 3|24 B} 2.84H) =9kt

2. DMFTE 9|&3k= mAleld RdofA] 74 HlFo] 2 A
Ho e AU oF =9t}

ol A9l AR A FAEA Rk} Al dRHo]
DMFT} S48t dl&o] o 3-89t ZEAS SRl6kct. whehA
HAlHY Hde ggsto] 719l B Heto] DMFTE ol&5ka 94
Ao BiFole o L83 4= 9l A0 7oeith, - A+
il dlE9 =g wol7] A SsHlolElE 7haeta ¢
25S $ok= Igo] 2 e Aojrt.
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