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1.3.1. 47 Z& M

3

FARA FollAlel g AEAL & Q] Aol vl - 9] 4% &

S
4 AA =TS ddoR d5S BAE

AA, T A5 A SR Al AN AE Sl Sad T EA
HI2(RISS), @84 B (KISS)E &850t el 4% PubmedE 2
&5l th. Pubmeds= Medlines E3HgH thite] oghtol =wa 91

7

=
T donw, Ve AAMHIAE T3 AES wjAlEdth. 7L, Google

11}(e3
H

ScholarollA 8.9 ‘epigenetic’ , ‘Artificial Intelligence’ & ©|&

A, A2 7= AgATE %}2’3}04 dAsiien, FAloiek AND, (R
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A4 7)5S Z3sle] 7
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RN E DI JEY:
T& AFAs #4 FAGZ B
AFAS, AHFE A,
=i 7IAEsE, HFE BE 2, FARA, FAFA
Haled, g3
Epigenome, Epigenomic,
7] 9] Artificial Intelligence, Epigenetic, Episignature,
= Computational intelligence, Epivariation, Epimutation,
B o5 machine inte%ligence, ' Methylomg, Methylomi, DNA
computer assisted learning, methylation, Histone
machine learning, deep modification, Noncoding RNA,
learning Non-coding RNA, ncRNA,
microRNA, miRNA, Chromatin
(AFA5 R HFFEHA S OR 7145 R HFH 2 &9 R
w7 MAEE R H219) AND (FA 3 OR FA-F7%) AND (HH OR
tloly)
(Artificial Intelligence OR Computational intelligence OR
A machine intelligence OR computer assisted learning OR machine
ESy learning OR deep learning) AND (Epigenome OR epigenomic OR
J &  epigenetic OR episignature OR epivariation OR epimutation OR
methylome OR methylomic OR DNA methylation OR Histone
modification OR Noncoding RNA OR ncRNA OR microRNA OR miRNA OR
Chromatin)
ZFar: Brasil, et al., (2021). Artificial intelligence in epigenetic studies: Shedding light on

rare diseases.

1.3.3. AA € A+

Frontiers in Molecular Biosciences, 8, 648012.

2 AT 20139 2023d7HA] 3 ok Q1T Al A8 dRste] &=
b =] - 9] g AAlEE s 2SI
A, (FRES] T7) T o AEE x| fd BaA], B4, 3+
=S AlYe geeF(Article) ¥He 318aiz) stk
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= F Atk JHES Spemann &
Mangold(1924)e 2l A7fERqon, ‘TAFHdSH(Epigenetics)’ olgHe ol
19423 Conrad H. Waddingtonol] & *]S AFHATt. Waddington®] Z7] A9
of M=, FAFASS FHAet WHE 1P FEALS st A=Y g

Folg A g YAHAAS AFsl= sHE o|tH(Waddington, 1942).

SA G718 Waddingtonol]l ol&] Aelw o]F ofe] & A2 AH Caval i
& Heard, 2019). Nanney(1958)% RNA I DNA A€ onjsls §-x24o] vy
S 2A-sh= A|2d"olgta AHoJ3kt). Riggs et al(1996)2 DNA A Lo Witz

Ae = gl F4AF 7159 FAREY B ARG HoR f4E 4 ge W
stebar Aolskgltl. Bird(2007)= @A 99 24 Hso=z, WA &

FHE o5 -AE e ASATIE Aolgt Ao s3lt.  Lappalainen &
Greally(2017)+= F4A 24AE &3 wiZlE = AXESY EAO = AM¥ETF 3A
= st Alolgt gkt Nicoglou(2017)+= 4

g o] Aol AEgES HAE g Ax

_10_



S-S 55k Epigenetics®] ‘Epi’ +© 18|20l ‘on’ EiE ‘over’ ZF
= 9uE 7T AR F2TE obd A xS e el A o]
FAEE Aot (A4 A, 2010). AE7F FLE= FoF DNA 97)+% B A
2rpgle] WS Foto] FAke] W el Wstal, Yol wistshAl vk
(Mithd & whE2], 2013; Yang & Schwartz, 2011). Wel= F-EH o= f7 0]
o, A Aol os] AEH(De Riso & Cocozza, 2021). o]z|gk Al

= w2 A2 ol ld ¢ du. FAdHeR Fd7 DINAE 71
gl

TS HAT = A mEA(DNA 7] W R S AE W), H|=
J RNA(non—coding RNA), RNA ¢17] W& g 3z} %, GAA9] 3 91X Kl
AF1AH(Transcription Factor, TF) A% &o] Xstev), &

A FAolet 22 HAA E o digh wEelA Bloju fHAk a9
" 55 A9 "o, A2 29 oF 2dold, fHx s 24
3= 271l DNA Bl 3H(methylation), 3]2~% 3 (histone modification),
A=zvel ZEdE | Non-coding RNA(nc RNA)S dehoh(oA2k 5, 2008;
Bjornsson et al., 2008; 74, 2010; Jenuwein, 2006; Bird, 2002).

1

O
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ENVIRONMENT
LIFESTYLE

Modifications of ANA bases

neANAS neRNAs
Fs
&F ,i_,_"n &
& o S
DMA ANA P iN
PHENOTYPE

_L4

a§ 2. FAARAEE 24

(£3]: De Riso & Cocozza., 2021)

2.1.2.1. DNA W g3}

DNA WEl 7z o] &2 (DNA methyltransferase, DNMT)oll ¢J&ll Alo]EAlFtoldo]al At
(cytosine-guanine dinucleotide-rich, CpG)2] 5¥ ErAraigle] wEHIIFo] 3
Azt = 7148 $AAFASHE Aot (Jin et al., 2011). A =v}Eol] tigk =
ARIZL, Bl HAdS Ao zH FHAE dALe] A9 AT Kumar
et al(2014)o] w=w A 3 o) wel WAs= B DNA g3t &
S A dRdel FEs 7AW Ay Ak, WgstEd fat
= AR A ko, 2rEsiEd A EEnOied & 2HEA, 2013).

_12_



2.1.2.2. 3|2~&E Wyy g=2nd grdy

TEUleES Arntde] VE dejmA s]2Ed DNAS] EtAlolt). sl aE W
o olmt wme]el opMEl3H(acetylation), WIE3Hmethylation), <1Xk3}
(phosphorylation) &= &3 Fx2& WIA|7]a, FAA dARPHS 24
(Kouzarides, 2007). olH€dl= g}etztgo] dojur] HL 2= Wy, 3
A Ao whgate] o whEA A gdS 28 ¢ 9ok, A2eEe A
g3} DNAO] e]sto] Fx7F sfAlH oL 8] ~E 3t 15 &3l sl HE
k= A, 7 BES FE=dtHGuan et al., 2002).

BN
°
(o]

2.1.2.3. Non—coding RNA(ncRNA)

vho] A% RNAE ©Hd9A717Fe] non-coding RNA©ITH. QIAIF-HALS] oF 30% A
=7} mlo]a & RNAO| oJ&l ZHS W= Ao A AtH(Chen & Rajewsky, 2007).
of ] AHellA who]a® RNAC] o3 A} o] didlo] Halxo], AW I o
250l Fadt BHE FEW Q)th(Sayed & Abdellatif, 20115 $25 5, 2020).
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2.1.3.2. 932 =4

Zhang et al(201De] wW=EW, AL

el

Z2d9  HZ79  Long
interspersed nuclear element-1(©]3} LINE-1 ; WHE%+&= DNA A<= Q17

ALl of 17%E +3)e vidstel dhEn. 53] Sxd) daxgtolA LINE-1
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3870 miRNA

1
s

3

29 T

McGee et al(2009)¢] <¢3-ol| A

JFa: F

2.1.3.3.

Toll A pb3 Rkl AHEsrt Bt

A

289 g

HAk(Woodson et al., 2001). p53L 9F oAl AR ChAE AEo] A

=13
=

57 ==&
k)
AL -

GRS

FFaY:

2.1.3.4.

of
iy
K

&

o] ATl A PM10o] T

e

N
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oF

the

[e3}
2R

o] ¥l

Ko
=

LINE-19] gl 3}e}

o] Alu ¥

(Castro et al., 2003).

o #da d

€]
=

ol LINE-19]
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Efjotell e AdR17HA]
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o
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g 5o %
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AE ARESHE 49, BIE B9 ofd st AL 2AE AAFHse A9 g2
AGEHL Lol H2Ao] s SVMAIZItHTang & Ho, 2007; Devereux et

al., 2006; JEdrychowski et al., 2006).

T U d2 A FAole ] FulE A 3] apEA dhAS A E 4
AT AT BAoli= FASE DNA F7IAES 7HAL AT, & 3 29219

=
o8 fAA wE el GebAAl s Qe Ao} Alololx Aol WAE
2 3

SbA AU whel ol AR AV e == DNA v X
A=vkd 2REA8 non-coding RNA Fo] vk, A/ #AES A 7=
8] TEAL ok, BEste] oY THA] Vs T iAo R dAE WA
49 (Chromatin Immunoprecipitation, ChIP), Bisulfite Sequencing(BS-Seq), il
A EA], AR WA 7] (Chromosome Conformation Capture Techniques,

3C-based methods)S AFHH 312} Sl

2.1.4.1. 42 HIAAEN

A2 WA FA (Chromatin  Immunoprecipitation, ChIP)< 5% DNA/RNA
S ¥3sl= IAA 23k (Chromatine Complex) S H#stAY EH
et om WygH AV1E 7B DNA/RVA 278 2t 7)ol Al el
A DNA 7 AEAes gRlskar, 54 dwdo]l B4 fA 993 vd

’
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B=)
=
=

7t Ag AHE FA= AL 5AH o2 ) (Hamamoto et al., 2019). &< Al
3 ellA dido] DNAC] watA A an, el A-DNA E3HA|7F Sl ol ojsgh &

& 2] HGilmour & Lis, 1985).

Y
il

>
>
o
_OL
2
i)
12
i)
i
2
lo

2.1.4.2. Bisulfite Sequencing(BS-Seq)

DNAC] Welsl melS otslr] f1ste] Al A dAlNA ol A4 AR
(Bisulfite Sequencing) *&|& F=3s}i= 7|WHo|tHFraga & Esteller, 2002). ¥
HEA 0 2 BS-Seqo] &3 AFO]EAI(Cytocine)?] 5 EhAio Agsl wEs)l &4

AR5 weksh] A% Zolt.

2.1.4.3. ZXFEH

nlo]F 2 ojgo] W= XAt Al (next—generation sequencing, NGS)¢F 70|
Aol =2 7S 54 SAFHATY 345 B A e dAAM o
o

3} Belshs 7% @,

2.1.4.4. XA 2437 |&

3 DNAS] 3xH 25 ZAbel7] 919k Zlselth. 3 DNAS] HIRIA FHA 91

hl H
W AEAES AFoR AN B, GA 2748 2 DA A4S Fad.

olF Fal 3AHY FIA A=ZE Fhrke] Q= A fIA7F shube] DNA Z7b
¥ aEE= slth(Helm & Motorin, 2017).

olg} e TAFA BY 7|EES Tl thdet $AFHAEE 245 sk,
7N dloly MEE AN - &8 = A H A (Grossman et al., 2016).
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af ARHAT. AT darglwe] g, FE % wAAS 2 Qx|
A7) sS EWstes JdE FHIFE el 3 Hols QU]EEPE}(MCCarthy et
al., 2006). Kaplan & Haenlein(2019)-& <13-A]
k27 sfAstar s vlolEol A wi-e- olldk shGe A% HeS S5
AAQ] Hixxel A4S Gt 58 o2 AWSISITE. Tsan

g
FASS ATH B @ Lobz AFE/L Q1o SHEY, FESY

olr
[U (¢
>
[
1:1‘”
fo
_1
g
E
il
o

MABZAZ]F(World Health Organization, WHO)E ‘Q1&A% &2l¢ Anjdx

=
AEATE QIkbe] Aofdt Hxae] ol Hetel wis)] AA e 7ol
VFE WA= A5, Aa, 2Fs WE 5 s 7 71 AlRRleR Aol
Ch(Sharma et al., 2022). ‘QIgko] o3t H3x' = Abe] 719 glo] 71AE

wAoRYr g ¢ s oy dAE 4 tH(Rauschert et al.,
oL
[}

2020). °l& 7FssHA s EAlE 71w dAle QFAEs Edoln | A]AH
- o] AR e dHE F8ste] Ao X e 95kS Ayt &

do HEx2] = fo]HE 7o R Al oFtAY AFsEE Ete] s
252 4= 9Jth(Etrel, 2019).
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, Syt A ANg FEAlsA, Zold kIt
L o17te] miey #HE V]S S8k 71AY Y o|th(Mckinsey & Company,

2023).  A¥ATe  7]= £ dY9o2%  AX(Recognition), 5
(Analytics), F%(Inference), 3% (Performance)®} Zro] %33 4= ). o]=

AdeAso] d&e) s sdshr] A HAHLE & = AvHd 4).

QIZXIS2I71E B (U] X 234 CHYl)

OIx| s ==
(Recognition) (Analytics) (Inference) (Pe rfa rmancel

+ BEEHED =1,

SIS AIRBI0] A5 - iR . aol0| RtES} !
C NIZIRIS: At =5 242 2ol P AR
Oloixizad Amol ES E8 - . oAEE HES
B - XIME 0IZsI0 =2 ET
. PIOIAIS: B, KR s ol 71=. D& OIS,
012l AIATIH, ﬁ;ﬁf'ﬂﬁg' HIZIAL 2] 7K - ARl Al
o - LR = =1 N P24 o=
graecmns | | MEEERS, | | o 2b 5a 0
O e Vit S OIch J|s2 —T’-Q ﬁ;ﬂaraigaﬁﬂ A
- o sN NeE - Sx2E wEEs - OI0IXIsS: CHEHYA,
=T YR * BRI T LS = KIO|SE! SAfSiM

SHLHARIS B
ot e1al

[=]) =
HEstE

RIAFe0ME &
RG] MEE2 22

IJII'I

a8 4. AT 71EEY

(ZA]: 9ad, oA, & eHHE., 2020, A4 AAA, 2019)
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2.2.3. AFA T FL 7|H

T T
A&

[e)

(03
ol

[e]
v

. 71AIgH5 (Machine

& 4 sl ol9elE <

rlo

Cral il

Jung & Park(2022)°] uw=w
Learning, ML), ®#]'d(Deep Learning, DL)3} #o] -
o= T Eo] SAgH( ™ 5).

A

-

o

-

ERa A= & 71

o1t |=(Artificial Intelligence, Al)

QIZH0I 7IRID Ri= KIH S8E HEE T2 M2 SoHHIZEHCE

HE7}
] oAl Zial Akt
(logic) [Huleb (Search) [Expert
System)

7IHIE S (Machine Learning, ML)

QIZH0| T2 T HOIGHE] D20 7 I HIZIEEN7E A A 2 SHa5H HY

(= ]

i A

2 HEH0IHE IS, 254 I0IEHI| AL s g =

2eizk= HI0IZEI0E)

Elf{=(Deep Learning) 1s prapizzssenm s 9= BOE 7IE 7 HESRE. TSR HOES OIS
{0, OIOIRL, HICI, BIA S SR0ILEEM. SSEI0E S)
ANN RKN CNN
'\‘1 IC 3 TECV"‘?"‘I oot
Newrai
o em:m "<eM1-J Network]

K=& (Supervised Learning) Srig SEs 5= 2niz 1 7|HIE 2207 = 28 1= SSHES B8
OfAE HEE k- Lioi=
== | x=g gl b som Hi0I=
=q| L 01 e T e i

Decsion dhearest Foresl Ao Ermembie) Dasgificat
Trews] frasves Nesarboes) o

HIXI=E5(Unsupervised Learning) =et Bi0IE7ZE0RIK] 21, DRI 2| BIOIE0IA FAS 2,

HITA, PENTZEE
HE o k- =
23 Eﬂ'—;‘;‘g Means g%i n?xix'l. EIE E:”?
=4 e = [ ] s ttest 00l =4
Btk i Ei2 A Eaistin s oot
At RSS! k"rg'sj ciastering Mideinal EE

Zoteks(Reinforcement Learning) Sas Sai M2 210HS1 IS 4|4 Sfol= SE0S BOIS 28}

a9 5. J1EAE el e Al 7
(A 9haq, o], & ¢3HY., 20205 =R1=, 2021)
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A8 g $AFATNA FE2 &8st AeAls 7IMS 71A8F(Machine
Learning)’ ©]tH(Rajkomar et al., 2019). 7]AISH: & HAFE7} do]EolA
P A o7 Fohfjo] 54 Etﬂ]‘”“"ﬂ gk 22
4ehth(Samuel, 1959). AFFEE 4SS B3l Ao dss &

=
Astomm shgatAl BkMitchell, 1997). dWtdog 7bd FEx FEHT}

2 A8 HE A A Ao FA4sty] oele A o ge &
ol & 4 9JtHRasmussen & Williams, 2006). 7]AIgHFS dlolE oA ]2
F=5t7] S8 R A e AL, rEe FESH, =
A dlolEleke] HwE B Fust dAE AXa, APE HF B A2H
HRetAY A7 A2 A4S F58k wAE

=
= =
Aol gk $&HS =Fshs 7 7 wAez ARgE 4 Uth(Ghahramani,

7IAES g devreddd wel ‘A =85 (Supervised Learning) ¢, ‘HIA=
815 (Unsupervised Learning)” , ‘“+3}8t5(Reinforcement Learning)’ o=
. AEskEe F7 o= 4, 2R X—‘.“Oéoﬂ AgH, HAESES T
e B gz B, aE3h, A F4, SUaEHY H8Hr. o]ffel=
71AI8k52] 89 frEe® ‘g2 d(Deep Learning)’ 7]<o] Qt}.

e

2.2.3.1. A X=38t5(Supervised Learning)

Aws dueFe Geldl AaE R AolEeIA Srstel delxl Aot
& SR g WA LuelEe ATY AR

%_
EES dsiar, Y EES o At gle dlolEol A&kl Hriet
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ot dS53 AA A3 3P AT H57E 29 o] FoRkItk(Arslan et
al., 2021). A|=8tg dagjFS £ R oS Aol addow 489, &
3 ARREE dugSdle AHAE m:E 2428 3 FA(linear or logistic
regression), AXE ¥WE ™Al (Support Vector Machine, SW), #F EY2E
(Random Forest, RF), #H& Adl = % A9 A4t 3]F](least absolute
shrinkage and selection operator regression, LASSO) &°] vt A|Edh5F
Aol A= AN AAE Qe sk AEd WHe AshARE, o
22 e TR, AR, RdE pder] 918 SH2HE Ash] fdE A
|2 fJ¥s deR I =4, oy F4d WittstRg SHlE o

| 18l 2uke dlols AAe] dastt. AR, ‘FAF o H
. =, &9 dolHd = & A HARE U 9N dlolE gl A8
u] Ad5o] Askd 4 JAtH(Rauschert, 2020).

l
v

@ ol o
_0|L

o

o
=

2.2.3.2. ¥]A =385 (Unsupervised Learning)

HIA &= ok Adde Fds] Aal Exe dols
Btk ARl wet HolE AAE 8
g e dsor ek, sdd S W A5 vE SHaE W
A 3 A S Hdistele S HEE Stk o]y e W W
A SQlskAnt, Gzl ofa] AEE v dloly [t v T84
< Yot o2 glomm ofujs} gpiS Fofaby] 98 Q13te Jid(srE A
Apel aTtEtH(Rauschert, 2020). 17
&g Qv Aol 7HE & Ao w AgSth. eIy WA gl w29

sEYE, HAR SgelA AgEE AW el dE 2esEy

_&

(k-means clustering) % AZ=Z Ze]~E]¥ (hierarchical clustering), Fd&

A (principle component analysis) % & HA Ay HE X (partial

_23_



HIX| &=

TH(Tacra et al., 2007).

3

least squares discriminant analysis)< XSt

oj
K

oj

2 WAE o

F 9= JtHBae et al., 2014).

F 9= A+ (Krittanawong et al., 2017).

2.2.3.3. 9233 (Deep Learning)

ANEZAE

Hede 7)1 A8k5(Machine Learning, ML) 7|'H& njgto =z &9

N

—_—

juy

a}]
Bk

0
A
ol

{|m

dlolg 258 sfdeut

2014; Esteva et al., 2019).

o] ohjet HiitE

FlA AEoR sy

3.
H

A

h s

3HH(Yu et

7S 7

x| A

ojw 7]

el
_EO
-

rJ
oy

Jlo

o e st gel A

il

No

okl A 7 A4 &8H

1
R

£ A8t

1A d-ddleld

Au

]

=
5 5 0

B

~

Z]

]

77

= =
sk 54

2=
2

%

©e ol v

)

o)
bo

)]
AiF

- Hloly A

FA @14} (1atent factor) Reied

il
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],

o
T

o

l

A

)

1o

RS

o]
>

o

i

%

DNAS] e st= &

-

1

°l¥

sfol DNA ajde] A Wl we A4

S A5 8H(epigenetics) % W3}

[e)
(Lee et al., 2022).

3.1. /&

2

[¢)

i

JHIT(Xu &
A AHH

=

=

e

| HelH

37

15

S
R

dio]&)) 2

28] "o]El(CT, MRI 27R), 7]E} ©

=

12

T
of

o
=

Hlo]E (4

Omics

-
R

dlolH

Jackson, 2019).

o
p

Lol
Tor
o)

%o

[

N
o7

ol

i

40]

&
&

]

e

ofell thyELe] o]

t}(Sobia Raza, 2020).

331 9JTtHSobia Raza, 2020).
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H

w5~ 2 dlol

°©

A7

] O
=

pzs
&

Tt

P54 o2 A9

a

&
ax

©

P
T

glo]Eel] TgA]

=
} 4= 9JtH(De Riso & Cocozza, 2021).

7]

[6)

-

AEA]

(Aroa & Tollefsbol, 2021).
B AE 9 o7 "oy

oj

3
i

o)
o
o)

X7

X

=

s}

SHAI

<]

AT W 312}

>~ 0
==

7]

SER L
]_

<= TH(Rauschert et al., 2020; Habuza et al., 2021).

)

& FlE A

st

e}

&l EndNote 215 ARE-

=
=

fote}, sl loleulolze] A 07), o] Hlo]Eo] o]
wel

]

k3
il
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749 AE-(Full-Text) o] &S
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3
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), 3) A
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hyA
ar
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ato] o
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HIOIEAHIOIA 27| Z3AK H2t
RISS (N=0) e
Pu’g'nsqu“}ﬁﬁ” Google Scholar (N=6)
E=HH S
(N=77)
HIE ZHE & ME 251 &
(N=77)
- QIEX|S 7182 MBI L2 A (N=2)
+  AIZI0I OR-! [I= =2 [HAIOZ 8t 3171 (N=2)
+ IR EE GI0IES 2E5I0/AME QIZXs 7S
= S 7SI510] KIS FISHEIK| 6D HIHIA S DA =0}
rEHE S MEEH OIS Ha[st G171 (N=16)
(N=73) « EXAHO| BRHOOI)| RigH QUTX|SE MBI It
TO| | SMOM} TS JHES [12X] L2 H (N=3)
- SMQEI ZHIRI0| QIBKIS/LDRIE0| Y, TISH
2 9 T S0l [HE LIS [12 S (N=3)
- SMOMSIM JHUS [IERUOL} QITRIS 7182 X8t
K| 2 G371 (N=25)
— - SMOMSIM AIZOZ Ol BMTISE AllS A0
AIE ME 251 4 TEIRl 22 o (N2
(N=24)
a9 6. 2R 44 BAE
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=7}

B
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A A}
Imgenber

= b

et al

o o
-

ke
Hrowr ,
N

my =
o
X T

o

o omE

ﬂmq%
ey
Mo B0 T
W oF W

2018 | =

J Orozco
et al

2

ol Ehi A

2013

ElHefnawi
et al

3

e

2018

2

el

M

e

Min et
al

4

o EHA

0

il =
el
™

N
w o
EECN
B E
folm =
X o
= T
) =T
A 0

cakca
E oF

2018 = =7

Yang et
al

nfol 2] 2= (HPY) 7}

o T =z
T T 7o

ol

Chakrava

ek

5

el
.

.O U
B
=
B

B

&)

=

jgase]

rthy et 2016 <

6

0

o
or

g

=0

al

la

i

2022

Huan T
et al

o

At el

%1

A

non-coding RNA

s

2023 T =

Cheng et
al

8

gl
<
Nro
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N
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o
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fzel
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B oo o
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hd =% =g e
5 AR a= zZ7} dTER ATAA
Bahado-S 16 1= N _

BAS s L EE ) TR Hols) oy 2
T Ao% wase] Aws el A7
ZHAAA FF BolA

Tran et A sk ree] Ak FEALS 9 g i
2022 ¢ B i g FITEN
a2 TN g gelge) mw A FEAT
g8
Bahado-S . 16 1= N N
- 2022 o, olEw@ele] Ffasd Wwa At
meh et Ty MF ge agwae) A4 a5 g SE
A e Beste 27 WA
R Rk SGRE L Er BT
‘ g ke e A
- wol kAol A DNA vl S5}
2021 7R ZEade] A wed WYl o | e A
et al g 5ol
| 9Te 08w AT Wdays :
RSOl ggp1 e @8stel BAg fus AE e
e o EA AYEE el :
Aref-Esh H7 9 v near] 96
ghi et 2018 7} T+ 5ol4 nlo|emAE AT = AYAE
al = DNA WEst $4+d ARs &4l
ot dolHAE 7SR d e
OKRITE EERY ol = Flolm = O ulalis
. & 2022 D] :—:IL ;Uo}":] EZO ltﬂe ‘tl‘fo]’\__ uﬂE]—l"J:H
1284 314 ola), xaloln
Johnson Ads AP 2AGE U5
s ot FA oot 28w B A
S 2020 W wsk el whelovbA% 39 EEERY
Ae @9l
Kbyl op eppr DV TSSOl Awe] B4 B8 L
mift AAZFES At -
Bendifal _ _
= =] )]
T mee ATUEE B4 3R, g P
| miRNA et A2y A 7
a
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T 2. FAHY EHuF) x3E 3 N (A%)
H = -
L oan I an ATEE Q747
Arabyarm Sl sz o] od AR H)E o] & ul ol
21 ohammadi 2022 w®] =* Ei}ﬂ;A oA Al A = A E
AE d=
et al
Bahado-S - - _
. elob AR AgATe) Az A .
2 dnhet 2023 HFE - gze qa g v A8 e
L dFE oEAY sk
23 lzlet 2020 W = YEUZE(naltrexone, NTX) X &7F DA AA &
w e slol] wx]= gk 89l
Huang et At ART B A2e] obgidzdbda Bl Add ) 05
2 N TR G ) s g 34 Bl
HAEH T3] 42%(10H /243 )7} 202233} 2023 d0] ZREHJACH 2™ 7). v
oA e Ayl 100 = 7P Boton T 3W, AVIYEE 2H £ow W

ATAAE A

U2 8).
HEHEA(8H), ZZTE(3H),

el bt B o

2016

= - %] W ;o =l w

2018

a3 7. AR Tade] w7
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3.2.2. @7l 73 ATAT 7= 2§ wolEHels H HlofE AlE

17
>
g
o
o

oA AgrEAlel oA, FAES ERage] EdhE Aol A

s 7=, &8 dolgHolx B HolH AEES vt o] Ast

4
r U
gt
r o]
oyl
2

52,
=

1l =]
(Machine Learning, ML)°]%ith. T3 2¥X%s LugSs 9y IH~E
(Random Forest, RF)7} 7} @kom(12:/243, 50%), AZE ¥E =4l
(Support Vector Machine, SW)o] ¥ WHA= WATHOH/24H, 38%). A X

g ..
2E dagguhs &89 A 3¥ollon, AXE WE wnks 283 o
T 4foldn. ©E daglss &8s 79 AL 179 A= Ad

7
EeiE EE AZE WE B3 W e T dueEs B8

ATH.

Uy ¥YAE duglse] Wyel ‘dy A€ Y Y ~E(Random survival

forest, RSF)" o] ZrHo= QIgh olF JA(PET) & 98] LEHUAT. o]9
3

OE HTE W s o we wmdEd AW AZE Wy o
(Linear-kernel support vector machines, SVM)' , A AHY NXE HEH
Al(radial-kernel, SW) , ‘Classification and Regression Tree(CART) oI

a5 YA, 53] A Bw A= ‘CIBERSORT Lare]ss &85}

AL itk 7IeE darge] ook 542 <F5 > A
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3.2.2.2. &&% dHolgHclx & HolE AE

FAHS Edarzkel] £3E AtelA 83 dlolE MES 2 Ml +H

A2 S g2} HolHE 283 B97F dii
ol 433 do]E+= github(github.com/jhuang35/ivf_growth/), Zenodo
(10.5281/zenodo) & &l AAH7I= stk ey oiREe] AyselM=
NCBI9] Gene Expression Omnibus (©]3} GEO)E Ea AAH o8 A=(E3], &+
¥ Fx AZE HolEH)E &kl AU, o BHE A= GEO W of
Ye} The Cancer Genome Atlas(TCGA), TCGA Data Portal®] ZEE dlo|HE 37
AREE7E SHGlTE. olflelE w7PH BARTE e dHolguol~E E-8-31A
v, 5dx 2 dlolyE #1S 9ld] Interferome v2.01, ToppGene Suite,
PhenomiR, ArrayExpress, Infinium HumanMethylation 450 BeadChip(Illumina,

USA)E 83171 skt

w
o
©
Q,
-
=2
x
-
[.._9{_1‘
i,
¢ o
OLEJ
of
N
iﬂg
)
ol
_l

3.2.3.1. ¥ A5& 98 AFAT< AL AT

Imgenberg-Kreuz et al(2019)e] AFAAN=  HAAEHAFIFE(systematic

lupus erythematosus, ©]3} ‘SLE’ ) x}, Uz &a#dl S (primary

_33_



e

Sjogren's syndrome, ©]s} pSS’ ) €Ab Bl AZFE it ko] DNA HlEsE
AEA skl AWSels WstE fdAshe As HEE Sl SLESH pSSe] A
g el AAs] old e, 34 - 44 el - 54 =

-

_]
o] A Wl sloshs How dud k. AT HolEE 29

oS &3t 7]E &8 dHolHE FHA EFE 98 Interferome v2.01
= &8 715A 78R AE 5 242 ToppGene Suite database®

=
=
AT, A A DN RS e F AEe fnehs £4 549

& T=
ko AW AeE EFsh7] sl 7Sk Ties &Stk AR daglse
2% ‘WY EZY2~ERandom forest, RF) & &8l orn, 45 58934 455
A 7171 S8l A3 84 (linear regression) S F71= F3331Qltt. Ad54
3} SLE®F pSSE sl A x5 HEeta AR Bl AAYSE
= st 17 DNA g3l sjelolA] SLE®} pSS HWS sk

3
oX,
M
ofX
O
o2
O
oftt
=2
=
it
o
ox
do
2
&
X
m
o

3k A5kl Zgho] "g=Alo)t), o]o] J Orozco et al(2018)8 HolA] W&k &
aol & Flskr] fl8 vAENE HEF £

Atk olE F3 HFF FFEE oE DA WEs &

Hgst sfel o] xfolE 7|wre® ‘il E# ~E(Random

forest, RF)" ¢iegjEs &&eto] HFTd 24 582408 Adsh] 93 &
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O E8s = 7 AT Aol &85 g3} dlo]¥& Providence Saint
John's Health Center(V]= AME}RYZ}), Melanoma Institute of Australia(Z5
AlEY) 2o 29d ols AlE(H]= A

HFF 32} 16567 ARE 35t ¥ dlo]E = NCBI®] Gene Expression

Omnibus(GEO) ol #]7¢= At}

A4e Aol

L

= e Age

N2)NAM & 7Fed A E= ol

ElHefnawi et al(2013)2 7FA|3E <t (Hepatocellular carcinoma, ©]3F ‘HCC' )
FAte] g 9o} AEE LSl (ELFT 27 TGS Fg nlo]nbA
2 okERA, A=Y A FHE AT oo = AAEHGITE. o]dll HCC
A ZPE A o A R EAstaak skdvk. 7]Ast
., A4, SAVIES A9% 51 o5 =75 285k miRNA i A B %
3 A5 Al &=skitt. doE o] A== PhenomiR database
(www.mips.helmholtz-muenchen.de/phenomir/)E 83} th. miRNA <52 93
TargetScan 5.1, PicTar, DIANA-microT v3.0, miRDB 2 miRanda®] 57 =13}
= &5t ©] T miRanda RN TAISE daregEel AMEE HH
™Al (Support Vector Machine, SWM)' & &83}3it)t. A-43} HCCeF #ofd

A E4 5AL FAF 5 Ak,

i

Min et al(2018)°4+= EFY W] miRNAS FE3to] F=51HS g@X8s 2dS
Mdsiodch. =50 Shxkeh A%e vz Atelol 4 34 miRome A&
vt FETH AZE vo]lentAE o] &d AW e HIEES Y
S 8 7AISE LdaglEe] ‘AEE #E wAal(Support Vector Machine) <
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Yang et al(2018)¢] A7olM = #H4%H(Lung adenocarcinoma, ©]sk LAC )
FEOM S e 54 GRS gleta SEAQ) MAYSS Bk
=84 dlolHEA A Uy Holy MEE FHskaL,

HEREA S &-8sto] e dHolHE A, ol& S8l ARk} HlFAAY
FRoA ApEHow wEE FHADifferentially expressed genes, DEGs)E

2]
golstgitt. g doJgH|o]A~®E = NCBI  Gene Expression  Omnibus(GEO)

Database(www.ncbi.nlm.nih.gov/geo/)E &8, ‘lung adenocarcinoma’ , ‘Homo
sapiens’ , ‘smoke’ ¢} T F|Y=E A&t W [-7A+= DNA WE S

e B3 JAA| BobAdo g3ke

(support vector machine) = &g
ST ATAT LAC WS 7 FARNEANAAN LACE fdehe fdAsel
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Chakravarthy et al(2016)<2 <173 HFeo]2]2(Human Papilloma Virus, ©]3}
WPV )7F A FAHFAELLS] 98 A= AMES vigeR . {314 54
ARgslo] HPVZF 1 = HH A Qo] opd kgl Q1%

7] 3
4 geg ahi=A ofRE Heletal olefd TR dFel PV} ojmd JE
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olgle] 749~ ArrayExpress(www.ebi.ac.uk/arrayexpress) ©l4] =%, TCGA HNSCC
w2} dlo] & ¢} e m e HlolH = TCGA Data
Portal(https://tcga—data.nci.nih.gov/tcga/)3 ZBg]¥Yo} thstw Are}aF
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I HPY oA F 159708] frAAF AP Ao r o, iyl
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gk, A dlolel o] PV FElE AeetA 5T 5 A=A A s
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N W @A glo] WHES AR Fa A0 Adu
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A7 Wagom AFsL. ATHolERE 47 AR
A

miRNAS] v ik ks gRlsty] 93 34 Er RS &&siglit). 34 E
& da1g]=2l ‘Classification and Regression Tree(CART)’
S ARSI, AT AT &% niRNAZE A E 3 /179 violontARAN &8 Tt

B 484 9 Amehs AR st}eagua, qaw A% A8 Bl 9

4
Aol et B wEY v, Aw % RUHPL 99 oo A% 74
e

Froz pelshs o f850 &

Bahado-Singh et al(2022a)-2 EjWl ZZo] TAFASHA zfo|o} AluE Huky
o Ay gelsty] sl 7IAISkE Tee &8st} sigith. dATttlolHE 4l
Aot A5 Fapel e ks o ® BNk 24S FEste] &-85qit).
dugFoRE Held(Deep Learning), A¥XE ¥ AI(Support Vector
Machine, SW), ¥4wkd} A& W el(Generalized Linear Model, GLM), w}o]= 2o
do]= 93k o F3X (Prediction Analysis for Microarrays, PAM), @4 X~

E (Random Forest, RF), Ad¥HEA (Linear Disrciminant Analysis, LDA)S &

g3, o1 Bal ATTAN FlehA A5 LB Cotell sl As1Z )
ATL AASGT. B ERel AFAT BAL gl nlgole] AuF
Fa owyo] tiF ASERAL YUy, AAF BAY AUES $AF 5
9.
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B J

shith. AEd A3 FopollA= gt ]Eie A8t AR T 4 Ada
Agks xdstr] sl AdEAs 7o) &AL Qo) Ao ke AR A
g3t Agoll= Ao A&o] o]FoXA] il QUrh= AS AR AU, T
3k 5 2H(Coarctation of the aorta, ©]al ‘CoA’ )& AHA AAslo|,
A 250 W Aol WEkASAHAE AAE F9- CoAd o5 BEg=T B
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of Byl 7HF < 24709 CoA AHE Aldtslelth. tizt dHolEl&= MDHHS ©l
olE{Hlo] 2ol A AR FE3IGITE. WY E#2~E(Random Forest, RF), 41X
E  WE  wAI(Support Vector Machine, SWM), A& 8  EA(Linear
Discriminant Analysis, LDA), wlo]aZolgolo] twhdt &=E2(Prediction
analysis for microarrays, PAM), ¥wts} A3 X2 (Generalized linear Model,

GLID o] 7IAIskss datelFe] d8HY. A7 2x 4748 Hely £4& &

o

/\o]_

o

2ol A e v Basel Ady 488 Age wy
HRshn A4 (A AFds d =4S F 5 dAh wH, BATL vl
AEstn BUHY & AR SHEAE FA8 £ g FFHoR
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Yu Y et al(2021)9] AT-ellM= 71ASE 7]
TS SRl A etz AEE Hrkehs W
2 stk vl WARdS F4F e ke dEAdS &
t}. @AY EHAE(Random Forest, RF), A3¥E WE wAl(Support Vector
Machine, SVM), CIBERSORT <arg]seo]l 8=tk AREEE HoJHZ:= Sun
Yat—sen Memorial Hospital of Sun Yat-sen University, Sun Yat-sen University
Cancer Center, Shunde Hospital of Southern Medical University, Tungwah
Hospital of Sun Yat-sen University®] ¢t e} =3 dloly, A5 159
o5 A2 MRI ©]7| A= Picture Archiving and Communication SystemelA] 7
Aglom 3D Slicer AXEo]e] NMAITK Bias Field Correction RE5S 48
ATt AAd 27 +

| 254 fddeld Astuza do] BAE HL
E gEey AYe g

PN
TR
A9t tEem AYe mgew oy 2 WY
=
=
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Karisola et al(2021)9] dAoM = E4S o3 A WYLWHS T3 &

A FESE AL Y B4 AAYES sk AL A7) ZEE sk

=, wgeR AelM A wE wsh duer] v (A w2 9 A
I AAAATE QA FElstarat spglvh. S 18] CIBERSORT ¢are]s=
olgste] ATHE A AW AHE ol &, 22709 N HFAES] WP B

A
A vlEs FAsIT epEE 2o Aol BAskE v mukE Al s}
7] 918 Combat 7]%5°] i Surrogate Variable Analysis(SVA) 3|7]%]& Al-&-3}
St Y= W kemeans YaLE]E2 2 7 dlolHAl ¥RIE FHe] A
£ ARt 7 SU2H e AYE Aot d ARREHAN. 28 dHlolE =
NCBI®] Gene Expression Omnibus(GEO) Database W]¢] Wlo|HE A}-&-38F3itt. WY
| o7, 3N, 7ie & FAA AdAnke] FHx 2 Wshr Al wke 3
U Adet A ddeA] Fdstaat silvk. AAR, gEE o] 83k A4
HeEs Al wF =l G5Etel Aofste o fdA, A=

] g 2 MxE 535S A 8] A Wil (EA 2 AL BT o] Ay}
A FAA T EAS S8E oAl AHoR dAye EES ol
AT "W .o ARE o5etr] g AAAQ nlelentAE e

A skt iR 2AEI JiRISHE A8 ZrEEO Sy oupxd

%2

N

aeete], FF A s wHekely] Qe S5 5ol4 nle|eniAE Aled
9= DNA HE3st WolS gelstuxl sttt sopdrdA o) ZAGH7|A, 7
7159, CHARGE S5, ZEHITTL, AIRXGF, AE2FST, 2
o ATt =S BEEAth. €8 tlo]E& CaredRare Canada Consortium

ol 5] ADCA-DN, Copin-Siris =3, SBBYSS, GIPTS ¥ Floating-Harbor &3-S
7FR 3jgrpe]l wxg ol DNA &S TSI 3 Greenwood(SC, USA), NCBI
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Gene Expression Omnibus(GEQ) DatabaseolA] 7}i-71¢} CHARGE &3+ IIZEE
TR, =% HolgE wlgoz X3 E  WE] WAl (Support Vector

Machine, SWDS T3kl UEAF ASELS 7%, AW wdn FA4E

Shokhirev & Johnson(2022)ol|X= 71AI8kE 7S vlgo=R d=stolw AH
o] FEEAS FFHle] d=3to|H(Alzheimer’ s Disease, ©]3f ‘AD’ ) FA}9}
AD #27} obd xS TEekaat ekelvk. AESH Hlo|Bf® RNA-Seq, v}o]
ARojgo], ZRH T~ B mlo] & RNA BE-S e WEHEM S FEE

oS24 ditE ts Omics HlolE] AIEE AASISITE. o]F 7[AIg: 7Ivke] ‘¥
Y Xy ~E(Random Forest, RF)" , bagfDA, <uislyl A+t Ay »d
(generalized regularized linear model, glmnet) ¢ig]&ES 83 oSRdS

B3 AESHY oy AMEZS A FHToR WIS BT 4 e A
S AS AEatuzl 3tk YEY D EZ2A] 7k B4S T A9 dF F
Aol @l AS #2381l Gene Ontology Biological Process U|e]EjHlo] 25
wzp FxsdTk. 9 oS miRNAol iAol FHEWS &8ate], A9
ol AD JekS dh=dl 7P 223 10709] miRNAZ miRwalkS o]&3te] ol&
o] o5 FHA BlE Hofshr] 9t EAERIT. olgld oS fHAES
Reactome HIoJE{H|o]~E &8, FHA AE &5 4S5 sdseld. d+4%

D ANTL R B Al mek FYFARH WolF FUHE B F5
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E WE WAl(Linear-kernel support vector

kv
i

forest, RF)’ , ‘Linear #AY A
machines, SVM)' , “WALE AYG A
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E #E Al (radial-kernel, SW) 3}
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o] 5H

s}, A4 BDE 7R rbtol A
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<
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=

‘CatBoost’

(Support Vector Machine, SVWM)" , “XGBoost’ , ‘LightGBM
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L3ttt Aol A AFEE HolE = NCBIY Gene Expression Omnibus(GEQ)

Database(GSE145361, GSE111629, GSE72774, GSE84727, GSE80417, GSE152027,

GSE116379)5 &3l =Hskirt. A2 DNA uﬂ%i} dolgE 7Me R
[e)

om], 49 e ATAT AAAZ At dSEE 752
IS Yo QTR L B A FAY BH wRA Y DY

Bendifallah et al(2022)¢] A= AFFWES 8= A4S AES
Asuuts kel A7S gz2a 278 5402 VAT Ves 483t
st dFdolEE AgulEtsy Ak v FiES olal e oA
H 92 3% 28-S ESATHCAFA ENDOmiRNA 1), EF s #es

o RNA HAE FF30. 53 RNA AA19] niRNAE A58ty $18l 71418

& 7IWF Agrds sjdkstazp slon, ‘2X2E s|AEA (Logistic
Regression, LR) , ‘¥¥ X#~E(Random Forest, RF)’ |, ‘eXtreme Gradient
Boosting(XGBoost)” , ‘AdaBoost’ ire]ES &-&siitt. AAd v EWhE
= @3 de FAolM AslHETs sk 54 fAAE S@lEsid. =
d RS 7IRte R SAE ERdhe eAle R 285 FI Aeuiws
Ak 5l A5AIRre] HAast, A8Ad i sol axdew Agd 4 dvkal
AT

Arabyarmohammadi et al(2022) Aol Fold =3+ (Myelodysplastic
syndromes, ©|3} MDSs’ )I} FA A wEH
AL o] M E, APgE W AtEC] o X8t oy dRHE]e uf

o R 5] AN THOMIES FHOE AE AFS FAskud o

(acute myeloid leukemia, ©]3}
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ABSTRACT

Current Applications and Future Directions

of Artificial Intelligence in Epigenetics

Jiwon Park
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Yonsei University

Artificial intelligence 1is indispensable for integrating, interpreting, and
managing complex and extensive datasets, playing a pivotal role in decision-making
for researchers and clinical settings. Specifically, the application of various
artificial intelligence technologies in epigenetics, such as predictive models for
determining DNA methylation patterns, not only facilitates epigenetic research but

also emerges as a crucial element in providing personalized precision medicine.

From this perspective, this study aims to investigate the extent to which
artificial intelligence is applied in the field of epigenetics. A scoping review
revealed that artificial intelligence technology is being employed in studies
related to epigenetics for purposes such as predicting disease onset, classifying
patient groups, and assessing differentiated treatment outcomes. Additionally, a
comparison was made using traditional literature review methods to explore the

application of Al technology in epidemiology, genetics, and epigenetics. The
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results of the traditional literature review indicated that in the fields of
epidemiology and genetics, Al models at the 'action' level—-automatically performing
physical actions or triggering system processes based on inferred results—are
actively utilized. However, it was confirmed that such applications have not yet

reached this level in the field of epigenetics.

Based on comprehensive results, suggestions for the future direction of applying
artificial intelligence in the field of epigenetics were presented, emphasizing the
need for the 'enhanced utilization of integrated big data for data cohesion' and
the 'expansion of the scope of artificial intelligence technology in the field of
epigenetics.' The proposed future direction is expected to enable personalized
lifestyle management and a preventive perspective 1in digital healthcare,
contributing to the activation of the healthcare big data platform in South Korea

and highlighting the necessity of a national bio big data platform.

However, it 1is essential to establish the scope of collecting and utilizing
epigenetic information for inclusion in the big data platform, and societal
discussions regarding legal and ethical regulations are crucial to prevent
discrimination issues arising from information collection. With the advancement of
such discussions, this study is expected to enable personalized precision medicine.
Ultimately, it has the potential to achieve the goal of public health, enabling

health management at both individual and group levels.

Key words : Epigenetics, Precision Medicine, Artificial Intelligence, Machine

Learning, Future Directions, Genetic Information, Big Data, Omics Data
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