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gt X BIRERF &, UBEHARBEATFe LR, KT EMEY
INE|FEREEE (Insilico Medicine) BRI —Z ¥ @ E%E &8 (3CL)
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(Decision Tree, DT) . [RE/R7 xZ A (Hidden Markov Model,
HMM) &8 — g \flé, EEETEARENERLTHTF I,
A7 20 #2 4], Igor Aizenberg Fuft i B (172 30 A THZ W
% (Artificial Neural Network, ANN) B, HkREH T“HEE ¥
(Deep Learning, DL) ”ix — A i&,
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XEHFEHEBFIANEER, ZHUERRBEEETFENR K. BE
WrER | & FHNFHEA (Ribonucleic Acid Sequencing , RNA-seq)
#nE 18 E 9 F (High-Throughput Sequencing, HTS) # A & d43,
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HE R

W 1-2 R, EFGHAT, FFUEamnEEZN—FEHT
ERFREABFAANE LR LS (WHEFE, B , KERE
ATUTH XL WG LG T wHRMNTUER R
Y EF B ERE, wEXEMEAE R T (National Center
for Biotechnology Information, NCBI) #7 % H % i4 % 4 ( Gene
Expression Omnibus, GEO) # &% . J=F & H 40 E1% (The Cancer
Genome Atlas, TCGA) #1 Arrayexpress %% . 74b, it HIRA X
Bt AL T DU TR B B, 4n PubMed £ &-F B IR A& 7 [ 3 R B9 3%
B, MHITHRFBLZBITULRGRANTERFNE L, M, A
THENARERABKEI N EGEEZR” %2, HANER TEN ML
BATH, TEFATUFGERL LAV EYEFREETFE
B AR, X AEA, w0 Han &£ AWA| A AKERA TE A
2019 77 % 7 DriverML, & — 1T ML B F IO THE, UL
o 1 5 E A KW R B B
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Activity Relationship,
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(Molecular Docking and Molecular
Dynamic Simulations, MDS)
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ChEMBL & & 1F % EH RN MR e ey = s AL & I 8048, &
BaH R XA T, oA . A CAbsorption,
Distribution, Metabolism and Excretion, ADME) . &M 4&4, EE¥
IRy A B /E R B By E A ny ¥ % 4E E L @+ DrugBank,
LINCS L1000 f2 PDB %

(2) AF &

ME R AN E S It AN AR, ETENEB YR
i+ (Computer Aided Drug Design, CADD) * %7 7 /A ML Z| DL ¥
—RIANTEGHEE, aXZW_+HFE, RRTFLZHTUHHERN
AT R . E & 4 M uE M &£ & (Quantitative Structure Activity
Relationship, QSAR) frE mat /MU E AWM T A, FHrE HHF
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i, Yan % A7 2020 T4 & 7 2T DL B9 FE K (Antimicrobial
peptides, AMPs) % % F & Deep-AmPEP30. AmPEP30 & —f %
#4 W 4 (Convolutional Neural Network, CNN) X ze9 T B, ¥ LA
WAER S EAZ % (DeoxyriboNucleic Acid, DNA) JF 7| % 1 T
H AMP, BRAFHZFE, AXARN—MFETEHEN AW R
BRAE—tBREWEFAFF & &7 HHH AMPs, 74, N TE
ST EFRERND T, REKR—F, AAATZERETUARKER
/N FETIEITER, fm Zhavoronkov % ABL it T — R & TR
W o2 F K %k % i+ I HE  GENTRL
( https://github.com/insilicomedicine/GENTRL) , H##|HE X T —
fEr B EE AT 4] 7, DDR1 %% ® ., McCloskey % A M4 DNA 42D #y /1N
/+F % (DNA-Encoded small molecule Libraries, DEL) ## 5 K%
R Z MmN FZMARE ML EEAEE S, URILHH KU
N Fo 4h, Xing % APIE & T XGBoost, X #r [ & AL A IE E A
Z W% TG KRB HERTRA RWE RN/ DD T,
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B3 EE, wEE. WA RATHERE (Neurodegenerative Diseases,
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AT E B i—% @ R A8 8 A (Protein-Protein Interaction, PPI)
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(W) R FE&MAE TERAKNE MR

o AT A R F, EPIFE (Virtual Screening, VS)
& CADD WEE T EZ—, ENNEWET Gt A =mieTH
BN ER T F. FABRERANEETR, vh¥ET AR,
AR A B2 ML AT VS, A — b E A rE e g
EHEAEMERN RN G E, LENWEHEEATEAREF IR
ANGHER, R NENERHFATRIE, WREREEHEH, WK
ZEARTHWEES, U EFHEEFMTFEEANEGS.
ML &% ik VSEV R E, EHEZE, EE7 LB VS FHiRK.
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WA & I T SBVS # 0y 4 F o I AT LR TR SBVS % & & fi—
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Wy, LBVS &7 AR FEEMAMITE, 4 SwissSimilarity
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WE 2 A (SARS-CoV-2) T RH A FREE L0, TNl T
KA AT AR, HAKEGFZ2HERTERM. B COVID-19
TEBERUR, XEFRAREERA AT EREZER THET
COVID-19 Wfr £ 25 A B T EAS 1. EARTH, BRETET
Al 3 ML 8 COVID-19 6T A& R w77 ikt — ik 2k Al, BFET
M Bk, ETRANE Iy FHEENEE (H 2-6 fik 2-
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& 2-1 2T AR ML W E = ALst 5

Al 5t ML 77 % T H ¥ 48 15 & KA
kA A 87 F | B TR 4] SARS-CoV-2 48 E 1k | https://github.com/Murali-
[13] FE 2t T 45 AT A R group/SARS-CoV-2-network-
analysis
FRWASENMEN | B EMNAWFLERNFHT | T
404 e -EAAEEA
B %5 = A M MT-DTI ff & B EW A EL | T
W
A 4 W 416 ERGEEFEMANGY-BAF | L
ﬁﬁ#ﬁ%w%%ﬁ%
B EEF S AN | i sl B W & R L E 254 | https://github.com/ChengF-
Lab/CoV-KGE
] % AR ] 4118 % 33 4 & B 4 AL 5wt 2 ey | https:/igithub.com/yejinjkim/dr
%73] FufE ug-repurposing-graph
AAEENGHES | #EF iR B &I E L2 | https://github.com/FangpingW
P 41071 Hy an/NeoDT]I
] % AR W] 4110 ¥ 2 AH % iR B i B A https://github.com/FangpingW

an/CoV-DTI

EERAL%. RET
Bt 7 44 45 2 120

8 3T 24y o A0 A R A T
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https://github.com/Barabasi-
Lab/COVID-19
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AT g 2 W 44122 HXHE . EERA. £HHHE | https://github.com/uhlerlab/cov
Fu AV BAE A i1d19 repurposing
AR % LER NG | L3 F 4 T8y & FH &34 | https://github.com/pth1993/De
B T A A 25 20 AT epCE
%A 4 2 W 4124 FHIE — W fn WU S | T
#r, oA
[i# AT AR AR 04 X e 1 L0 40 TR pn
WE| AR E AR | B & R R 4Rt A JF A #E % 7 | https:/igithub.com/ekraka/SSne
#12] M, 25438 H kR t
Ab % T et #rlee ETEMEGHRRENERF, | L
i 1 X Tk AT IR

OETWENERE: SMERMNEA T ERBUETHNENE
BN AT AaETRARBEFLK (WwkRm., i alD 2
[k AR B, DORAIE RN E T E a8 E T EIEMHA
WX, RE—FEMEETIENRE, HWBETA6WETH
BWAREORmRENREEARNARELENY, FEZBE
R IFIG B AR, Law % AR — M AF 20y M B iR 85 5 % 5
EFENf 4875 F (Regularized Laplacian, RL) #¥ B4 5]
FEMESE, NEE—FETEIERARTRE, RAE 0
SARS-CoV-2 HEfEfl#. % T 5 T X Hik, RL E#XH—#1F
# (Receiver-Operator) 4F1Edh 2 TRYE AL E| 0.76, B4, AT H
WA &R T WA MR, HSPAS fofi mil = B M BR A, LE# 7
#®acH, AT COVID-19 254 & & L8t 50 oy 2 T P 48 1y 5 8 7 DA
BABESGLMRAVWER, AEREF—FEZHLEMHN. Eah—&
1 AR L AE R 2R I 4 A 24 B R ok R R R AR TR 2 A 2 g B AT
] % .
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OXFRZWHEE: 29 E % FDA H#E#H SARS-CoV-2 2
M — M T ERNERARS T HER KAWL, £ HER
M E R R E g R, FAEATRIMER 77 g EFE &L
291, Zhu % AP 4 H H 48 0 N & T Al B & InfinityPhenotype,
VIR KA - s FDA EH M. ERERKH, HEXR
CLiquiritin) &7 | R TR EZLERFEEM, T1EHNET
COVID-19 ) 3% % k&£ 25 47

@ FHEEWEE: &I, o FHEENNEF LA R
Al #1 ML BB #  C F THIR R Z 29491 7F £ 324 . Nguyen % A
49 75 0 A F T #¥F L # (MathPose) #1442 W 4 (MathDL)
K TNM SARS-CoV-2 3CL & By = B &4 fu kg il —EC IR 45 63
0 71. MathPose xf#i& 0y O 40 B 641, 4 REVEEE WA
MathDL # AT 54 iF . REMMWE G EM N, EFH M
COVID-19 4 7 7l 15 B EWRR A Y, X At —F WY EA
ARETXEFR.

EREH—FF, Al o ML HABS 2 (23 T H A TRRH
ENEMR AR, B, WEAAYHLXRGE =2 nH K.
O ®BELI; @ MFHYLA; O TMERRRER (H2-D .
Frafi i Rk 2-2 %, BIA|F EAFE & 0 & 4R 2 4 Fr B JRAE AL
fy&n R B4 Zhavoronkov & A BPME W T — M A R F E R X I
COVID-19 #y#7 A 25 4y BE 47 51 5, FF 48 32 A 3R 5 ] 5 B9 A Ak B 3l
WAE. ERTTNE, RELEMIEEEERF RGN FN
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i, FETIRHFNGghemltt—F T, B4R F
B R EA S EHHE W%, Srinivasan % AR H T —H0 it &
F kKRR BT COVID-19 W/l R A, BRERRIT
ZEFFANREERy TRAERENE R RN RE D E PR T
TR 2 ey 2 I

ACE2
- Z ik
| P e
TMPR oy (Ra) RNA
ol 1 Neaey, i S [Plpro] —>
SS2 FHEE  WBEA  pone 2
MR WL
3
<
B AR
3
WL FazsiE  FRIDE
o A
@ @ ® [ ]
€ @ [ ] [ ] @
Q D [ ] ] [ ]
[ ] [ ]
@
4 4 !
B ﬁﬁfﬁ AIHE
a ' TR
o ¢
X 7 :
B EEASH

4
& 92
2
K 2-7 £F Al fo ML TR AR R LR
K22ETAIRMLAWFETRFEGWH L

Al 5 ML 7 % Tn H 4 5 R KA
A 1 13 FlRAEREGNmAEMEEELAE | T
FoiR R T2

HEQFIMELEN | FumE R E . FHNHr4 | https://github.com/tbwxmu/201
. RERE. BHEF A | 9nCov
G0 iR B
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B BB A T A DL R A | T
CER

IR A R A #itHF SMILES o B4R % | T
MR L BRI R E &

RETY
R E & R A WA AHERAFIERDNST | L
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I, FARMREA M EENRATR, EFEHBFREART I
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Bl 2-10 A T4 RE AR ZE A0 5T fm A Ay v e 9 TS0 W B2
Woh, W a THETEER R T RS 2RI AW 60 E,
B M, T F 2 F 5ie)7 B R4 & E M X T 25 ey & A A0 IT
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Benevolent | 2019 4= 9 A 17 H: £ ZE AU - BenevolentAl: 9000 % % 7T
Al 2018 £ 4 A 19 H: —#: &% - BenevolentAl: 1.15 1% 7T
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