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A survey of deep learning-based drug-target interaction prediction

LIU Xiaoguang, LI Mei
(College of Computer Science, Nankai University, Tianjin 300350, China)

Abstract: The development of novel drugs is a time-consuming, labor-consuming, and costly process with the overall
success rate no more than 10%. The prediction of drug-target interactions (DTIs) is fundamental for drug screening and
drug repositioning. Accurate DTI prediction can significantly narrow down the screening of drug candidates and acceler-
ate the drug discovery process. The traditional experimental method for identifying DTIs is tedious and expensive and
accompanied by certain blindness, which restricts it from large-scale DTI identification. Recently, applying machine
learning especially deep learning techniques to DTI prediction has become the mainstream. Although a series of meth-
ods have been proposed in the last decade, DTI prediction is still a material-intensive and long-term work, and is chal-
lenging to researchers. In this survey, we review literature related to DTI prediction, and summarize the methodologies,
evaluation indicators, and data sources used in these works. We also analyze the shortcomings of existing works and
propose future prospects. Our motivation is to help researches dedicated to drug discovery and development to have a
comprehensive understanding on the latest progress of DTI prediction so as to improve their research efficiency and re-
search quality.

Keywords: drug-target interaction; artificial intelligence; machine learning; deep learning; drug discovery and develop-

ment; graph neural network; heterogeneous network; representation learning
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Fig. 1 Illustration of drug-target interaction
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Fig. 7 Flowchart of drug-target interaction prediction
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Table 1 Metrics used in drug-target interaction prediction
F5 RS Fikx ik
1 TPR TP/ (TP + FN) WE B 3 1E 240 L 3
2 FPR FP / (FP + TN) ISR 53 M IE DS L B
3 AC (TP + TN) / (TP + FN + FP + TN) X FREARN T AFHARLE, Wi Rk
4 PR TP /(TP + FP) BOER, TEZEBR AL TN A WESE A i L i)
5 RC/SS TP / (TP + FN) 4%, [ATPR
6 SP TN/ (FP + TN) FEIRI 4 B 681 BT B L B
((TP x TN) — (FP x FN)) o
7 MCC P+ ) (TP IV (N FP) (IN - TN) i BNER R PR, (A T-101
8 Fy 2 x (PR xRC)/ (PR +RC) R0 N [ 2R PR AN 2
9 ROC PITPRAZYNALFR, FPRAAE AL FRZ il A Hh £
10 AUC ROCHIZ N Ay T A, FE7m T % 1E lHEAE £ 0] 1 v A ARE R
11 AUPR DIPRAALSR, RCHAREAFRAYHHZE T B TR
12 RMSE A~ Z i3 AR R R AR, (RN, AR R
i=1
1 N
13 MAE 5 Z lyi = ¥il TN S B A B, (N, AR A R iy
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7 Z o(yi > ype@i—¥;)
e [ 1 x20
14 cl T@=\ 0 x<0 TINS5 5 5 A — B R, (54 T0~1
1 x>0
@(x) = { 05 x=0
0 x<0
N
Z (Yz - )’1)2
15 R2 1- ’:Nl i EL S S LA AL 2 () iR, (B A T0~1
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N
Z (i }’)( i )’)
16 PCC - FEE BTN (15 PO AR MERH DGR, (HA T—1~1
Z i =3 (i - §)2
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rEx (1= \r2=rd)
r= PCC
N
17 rfn D i—kx 3 S AR T 45 )
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YT ESREREA-IE . ER-E0 &
1% R LA X A% BRI AR . PDBbind B UK & A 7k
2004 4 5 H , 58 U4 PDBbind-2020 7 2020 4F:
8 H 23 H &M, f45 19 443 & -BL ik 2 A1k
FEZ . PDBbind A RS 1K K 70y 3 A HE S
ROEHESE, “general set”“refined set” fll“core set”
“refined set”J& M “general set” k% 1Y /& i i &5
RS AR, W VR IRV ZREEY . “core
set” & CASF(comparative assessment of scoring
functions ) Y JEE MR 45 , 38 8 1 4R .

LINCS( Integrated Network-Based Cellular Sig-
natures ) ' ( https:/lincsproject.org/) ‘& 7£ 38 1 43 2
Bk PR TR AR A A HA 41 i 22 /7 T 25 B TP &k AR
F14) 24 3k R A Al A N — A T I 4% 1 A ) 2 L
fit . LINCS —FlltsE T 424 S 8cds 4, b 180
A K4l £ & KINOMEscan i #—/N3 ¥ 456 4347 o

GtoPdb ( https://blog.guidetopharmacology.org/) .
e W) HH e [ 2 3 22 22 2% ( British Pharmacologic-al
Society, BPS ) 1% [ £E Al Rl PR 24 2~ B¢ 22 (In-
ternational Union of Basic and Clinical Pharmaco-
logy, IUPHAR) Bt & I & , BUAE 5 ) B {5 FE AL 4 3L
[ 7 %, B TE4 A T A 24 312 R AR 1 1] WAL 3
GtoPdb-2023.1(2023 4F- 4 7 26 H & 4i )t % 3 023
AN NEHEAR (1 662 DS ECIEAAHIAER) | 11 944
AP (8 814 A SHEARA M EAEHT) L 19 890 4L


https://www.ebi.ac.uk/chembl/
https://go.drugbank.com/
http://stitch.embl.de
https://www.bindingdb.org/
http://www.pdbbind.org.cn/
https://lincsproject.org/
https://blog.guidetopharmacology.org/
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TR—FEFRZE 5 H 8. GtoPdb i AL 15 45 [ HAth 7%
14542, 5140 Ensembl, UniProt, PubChem, ChEMBL ,
DrugBank &5 ,

IntAct”"? (https://www.ebi.ac.uk/intact/ ) J&— 4>
S 73 AH BLAE oG &R 19 e 2 T IR B % o In-
tAct JALFE 16 70 7 A EAE I BE 4R, fdE R A
ey SR (BT R 2 T B | e | AR
JARE . RYEWE BRI SR RIS R EEH-E B
HAEM XK AR . IntAct ITA FA] BAE G R ¥k
FI SCHRAZ 4 2R P B4R 52

DGIdb( Drug-Gene Interaction Database ) BRI (ht-
tps://www.dgidb.org/) $& H 24 1y — 3 P AH B /R ¢
R UL ] 25 RE A5 B, ik 2805 2ok A & R Y
FA B AR 26 B2, Shit 41 A BER . DGIdb
TE 2013 4F IR KA, Bl A 7E 2022 4F 2 A &
fii, T 4T LAEERF 1 T 10 T2
YRR EAE I OC R o

Promiscuous-2.0"*( https://bioinf-applied.char-
ite.de/promiscuous2/) f& H T 245 ) 5 % i 1 — 3t =X
B, ALHE Y (20100 T3A4S)  HBAR (29 1 74)
RIWE T (29 11 J5AS ) Fad HAE 4 Fh 2SR S0 DL K
SR Z MR R, Horb, 25— 48R A AR G &
44 300 1. b, Promiscuous-2.0 b 4L T
— M RIR B TR Z I C R

DTP™")( drug target profiler) (http://drugtarget-
profiler.fimm.fi) J& — 4R R 25 Y 4045 40 BAFE
(052 AW 4 0 TR, T 46 5 245 ) 5 16 A
251 A58 . DTP 354k & 3L 94 J7 4,
HARER 50774, Y- AR EAEHCRY
443 J3A~, o, 2 Wy R bR AH B AR P 3 T 5 RO
£, BIANK; | K, 1Cso55 o
42 KUY AZOBBIEE

ARG 5 A LG o A% O B8O 5 A4
PubChem. DrugComb. DrugCombDB . GDSC.
DrugCentral,

PubChem"'” ( https://pubchem.ncbi.nlm.nih.gov/)
M T A K o R AR o TR R, Gtk e 4
BRI AR A B L AR L A
B PESF . PubChem H R &S 4372 /o F, WALHE K
Or T, WAZTY IR | IR . ZIREE | Bk L& W Al fL
LA AR A Y . PubChem f 51L& W14
L1624, A BILY 19 T5AS, YIS EL 3 424

DrugComb"”'” ( https://drugcomb.org/ ) & —4~24
Yy 20 5 U 328 0 BT 90, WL b T A R B 3R 4% i
958 R FHCAW B (ANJE R . COVID-19) 1Y 25 4 21
BT 45 . DrugComb o 3 fIt 0 4% HE A T

HL T T A 45 2 T AR AR (0 25 04 T BRI A 24
Y14 4 . DrugCombl1.5(2021 4F 55 ) f145 8 397
AN 2320 NARML AR L33 AL, 2 74 TTANE
W5 .

DrugComeB[m]( http://drugcombdb.denglab.or
g/ )W —A W5 B R, 22 B
RAVRTF 3 ATy T 24590 21 B v R O R S A L A
HREHE 7 . PubMed SCHRTZHiE . DrugCombDB it
% SR I TR] A 2019 4F, f14 448 555 Rl 2541 &,
i 2 887 251, 124 DAL A .

GDSC( Genomics of Drug Sensitivity in Cancer
Project) " ( https://www.cancerrxgene.org/ ) F i
SAGBEFE T (LR ) B 98 0 % D9 20 0 H FRR A
= B g e o0 (SR D) 1 43 1697 b A VR R,
WA g 240 TR 25 ) BBUR M RN 25 ) S 0 43 bR C AR
B B A GDSC-8.4 £ 2022 4 7 J K Aii, %
FE T 1000 F A HOARAE, IFH 100 FAL & Pk T
T

DrugCentral ™" ( https://drugcentral.org/ ) & 1%
YRR A S A 25 5 NIE PR T 2
HVEF %5 B . DrugCentral & ] i % FDA . EMA
1 PMDA PLSRBUB L #E R 259 . 2022 4F 9 J
9 H 938 1Y DrugCentral 545 4 927 > i% 1 1% 43,
Horb 4080 ANMJE/NGrF, 374 A JRE VI
43  LAEBER A #Z00 B BLHE B

ARG 9 A LLFE AR R0 1 8l e, A 45
Ensembl, UniProt, KEGG. BioGRID., CCLE, Cell-
MinerCDB, PDB. STRING, HPRD,

Ensembl™" ( https://www.ensembl.org/ ) 4 {1t 3
TH MY & T i FE 4 %4 . Ensembl 7=/
o L ) R A R, L R | A S R DX
IR SR R A 22 %06 . 1L 4h, Ensembl i $2 4L T
13 P& A0 PR T H, 40 VEP (variant effect predict-
or) (43 Hr 78 S, I & 40 F0 AR H1 AR S 1) D) RE 45
). BLAST/BLAT (4 I/ #2411 DNA 78 117
HIIH R IL N4 ) . BioMart(J&— FhEUHE 2 48 T 12,
M Ensemble 15t A & LB ) &5 o BB A
Ensembl-110 7£ 2023 4F 7 A 3 K i o

UniProt( Universal Protein Resource ) **( https:/
www.uniprot.org/) & — >4 TH 1 = o it 2 17 41
5 IiRefE BAUREE, M35 4 08U E, /) Uni-
ProtKB( UniProt Knowledgebase ) . Proteomes , UniRef
(UniProt Reference Clusters ) 1 UniParc( UniProt
Archive) . Proteomes £ &% A7 HAT J3 51 5 K 41
P A 4E A, UniRef #18 100% ., 90% F1I
50% —BPEXTEE 1T 51 2K, UniPare id sk 1T


https://www.ebi.ac.uk/intact/
https://www.dgidb.org/
https://www.dgidb.org/
https://bioinf-applied.charite.de/promiscuous2/
https://bioinf-applied.charite.de/promiscuous2/
https://bioinf-applied.charite.de/promiscuous2/
http://drugtargetprofiler.fimm.fi
http://drugtargetprofiler.fimm.fi
http://drugtargetprofiler.fimm.fi
https://pubchem.ncbi.nlm.nih.gov/
https://drugcomb.org/
http://drugcombdb.denglab.org/
http://drugcombdb.denglab.org/
https://www.cancerrxgene.org/
https://drugcentral.org/
https://www.ensembl.org/
https://www.uniprot.org/
https://www.uniprot.org/
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HI BRI . UniProtKB 2 {1t A 7 51 5 I fig
{5 B, 4556 UE 3 ) 25 1 22 & (Swiss-Prot, 2
57 J7A4) MR Bk i ) 8 H 48 & (TrEMBL, 24
2.5 424 ) W43 o B AR UniProt-2023-03 7£
2023 4F 6 H 28 H & A .

KEGG (kyoto encyclopedia of genes and gen-
omes ) "> (https://www.kegg.jp/kegg/ ) & —A4E 1,
B FE BT IR, TE 1995 4F i H A N ZRBEPI Al 14l
WA, T IR ZH Ao 7oK P (5 b T A=
Yy 2 55 1) T B RE RSO, Qi A L AR W A R AR
BRGE . A KEGG-107.0 7£ 2023 4 7 J
1 HE ¥, KEGG KRBT LIR30 4 K3, K
FLAR A EE I, IR SE B (PATHWAY
BRITE. MODULE ) | £: X 4 {% & (ORTHOLOGY
(KO). GENES. GENOME) . fk2: 15 B (COM-
POUND. GLYCAN, REACTION, RCLASS. EN-
ZYME) Filfi {5 B (NETWORK . VARIANT, DIS-
EASE. DRUG. DGROUP) . DRUG % % H
A 5 [ R0 B At v e 1 25 W 45 R, anER AR
AR B2 HoAt 737 AH BAE FH 2515 B

BioGRID"**( biological general repository for
interaction datasets ) ( https://thebiogrid.org/) f#-fiti %
i) i B BRI RE AR AR FHOC R, B A
2R BERE I BRI . BioGRID H T A 4K
P ok B AR B o SCHRIR o B SEBR 2521, L4 R
i A SN A RE S . A, BioGRID 40
5 25 5 S JRAB M LA S 1 BOHE [ 5 2 7 /)
TR EAE RIS R B . 202347 A 1 H &
i BioGRID-4.4.223 )\ K 24 8.3 J7 f SCHR 4248 i
2)264 TAEABAGERNMEEH KR, 3 HZ
AN FHEAERCR, 29 113 T MR A Y Y
W5 5 et

CCLE( cancer cell line encyclopedia ) **https://
sites.broadinstitute.org/ccle/ ) B /1 F Mk H [ H 4
TEZR AL 1000 >4 it Z rh Az iR MU 70 Bt B4
4E , CCLE i id i 7% (mass spectrometry )
375 A4 & AR Bl , S R R0k L DNA
VDL IR A A HE Iy | 413 43 HT L RNA-seq.
DNA AL . miRNA Z3 47 4 HE AT | AR
Yy o SR B

CellMinerCDB ( CellMiner Cross-Database ) ***
(https://discover.nci.nih.gov/rsconnect/cellminercdb/)
s — B H. 3R 2% IR Y, G A () R U R
20 L FR 2 W) BE R A B . 2023 4E 7 R AT
CellMinerCDB-1.8 i, % Z M 3 B 5 44l , 254y
TG PE . mRNA %35 RNA-seq %1k . DNA H 34k |

DNA 72 5% . DNA #5 DI, MicroRNA | 3 FH 45

PDB ( protein data bank ) "> ( https://www.wwp-
db.org/ ) UG T 1971 4F, L TR E F i DNA,
RNA VIS ENTS &R E . 25 AH Al /Ny 45
BREEGH =AMER . A 2003 45, PDB
i wwPDB ( worldwide protein data bank ) , RCSB
PDB(US research collaboratory for structural bioin-
formatics protein data bank ) (https://www.rcsb.
org/) . PDBe( protein data bank in Europe ) ( https://
www.ebi.ac.uk/pdbe/) . PDBj( protein data bank Ja-
pan) (https://pdbj.org/) Fl BMRB( BioMagResBank )
( https://www.ebi.ac.uk/emdb/) 3 [F] 4E 3

STRING"™" ( https://string-db.org/ ) Z 5 i W 4
MESEA-HEANYIECRMIREC R . s
e AL A5 B SCHR SCATZ A | i S0 g | A3
F IR A B THE A EAE B0 | DR S P 20
SOEHRE T E A IR . AT RAS STRING-
12 RZ54145 6 800 5 /~46 14/

HPRD ( human protein reference database ) >
(http://www.hprd.org/) /& — U EE N8 H it 4l
A BB, AR Bl AR E S RN
ISTESCHRH $EEC . HPRD H 5 — WK BT A [R] & 7
2009 4E 1 H 16 H.

44 ZEHIEE

Open Targets[230]( https://www.opentargets.org/)
FI N8 A% 2 R0 3 PR A 2 B8 AT R R 25
A0SR AL . Open Targets 15 (https://plat-
form.opentargets.org/) =2 T HLAR —BNE K R, H
o R AT 43 BB AR 5C 220k 5 B 24 ) #E b i1
SAEAL . [RIET, Open Targets V- & WL 2 L FE AR |
PRI . R | 25 DL R G e S AR 2 T O R AR
P o Open Targets “F- &5 BHAE T B 5 K, il IRA
23.06 7 2023 4F 6 J] 26 H %Al .

DisGeNET"™(https://www.disgenet.org/ ) i 4
55 N5 A O 1) B RIS A5 B, Bt R IR A
5 GWAS H g BH SCHRSF . DisGeNET i 1
NPl A P DA ST R S W AR, RO B
FE PR - O R RIS S — 9 6 &R o H I AR
DisGeNET-7.0 K24 % 55 B -5 K& 114 T7 41
(2.2 T AFER AN 3 T AR ), A48 57—
W F 37 T A (H 2 20 5478 580 1.4 J7 450
HR) o

COSMIC ( catalogue of somatic mutations in can-
cer) " https://cancer.sanger.ac.uk/cosmic ) Yt 45 5
NS EP IR TR PSR € e s R
H1 e 58T AR A i W 2 80405 1 4 s D] 28 i 1


https://www.kegg.jp/kegg/
https://thebiogrid.org/
https://sites.broadinstitute.org/ccle/
https://sites.broadinstitute.org/ccle/
https://discover.nci.nih.gov/rsconnect/cellminercdb/
https://www.wwpdb.org/
https://www.wwpdb.org/
https://www.wwpdb.org/
https://www.rcsb.org/
https://www.rcsb.org/
https://www.ebi.ac.uk/pdbe/
https://www.ebi.ac.uk/pdbe/
https://pdbj.org/
https://www.ebi.ac.uk/emdb/
https://string-db.org/
http://www.hprd.org/
https://www.opentargets.org/
https://platform.opentargets.org/
https://platform.opentargets.org/
https://platform.opentargets.org/
https://www.disgenet.org/
https://cancer.sanger.ac.uk/cosmic
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SIDER ( side effect resource ) ”” (http:/sideef-
fects.embl.de/) M2 FF SCHR H i B b TiT 25 4 S HAH
KB EIVE AR B, L4 BRI 259 F sl AR
oL R 25— bR A EAE DGR o 2SR fRA
SIDER-4.1(2015 4 10 H 21 H %A ) 145 1 430 4
2y, 5 868 MRIVEH], 139 756 N 2H-RIVE R

CTD( comparative toxicogenomics database ) **"
(http://ctdbase.org/) 1) H B2 A5 AATRE A58 2 5%
XF N AR5 1) T A, IR B PR K &R
CTD Wik s . A RBILL KAk +—
SR A EAEM A TR R L
S F-RBAHEAEH R R | R -
FAEAE HT A 00, JF R 3 26 804 5 T e A it 2 4L
it AE 45 5 SR Bl i 8 A DG 52 R 5 el 1) 95 s 1) T
ML B L. CTD £F 2004 4F 11 A 12 H 1K
KA, BATIRA CTD-17 142 78 2023 4£ 7 4 31 H
KA
45 HIEE

Davis %34 °* KIBA (kinase inhibitor bio-
activity ) 5 4E 7 Al Metz B 42127 B A2 080 i
(kinase ) & I 53R 0 A= 4 i Pk, 2 T 25 4 — 0 b
S54RI R B ROIR 4R o SO BB TRV 2 e A
SAEVEE G 0 A AT S 5 S R bl B 2 OC B
fVEH o Davis X8 SR 45 72 254 7> 1 M
442 NERER, FR41 K 31 824 425 W50 bR A T AR
XF o 25— R AR X () 55 RN TR bR R Ky, Ko {E TEAT
FE T Al A BIXT 23 [8] (pK, = —log o (K, /10%),
KIBA $d 82 5 0] 0 75 52 498 24443, 467 4~
HUBR, 246 088 254 —HbRAH B AR R . He 45
LBRBEAMHEAE-ERAZE 10 24855+
AR, 1520 2 116 259 50 1 A1 229 A~ #0845, H AT
KARIF I 58 T AR 2 i S5 09 £ 4 . KIBA X
it B v B YO0 T ) 2E IS AL R ICs, . KK,
TE 52 BRI 58 A b S D0 AL AS ] 48 A 8] 18 — S0k,
A O X L8 2R A (B A o KIBA 1573 I e 4 3]
s )0, Metz B 48 6095 1421 25453
156 ANHEAR, 42% F4 25 4 —#L bR X #4256 A ) 2
K (KX ) o

Yamanishi08 442" 7 2008 4E /A1, 2T
W25 1) — 40 bR AH BAE FHOC R B MERE 4, 25
—HEAR A BAE H O K [ KEGG BRITE, BRENDA
SuperTarget fl Drugbank £ & % . AR P& #0 bR &
AL, 29— REARAR ELAE FHOC R K43 E(enzymes) |
IC (ion channels) . GPCR( G-protein-coupled recept-

BB AR COSMIC-98 B 37 T 2023 4F

ors ) fil NR ( nuclear receptor )4 ~F4&, 43 5l 6L 45
2926 41~ (445 1259, 664 MHIFR) . 1 476 4>
(210 D254, 204 HEFR ) | 635 4> (223 12454,
95 MHEFR ) . 90 4~ (54 D254, 26 SRR ) 254 -
MARM EA/ER G & . Chu %™ #£ Yamanishi08
Bod 4 iy 5 At B, M KEGG BRITE, UniProt #il
DrugBank $4s EWCEE T 5 09259 | ¥EAR DL S 25—
HUBR A BAE R, S B A 4R g A EE
737141777 259, 1 411 86K ) L 6 385 4>
(765 254y, 238 DHEFR) . 5383 4~ (1 680 12}
Y, 156 A~ #45 ) A1 886 4~ (541 254, 33 M4
br) 25— AR AH EAE I C R o

Luo 451 A G T —AS S R 4l 4 1 F 24 -
B AR AH B AE SN 5Y o i 88 52 ) DrugBank
(version 3.0) . HPRD (release 9) . CTD(2013) Fi1
SIDER (version 2 ) %4 FEWSCEE 1 K, 6045 4 FpAEY)
222 SEAR (259 . AR L 0 R RIE ) Al 6 st
R Z B OC R (Y- 04n . 250259 . 254 9%
e -RIVER . SR - DL R - A B
TERCHR ), 47 12 015 501K, 1 895 445 A5
BHEERXR, ELENT2ER, KEWZ
Yy — 8 A5 AH BAE FH G 2R DL R At S 4K O R k&
B, HZ S ARSI A A X EFE . B
A B 1 Bl 2 AN A 25 70 A A A A Aok R v g iR
28, 2 (AR Y PP Al 5 A s B9 3R T TR R
& o EE IR, Li 451D A DrugBank (version
5.1.8) . UniProtPK (release 20214 ) . CTD(2021) .
SIDER ( version4 ) Fll STRING ( version 11.5) (¥ %
BT A F AR, FIAEALES 4 Fh A A
ST 6 TSR Z B A G R, A 15 322 Sk,
5126 875 MM E A AR R . Huang 5577 Fyst T
TDC ( therapeutics data commons) R4, % R Gl
15 66 S, W & 22 MES, nTEEH T4
WA AR AT 55 W92 TAE . TDC REe#e4E 1T TDC.
BindingDB, TDC.DAVIS Fil TDC.KIBA % 3 /M 4L
P8 1T 25 80 bR 25 & 2% F ) AR 55, JF 42
7 Z M s 153 7 X% R 3 B RR R IR
3l ) AL B FE A5 o

5 ARtk 5 EE

i AR, g TR L AT RE L TR
AR B K, 2 W) — bR AH AR T T A o
PR AR AT B F BT R AT RS o S I, 24
Wy — AR AE AR 00T T 1 LA PR AR

D) BUA R e L& BA A EAR G R A 25
Py —HEAR X CIEREAS ) T A $2 BEA B AT A B A %


http://sideeffects.embl.de/
http://sideeffects.embl.de/
http://sideeffects.embl.de/
http://ctdbase.org/
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R REAAE B (AREA ) o VF 2 MBI 2R L ]
LR L N AN on SR (S EPSE NV ESL /R W AP O R (5
TUREAS, B T BB B T e m e o i EL SRR AR
R 50 e 8 R T IE R AR B, T OB AR AN 2 1y
[ AL 2 AR B e ) A TR TR I A — PRl RSB
Yy, X —AEA, RSB LY 0 T2
FOREA o DI, BEHIL I SR AR 05 5 IR 31 2k
A R IEREAS 1 L A1), E Xt 2 582 M R 7 52 B 7
MHPZALRE ST o BTSN B/ A M o > B /58
Tk, BEINRCE FE rb i SRORE AR B d T R X —
[ AT, BUA Y 3 o B S e 4] 20 15 P A AR
Pk 1 R REAT AR 22, TR JEE o ] B AR 25 5
) BRI 2 o DRSE A W T Y SE I T VA AR
HEA P AR, — 2835 R 70 7t Bk = n] f0E 1 AR
(1 5 9 PR o DA [R) S 56 B B R i 4 3R 45 19
S I L ) Be S R A MR DRI e X R
AR B AR 24 W) — SR RH B AR P R
P45 07 81, H LA I PR RAR I R T R R R
et i v R £

2)  H O = i T & A B E S H I DI RE,
BT = AE LA 14 245 B —H0AR AH B AR A Y Dy
2P FIEE bR 4 B B IR A T B B R R
ik o AER I A4 25 4 — 40 b AR B AR B A B 22
S 2GRV 5 — ZE RN 4R A, A T =
Y23 (W A ZERAE R o T Ah, T Al Y 25 1 -5
AR AR IS0 75 32 1 — L3 1 e = 4RSS
a5 B TR, ] Y5O R B — L6 2 1 54 TN 4
AR B o = RS MG RE i R 22 . Al-
phaFold 1 £& 8 F 57 25 44 T0 BT 1 3 R S
Rk, HHEBH =L = 5 TR, 5T
S5 R F) 245 1) — AR A LA P TS A 2 BA B
TR B T 45 2R

3) LR W I A S8 L 45 Dl A 1A R S
TP A R R, Y R A 28 AR AR, A
T B F 2R EAREE . T2 AL
B A AR LA O 230 R AT BN BIE, A7 78 {5 Bk 2k
)R, PR O T 24— A 0 I O 12 B T 45
RAMR . — LB TARR AL 25 WA SC ) {5 B A
bR G HME B G B 8B B R il A, 7E
—ERR R EIORN TRER BB . AR AR
o, SRR G T A B o SRR R 2R R ) 52
HE, AT AR B AR R T 2
PGB o (2, S o P T P PR . —
77 T S J P EL A e ) AR B R, O — T
T, 9 28 45 A 1) D0 A 5 22 45 5 AN [ R U5 AY i
g | BIPE G B o Rk, 56T 57 A 1Y

Y —HE bR AR ELAE I B AT 5 A Fr i — 2P R R

4 WL I BT R — AR & T, Bz i
R, T AT A R A 2R W IR S AR WA e
HA AT A R RS B AS A mT LA 25 49— A A
BAER, g Al DU B AT B G o B A A2 9 A
VR, 5 Bh A BUHT 049385 1 70 F08T A HE A5
PRI, R S T LM DR SR B AT A R £ RE O 24
W4 AR EL A 000 A 55 2 i bR T 5

5)5EPr L, BrA B H R S S AR Y o
5, AN 55 G L AR R AR R O AR s A
FRRMSORE . HIL, AR — RS
GRS o B, SR AT A S5 H AR f WL
A GRS O Wi B - 04 GOIRAS, DRI G ] s 4 3
REREM BB . AL, BUWR R TR
I, PR AAAL S & H 7 AR EAE R, 5%
Aok, g5 ) KAEMBEAER . 75701 3)
T3 BEAU I R B8 Y1 B0, AR~ 50 A B A
FH LA 2 HG At 9 4 /6 90 1R A EL AR S TS (A R 14
SRR T L 1 SR M A B 45 3 s ol o

6) >4 Al Y TR JEE = ~) HOAR I & 12 1 E PRI B
T fifp DR BLATUER | A 55 IR R, 25 O R AT A AR
B P, RS 58 %, T HL 75 2200 1 1R AR
Yo MO TR BE B9 R F, 50T, xS AL T
5 U BRI AR B B, X — N T RE R R i
B2 B RME, Hlds o A U HOE R 22 T HOR
Sl , R LAk Ah T 55 AN TR BER BE, LR B
AN T REATISRAT — LE R BRPE . 1O 37 53 A0 A0S
B HA BRSO e 5 B B E RS
B S (B i s PE LA AL ) | B4R A A
55 S AN BMAORTE, TR B T BOR figk e
1 28 ) 5L I iy 5 4% 46 78T, SR RPECR, B = R
itk

6 % FiE

25— bR A AR P T0I S 24 W s e 24 W)
HE (LI SCHEER Y o BTSSR TR B ) 2 W) -
FUAR AR B AR AL BA 22 ARBEE, [R] t F
A LS N SR EDE O (B A5 48 T IR 52 T
A B K, 2 — B b A LA T 0 e AR 52
N, AW E P TS BRI e A
T A7 A R PR AR SO B0 B i 2
) 5L B R RS ) SRR R L T
B, 2o Jr L LR B E S 2 A 2 R IR
A 25 %) —hr 48 AR T AR B0 5 ik, DT B 2y
Yy WE A ST 5T TR IR e T A 25 W) -
LR AR EL AT T 400 B i BT 0F S AR SR, T 4
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