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Artificial intelligence and drug discovery
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[Abstract] The discovery of new drugs is a systematic project with long cycle and low success rate. The traditional
drug discovery is to find effective targets related to diseases, and then to screen and design effective small molecules (or large
molecules) using various technologies. Artificial intelligence technology has made significant progress in the medical field. In
the field of new drug discovery, artificial intelligence technology can integrate a large number of high-dimensional phenotype
data, including high-throughput omics data, network pharmacology data and images, so as to effectively screen therapeutic
targets and design drugs, saving the costs of drug discovery and shortening the time required for drug discovery. In this article,
we explored the drug discovery process driven by new generation of artificial intelligence technology, hoping to provide a
reference for the development of new drugs.

[Key words] artificial intelligence; new drug; drug discovery; target; phenotype

[Acad J Sec Mil Med Univ, 2018, 39(8): 869-872]

[KFsBHEI] 2018-06-21 (#EZHH] 2018-08-01
[fEE®TT X B, ML, #HR, WA
A ( Corresponding author). Tel: 021-66540109, E-mail: qiliu@tongji.edu.cn



e 870 -

BOFEERFFM 20184E8 H, 39 %

AR E— 1R TR, WS A,
Bk, 2w LBAatte, FREMEE S
YIRPRE R K, it AIGRIRIFSY, HFAK
AR ARG R AL 5SFE T A I A DG
YA Z5CHE , FE I B  JS S2  2WE  AR, RT A
Bl A Fh S AL B B A e B R i i A
K, LEATHRAE . YRR EE R A )2 B A DG
BT/ (8K ) BifiE S5ikit. 52
Y0 s R A U R o T A R G A
A LERHERIR BN A . PRI RASEE PRI ) hE
A RS R S R AR A i . R,
A DA 25080 UK R P A2 S 25t A
Wi, BEARSHE T FAEY S, AR SO
TEH—R N TS EE (artificial intelligence ) £/ ARIK
RN R IR, R AR s X
T S,

1 HYHENET: NUABIAZOBEERE
fifs 15

>

N TR REHAZ A5 7] FH T 0 A A LW 2
B, N TR CHEORC RSN T A
T g A R A B R R G A W I AR
Hro SR, AN TR BEEAR I AU IR
FB, FOHE s R BT Y- ok, (A3
e IAN TR BER AR TER UL I M EAE .
Cell Je H [ A& R A ST R ahE 2 P 3% ( The
Cancer Genome Atlas, TCGA ) A Pan-cancer Z3#T
(1 R YR e — LR f], XSl TR
ot e A 2 2R R 0 TR R I T REAH DG AR
i, IR AT IR AR S S AR N, HRUR
N TEReH AR C RG22 5m r An A

HAN, AT RN TR e 2 40 v 2 Sk
M AR IHHL A . HARIES AP (natural language
processing, NLP) HiARE N TR AR —157
X, NTEBRRORTERE Sz i by AT
D7), T T R SCERAAZ AR e N TR BB EOR HL 2
Gy ik M — AN s . WRTITE, $AUR S
Tor A2, AU SCRER A —E
RER BRI SERTHE s BEAh, DR S RIS JR 22
YIS, AHAS TSR B, N TR
AR H T 2592 A T4 1 8 FH RNV b

T 25 YA R 3 S OE AR — Y DU AR

¥ils (target-centric ) AR [n) 2 A 3 7 7 1k
( phenotypic-screening ) MBI, L5254
R VB SCNZG, (BRI R — G RS,
BB T R R AR AT BRI AR IR R A . R
PIARARJE R o Wl T R G A Wi Ak 5 EAT &
SR, IR 25 e e A btk . R
PR 1 R IR AL AT T, S SN BB, dnfe
IRIREFERE ( Alzheimer disease, AD ) EAWNA
BRI . TERXPPIEALT , RS R A
5 T8 AT 25 ) 0T e B oA B A7 1) A AR SR T B Y
SRR, MG e S A AN DA S 4 R S
FAMLH] ( mechanism of action, MoA ) MITHAL T,
TR H R TESE (phenotype data ) #7259
ATHEE AR T B R IREEFN /NG RT3 A i 1Y) 3R
AL, IZ 55 XZ0R AT B B AR TE 2 e, T
PRl WA, /Ny s b B T80
AR, i e xR R (inver-dock )
2% 2532 (network pharmacology ) 17772 ¥l
TN F RIS AR . 2011—2015 4F, AN F]
P2 R et A2 W, LR FH R AU 0 1B S ek 3
17259 i 8 1 3 R 3R v T DA f o A0 Y T 38
R

FIT T Ak & W B 40 e P A5 8 A0 AT 24 W) T ak
) Imagenome A T /2 3R 7Y i % 1) — Fp 44
W, X HEARBRNCHEGR . ARG, 1T
DL T4 i R 0 7 SR A SR R iR AT 25 W e AT
il B R A X AR SE T T & 19 Connective
Map H0¥ e 2288 A ™. 2011 £ E Sci
Transl Med %<k 3% T 35 BN K5 1H 4 1L 43
KB AR B T T K Atul Butte [T
P, BRIV Rg 2y 0 2 R 2 1% 5 3k O 3k — b
PO B 25 P K T, IR AT T RS R
DI IE , 1% 259 W] IR 97 B /N 41 i i e
2R LA, B r R S R IR R 2 it & i —
A A

bR 2R B L AR JACS Mg i,
YR ) R SRR — SRR B S T 45 245)
BT SERl T B R G Y R AR Aok
HYW R R NG 2R ZTRNARS TR,
T LA K iE il a2 2 . R 2 B s
MG ERAE S, X SR, N TR
BN KAER



S8 X m. ANLEBESAMITE

° 871 -

2 RMBEARIEHER: B AT EBERARHMIE TR
ZHE?

N T3 RERL R TR 25 W F & 403k i 1 FH 4[] A
TAIAT St PAL B | BRI PR . 45 PP a2 )
L, AR SCH SN TE 25 Y i A s N T A A
X T AR ICFEAS A [P &, i A TR e,
FHJEIRE 2> (deep learning ) FEAVH T E K
EARICFEARVEIT ISR, XFRICEEAR BT R AR & o
AP EEMAYIE RN HZ 5T, bnidkEA
(9 3R OO T S0k & R AR AL 30 iE , AR
o DRI 2R I TE W I 2 U S T b ) N 3 =
SRR ) R p R R I, 5 L R R TR B 2 2T 1Y
B )25 R RARIE B X UG X FIIRZRFE (low-
level feature ) MUFEASHEATRIE 2 . il )Z M
ghepo], URBESE ) EORTT A gl2E S USRI = )2 4
fE (high-level feature ) , 7E—EFEEE Bkkfe T A
T THHE TR ( feature engineering ) HYMHE, [F]
B}, ImageNet 5 KU bR T G B e TR
S SRR R R SRR AL T AT RE AN RS R T

TR 2 )RRV AT LA H T BLEMG rbr, 1]
HEARXT A, H B AT H SR B 27 > i R ik
F AT LA FRES T R K, R B R e T
(1) e o a4 i 2R EHR N T AR e A A R dile
Z, EERZAkRE 22, (2) FAREOR SRR
(1) T 25 R tife = 28— (A ST IR B 4 LA KA 30
TN PRIE;  (3) FERRIRY T ksiit b, %
TR RN FRENR AR, IF B ASGE S5
HIR

Y SRR ERE A PRI R, (H 59
HEUR SRR 20 (1) 2590 & SR 2
R L, BEA ml s 2R s, &SRR
RUECE (40 Tmage ) FISCAREE, &0 25
A1 S S AT LR R — B IR M AS R A A
MR (2) NTRREBORI A R EHIEMMESEY
KREEAYNGR )/ AR A 2] R S dmesy: > el Az |
Yann LeCun JEG2 b Fom A1 FHARE W Er 2 2 6 R e Johr
WOHEAS TR AN TR XS EIK7
MsmAbaE > e AR RRAPERE .

b E BR A B b AR A R T S B R e AR
VBN ST T — 22 58 A7 80 3 T = 4 B0l /A
(FLEJEPAREA ) PR HE S bR i ey 75

AR R RIS IR ) (U] . 241552
L CEWEAEIAE ) | MEARSE S (one/few-shot
learning ) . FFEAR2Z>] ( zero-shot learning ) %
WL T2 R, ABINEE TR . 2
552020 L 2 WB a2 ) S/ INREAS /55 W B 5 2 O ik
FE 25 BT 1 N2 & 25 T Uk A 7 T — 3 /Y
PREAZA, WiHAR K% Altae-Tran 5T i
SR H/INEAR S SR ANEAR 25 R (low
data drug discovery ) ; iRk~ S H T/
T4 BT R T AR 2T A sk Hh T
]/ IMEAS A T A 23 220K
N X 6 W =R W 1) PR R — R R LR

FEARYINZR, AR 2 B 56 T (A SR A9 28 LU R AT i 472
>J . DeepMind /s A EiTE Nat Neurosci k3
W SCIR T K anfol 72 /b i iy 2295 R b 472420, |

“Ju%>]”  (meta-learning ) B “2F>) Qifa]~=>)"
(learning to learn ) , X} T JG2% > A5 1 B AR
Sk EE A R E Rz —, 2018 4F 3 A
K, Nature 3% T 3T N TR GeEAT25915 5 Wi
LI TAE, E2%E T AlphaGo HYEAR, i
AlphaGo Z J& 1Y) AlphaGo zero WA SE ) 1 AN 2
WAGINFEA BRI, TR0 A S s
A R ARAE A A

SNII=PaD O Ay at = % NN R F 4 B N =

Wi 25 Wi e vh e FH N T8 R AR A B g i B 2
B, HFRMTE: (1) 49tk E—1PRKeEZHE
ZIA MBI LN 5, 2B TR R
L, [A] I AT DL YRR AR AS YR A /A [ R
(2) /INFEAR S I A Je i N TR REH AR A Je iy o
BT, ARG AT A S T REAE 25 T A S,
T

3 HYIERA+ ATIEEE: NEIEEISTEE SIx?

25t A 1) B B BOERAA Z2 AR TR Ok A
HoR, & ARSI, AT e T
TEYIT R &2 (X BARE LR E, /)
O FUREE . Bt A, UES TR VAR A 5 R H B
B ROFYBathE e, Aelikihiei
Ws ) o ARG AL B 25 Wy Bt R R B0 ) T
DL SR S5 A5 B oAz O AU Bt
SR E BRI Z (quantitative structure-activity
relationship, QSAR) fBIAGHEE | FLTFL54 1Y i



e 872 -

BOFEERFFM 20184E8 H, 39 %

TR L (virtual screening ) 45, M A TEREH ARE
2Bk DU SO R WAL Ge bl X, T X TR
i 2L SEERESE, AR R TR H
JE LA A BB 1Y

gi brid, N TR BEH AR LT 5 25 it &
SCISHIRI T A LR . 2 TR G B 25 R
VIC 2, B “vC (KR4 ) +1P (HIHR™
) +CRO (WF&RSML) 7, HALAT LA 54k
— g, B “Virtual (L) +IP CHER™H) +
Capital (B5A%) 7 o ARMZYIWTE L ATTEZE A A
AFVAB =AU, ARSI R0 A 5 KRR B
PE . NTHERefk, AL 25 i 25 454
febn, BORRREEREIRMOR, i P lUR il A2y
(/NG Tt AR S B8 AR RIS E , 948 250t &
BAS, 4550 25 A T

S AXNERE TAHHRZT 2017 £
5 AfERIRS FMEARE K ROMERTH, BHE
Bk, BRETAN “ATERSEE" L7,

[Z % X #f]

[1] BAILEY M H, TOKHEIM C, PORTA-PARDO E,
SENGUPTA S, BERTRAND D, WEERASINGHE A, et
al. Comprehensive characterization of cancer driver genes
and mutations[J]. Cell, 2018, 173: 371-385.

[2] WAY G P, SANCHEZ-VEGA F, LA K, ARMENIA 7,
CHATILA W K, LUNA A, et al. Machine learning detects
pan-cancer Ras pathway activation in the Cancer Genome
Atlas[J]. Cell Rep, 2018, 23: 172-180.

[3] HAASEN D, SCHOPFER U, ANTCZAK C, GUY
C, FUCHS F, SELZER P. How phenotypic screening
influenced drug discovery: lessons from five years of
practice[J]. Assay Drug Dev Technol, 2017, 15: 239-246.

[4] LAMB J, CRAWFORD E D, PECK D, MODELL J
W, BLAT I C, WROBEL M J, et al. The Connectivity
Map: using gene-expression signatures to connect small

molecules, genes, and disease[J]. Science, 2006, 313:

(9]

[10]

[11]

[12]

1929-1935.
SIROTA M, DUDLEY J T, KIM J, CHIANG A
P, MORGAN A A, SWEET-CORDERO A, et al.
Discovery and preclinical validation of drug indications
using compendia of public gene expression data[J/
OL]. Sci Transl Med, 2011, 3: 96ra77. doi: 10.1126/
scitranslmed.3001318.
PEI J, YIN N, MA X, LAI L. Systems biology brings
new dimensions for structure-based drug design[J]. ] Am
Chem Soc, 2014, 136: 11556-11565.
LIU R, YU X, LIU X, XU D, ATHARA K, CHEN L.
Identifying critical transitions of complex diseases based
on a single sample[J]. Bioinformatics, 2014, 30: 1579-
1586.
SUN Y, SHENG Z, MA C, TANG K, ZHU R, WU Z, et
al. Combining genomic and network characteristics for
extended capability in predicting synergistic drugs for
cancer[J/OL]. Nat Commun, 2015, 6: 8481. doi: 10.1038/
ncomms9481.
LIU Q, ZHOU H, LIU L, CHEN X, ZHU R, CAO Z.
Multi-target QSAR modelling in the analysis and design
of HIV-HCV co-inhibitors: an in-silico study[J/OL].
BMC Bioinformatics, 2011, 12: 294. doi: 10.1186/1471-
2105-12-294.
ALTAE-TRAN H, RAMSUNDAR B, PAPPU A S,
PANDE V. Low data drug discovery with one-shot
learning[J]. ACS Cent Sci, 2017, 3: 283-293.
OLIVECRONA M, BLASCHKE T, ENGKVIST O,
CHEN H. Molecular de-novo design through deep
reinforcement learning[J/OL]. J Cheminform, 2017, 9:
48. doi: 10.1186/s13321-017-0235-x.
WANG J X, KURTH-NELSON Z, KUMARAN D,
TIRUMALA D, SOYER H, LEIBO J Z, et al, Prefrontal
cortex as a meta-reinforcement learning system[J]. Nat
Neurosci, 2018, 21: 860-868.
SEGLER M H S, PREUSS M, WALLER M P. Planning
chemical syntheses with deep neural networks and
symbolic AI[J]. Nature, 2018, 555: 604-610.
(A3 48]

i 47



