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Abstract: Aging is a highly complex biological process driven by the progressive accumulation of cellular damage, ultimately
leading to functional decline and increased susceptibility to chronic diseases. As aging increases the risk of most chronic
diseases, it involves changes across many biological systems that may not be adequately treated with the traditional “one
disease-one target-one drug” strategy. These conventional approaches are not only time-consuming and costly but also
difficult to capture the complex, interconnected biological changes that occur during aging. Recent advances in high-
throughput multi-omics technologies, including genomics, transcriptomics, proteomics, epigenomics, and metabolomics, have
enabled the study of aging from a systems perspective. By integrating these large-scale datasets, researchers have gained more
profound insights into aging-related molecular pathways and regulatory networks. This progress has also enabled the
development of aging clocks, such as Horvath, PhenoAge, and GrimAge, which use molecular features to estimate biological
age and assess the effects of anti-aging interventions. In parallel, artificial intelligence (AI) has emerged as a transformative
force in anti-aging drug discovery by enabling efficient integration, interpretation, and prediction across complex biological
datasets. This review summarizes three major Al-driven strategies. First, Al-enabled drug repositioning leverages
transcriptomic perturbation signatures, exemplified by platforms such as the Connectivity Map, to identify novel approved
compounds against aging, including lifespan-extending natural products such as oridonin. Second, Al-powered virtual
screening approaches that integrate molecular docking, machine learning, and graph neural networks have accelerated the
identification of novel senolytics, including compounds with superior potency compared to first-generation agents. Third,
generative Al models, such as variational autoencoders, generative adversarial networks, and Transformer-based
architectures, have enabled the de novo design of drug-like molecules optimized for aging-related targets, as exemplified
by the Al-assisted discovery of the TNIK inhibitor INSO18 055. Despite these advances, several challenges remain, including
differences between omics datasets, limited interpretability of deep learning models, and difficulties in translating findings
from animal models to humans. Future progress will require more interpretable AI methods, personalized multi-omics aging
clocks, and greater use of human-related experimental systems and real-world clinical data. Together, the integration of Al
and multi-omics technologies provides a strong foundation for precision anti-aging medicine discovery and offers new
opportunities to advance translational aging research.
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Figure 1 Construction of aging clocks driven by multi-omics integration and artificial intelligence

Multi-layered omics data, encompassing genomics, transcriptomics, proteomics, epigenomics, and metabolomics, are preprocessed
and feature-extracted prior to integrative analysis. Leveraging Al-driven approaches, machine learning, and deep learning

architectures, pattern recognition and feature modeling are deployed to construct aging clocks that facilitate precise prediction of

disease susceptibility and functional decline.
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I 12 4 Aok s 5 A ST IR B A T, P s Pl /K
DFBRIR (AD) /NI D BE ST SR s B AE >

SRy, N TR REEARM G AA N 25 &
AL TR AT BEE . ZhuZE SR T R TR
27 > 2530700 2 45 (deep learning-based efficacy
prediction system, DLEPS) , Syt B I 55 9500
5N RE T AR . DLEPSHRE A F TR B
LR/ N T B A S FRHIE 5 LINCS L1000%X
I 26 B B Sr 2L BCHE A L A 7 OGS 1 ke i
275 T R SRR AR AL RS BE T (= 0.74) . BF
ST, I FIDLEPS R SR 7E AL IHE L IR IFR S Ak A
JI D P I 58 v BB AR N 3 S B B0 AIE 1SR T AT
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Figure 2 Al-driven strategies for anti-aging drug discovery

Application paradigms of artificial intelligence in anti-aging drug development: drug repurposing, virtual screening, and generative Al.
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T DrugReAligntESE , IZHEZEH F KIE F 1R (large
language model, LLM )= ] K i 244 55 80 25 OCHA
B IS E A AFR T ORIE 258 S A
A FAE S5 T H0 o] 58 5 B AR 8 A BAEH
BOIEAE 259 , 138 1 0 F X AR B0 E F0m 25 S A9
HERRTE . BF2E 45 5 B, DrugReAlignfE 259§ & i
Ry T PR e T AR G R R ) BE R (i
TransformerCPI2.0) ., IA), W58 A BALIPARP1 A4k
FHERR , R FH 5T GPT-4Y DrugReAlignHEZL Fitl 1
) S N i 1 25 ) —— K DR Z AR AR VD e,
FEGT XA B)) 1 2R 5L 00 rh 4 e 0 4 v 45

BRE . X LB UESE T A ARIE T AR 2y
WA TP AcE . TR R, S TAL
BT A8 8 43 7 I R LI035 v 174 B B 28 0] 36
80%~90% , 75 H HAE 24549 2% B iy Rk g 18
A, 5T ATRYRRAE BN 2R Se R AT 455 KR =ik
BV R IIA TR0
3.2 EmIE

U % (virtual screening, VS) & —Fh L TiT
AUV 73 TR R 5 P A rh 0 v
TEWYE T SR AR YR S A B EIRE ST . %4
RBP4/ M BE AL S PR R, AT 2 2540
RIEZRTFREAR TSI A o FE DL e 38 A 5 O
B R AL G AR R A Ik e ik
AW BN 125 S 8050 B DL KA 22 5L 58 58
TENY . MR R [R] , U0 1 T 20 R i T RE ARG
R FUA7 TE R T2 ) 1) AU o 6 T O AR R 4L
e A BAT A S A A Ak R i A & el g
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B A RS, AL 25 RAT R E B
PR R S5 A AR ALY 23 B, 000 A & 0 0 A0
PELO2 T T 45 A 1) R OO 08 DU 7 7 AL 5 ) %
b B SCHE T, HAHOBE 2 —4ES5 M5 R,
I oy TR O3Bl R K A R AR T
IS G ) S S RS AT Y2,
KRGS J , TS5 R 0 M ADL I 1B T Ry 24
BRI . (AT AR, Y Rl i
SR AR AR E AW SR G B R & A
LR ESCHE B, R WA 5 Ik 25 Al I Re g i — 2D 4
i 225 SR Ay ] e S A O

H AT, MEADLIT 18 C 7R B0 28 SR DS 25 1 it
SRz DLEARSEBIKT , Hernandez-
Silva L0 Mg 3L T i (A5 3 T 32 A (4 1 0L 156 7 v
FHSS G, \DrugBank 54 28 Hh i H 20 P 22 i
M ZHRAE Y, IEAEBE S BRI A ot 2
ROR . WIS R s, 8Tl A2 P B A e A 2 4
b 5 R e BE AL, I 5 i b i 30 ik il
(telomerase reverse transcriptase , TERT) H.A7 = 3 fll
Jo Horp  BEAEER W3 K K R T I K B B
Hyfn F i, T2 3 S e KRS e 0 3 2 e
S BE E 0 A PN T PR AR i A T AR R
HEABENILR MBI AIEN . LA, Wong
2[00I FH 2 M0 58 2 2590 (senolytics ) 4544 5 1% M4k
PRI 22 X 2% (graph neural network , GNN )
R I TR 1 807 ANk G kA 1 i M T
M, BTN E H—HE B 1 senolytics 1% P4 18T 43
To JRBESIE RN X AR S AR BB AN
L TE S senolytics254) .

TEAH 2B A THERR 25 T 5 7 T , Bajdas 7 LA
JOFL i s i Ay A 51, R P R T 45 0 1 B 4OL 7 226 7 7k D
AR PKPRAE H3 32 R FC 1A P Hh e VA T T 7R O T R
WEW . SR BR,26MEE G YIXT £ IR R
it AT TR A RS T AT B S 1, b A AR A S
V7 AR B 7 I DL S S H3SZ AR S5 6 2 ] 3R
R AP, o AR 28 U A i T
J1. B4, Daidone s O i iof #4523k PR R AN 531
XTSRS , NZINCEE e i 8 H 15 Mk b 5 11 LA
PEAG TSR 4 2006 (PD) BISTES T AL . 4R BoR,
Hoy b5 Waets s 6 N2 LR M (dopa
decarboxylase, DDC) BT 1AV 1, HeH e A 30250 1
S % 4 (K1) 500 nmol/L, AT 4 A8 DD CHI ]

FIE e A E Y, H HPDZS YT R P 4L T BB I
3.3 ERAATERE

biE N TR REEE STHARE I K g, B TR EE
2 ) WA B D SR e AT A4 SR R, B
RGP RS . DIAR U T4 HE (generative
AL) A% 29 J2 IR WS MRTR B AR ABE A (deep
generative models, DGMs ) IS EE , 7R ) K i 345
LA RSTE b7 ooy €7 OB~ 8 i M - e R a e T FI B 720
SRR AR OCHE A, S Y e MBRAT AL B2
() “FEm LA 1) A b2 2s [ “ B R R, DA
17T T8 5 0 2 0T R B L (AR S I
o2, A I 228 s AU (generative pre-trained
transformer, GPT) & B R “AE B Ak 27 1 B B 2H B
i, Ha e R II 25 5 AhLEoke s 7 e 1
FEAE WA R YR BB A W2 DR /N 4
¥, I3ESN T de novosy 25t i &

TE 2 Fh G RE A BB A, AR Sy [ g Y 2
(variational autoencoders, VAEs) £l sl %t 4t /9 2%
(generative adversarial networks, GANs ) & LR
PRI T . VAESHEERLIE i+ G i 2565 0 - 4544
WS 28 3 S R TR A 5 ), P F A B 2 P 7 [ i i
R HAR Sy  254 , AT A s R AR DL ELME B AR Y
FT L GANSHER I i Az -5 0 1 2 22 (1]
AIXTPT ISR ARWrE A o+ 5 B F o A iy
— e, I AR AT A KRR M T o T2
Ab, PR R L K Transformer 2244 55 7 ik g1z
N T FHE AT S X SRR AT BT R fk o+
2 M Hi AMLYVE (simplified molecular input line entry
system, SMILES ) 5 73 F [l 45 #4 # 17 2 i1 5 fif%
f5% 1), HAATT R, 3T Transformer 2244 ) A iR 70
WRAE AT AL, REAEAE T 91 2 T8 X 3 o i
ram i, B SMILES ik Uy —Fh 1k
ST ARBITESE ) 53 TP AN SRR 43 A i
o MBS R Z R SR G R IR BRI
HEB LT 51 B3 MR G 5 B Ak A 74
HH AL G 28 W45, Transformer7E 1471155 6E
71 5 KA HA Ty T B W L, AR 8 7
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A —E B E AR 77 SR, TG
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BE - Gt 298, iR S AR A2 R
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S A G RE R S5 R, NI ZE RIS b 58k
1L G B TR C A5 e BRI, S B s
WAL 2SR TR AR R o U HAE = 4ER A il 2
P LA SRCEARE 7 T, B IO A Jre R A 1Y) R A g
ERAEREE . T ik SEREARY AR RN AT SRR
TR TR R RS T o 7 A e 2
FEPE ST P PR Dy TR B 2 3, S de novo
25 R AR T OGRS

Az N T BETE BT 6 28 A S0 24 ) % 30
T A B, HrPINS018_05501 & BT ¥ A A=
JCECATN ) AR A . e A P I 2T 4R A — AP A
A3 PR) B P R L R AR T 608 LA AHE,
PR RO R N F . 20254F, Ren5 78 7]
FN TR REAE Y i & IF-f5 PandaOmics , 3 12 %%
G L2 H BRI H TNIK (Traf2- and Nck-
interacting kinase ) A UK 47 & VLT A Ak Je 22 55 %
&M O B A% R L Bl S AT T BN T
GANSsH I Y A 1Ak °F & Chemistry 421 1T &
BT X TNTK 45 48 Bl /N 7 il 3, e ¢
i e B P 25 I INS 018055 , HIAEfAR Py 5286 rh ] i
EPRARIG LT AEACRE S PRI iR G . TR
7844 il 2 1 U G PR g b 2 25 Y R
T R RN K28 2R, D A N ATER
SR IT AR ME T . A, DiscoidinZ
¥ 3Z 41 (discoidin domain receptor 1,DDR1) &
— A R 52 A s S TR VK L 2 5 2T 4 Al i) o B
. ZhavoronkovZ: TIJF & T A sk R dR AL 2 o)
(generative tensorial reinforcement learning,
GENTRL) J5 %, ZEA B P4 A 8 I a] P s 2 st
JFE T PIAPDDR U5 . X 2e4b 5 R B
BB RUCRA) N R 254030 122, R 1 AR L
KATEPHE S B A ¥ T .

4 Al IRBNEYITERZ KR K Bm 2 M KB

41 MRZAYRI
240 0 55 2 — b e 22 el AR R SR R R

K 22175 T A e P 4 M B (5 RS e o 2
b R S T s 1) R R J v R PR OCERE .
1, B ] 97 IO o A B DA Dy 2 A 7 3 2 RN T
A DI RV A AR, REIE BRI B 2 A
JH B4 7N o3 - Ak B Wt Bk B8 B O 5 2 A LY IR R
(senolytics) . M ANBIFSE A Gt & 30 28 ML A 5 22 4 Y
W RFIA M kTR RS RIABT-263152,
AR, WAAAEIE A 0 2 0 SASP, {H 7R AN T B 4
[ T $2 T HE 9% 24 i 5 2 1 A 1 5 2 3R AR 1
(senomorphics) , 41— F UK -0 fEmaaz %1% /e
B0 F A T LA W TR (epigallocatechin
gallate, EGCG) ¥4 20234F, Smer-Barreto%s |88 /4%
G 2N IR B R IR I SR A% A 2T B
A g th 2 LA DU B2 . Horb BP9 3 A
TR R SCHR B 2588 s 7 — M 292 500
Pk & W BE B2 FH TS ALY 25 (b S8 & T
WRYIHIERA, KRE R AREA) . BifG B
P BAE HIRDK it T B A2 U AL 5 45 920014 2
b $5 R 4T (physicochemical descriptors) , Bk 2
SER AL A RRIE ) R R ISR 2 R 2Rl
2 )RR ANBEHLARAR (random forest) 34 ] AL
(support vector machine ) FlH% B2 6 & 2 T
(XGBoost) , R ZIEFEXGBoostH BITE 4L £ 4 3405
GBS oA A S D BN AT 43, T
02 R B v T ARE 23 (T A R P> 44% ) W fig
PeorF o Hp AR XGE A (ginkgetin) FTAIEE T
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UFSCRENS A 305 bR 2 NI T LA K AR5 S ) 41 i
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[l 22 W 2% ( graph neural networks , GNNs ) 4] # A5
AL 80T i INF AL S WIS TE DU 2 TG P
HEAT T RGN o 38 5 53 —F XA S i [R] 433
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FIABT-263 , 7 A8 B R AL g . e, T
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MU AT #E— 221 HE

AR A UL Tl 2 — il pl A B 45 4 B G 3 o
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B A U T o] O 1) 4 0 2 S R 3 R
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Toll##:3Z {44 (Toll-like receptor 4, TLR4) , Ffi# )
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YU PR B 2 R S i
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TR Y, Fo 2 o 25 AR A 3 2058 1 40 1)
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TR FTAIRE T O] SO YN R R T R 08 17 38
1 Na"/Ca> ML 3 I Ca™ P L , M 350 UL
A F1 o BRI UEAE R I R , AR /N FRUG ARR
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FRFE bR G 2235 | A 2 A1 /) SRS M IR 200 Jif 18, 44
718 H T 2 M S A T B B A LA VA E R A AR o
Sy FHLEIF T 2 A A W) ] 8 L S SRCTE 5
T 46V T G AR 200 B 458 5 R SR MR, AT i
EMER AL N REIR L2, esh  FERShscge
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X AT AT 0] PRV T 2 g )
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T4 SRTAMBETFE AL, Je A I8 2 02 e 46
Na'/K'-ATPaseidi 14, # 40 M Na ¥k B, If-38 i
Na'/Ca> e e ML il 38 80 UL R F1 . LAk, B AT 1
FEFE AR X by 20 A EL AT e R A A 7
P, 32 EE i S B 40 VA T % P R A

FILO2900 b RS AR FIMIEE ATk T A
T 3 22 30 [ W ) R 4 o A R T R T AR R
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A A1 T 4 AT G 3 [ Rk K, B 46 pS3 p2 1 X
SASPAHICHEH , [F] B i I ¥ caspase-3 32 iR e ifF 3
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R8297) ) Ses g ABT-73750 40 e M I
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TR AN Mg 5 081000 52 S qp), ABT-263 7K A Bcl-2
G PR, T o 3 o T B A A A
o TEREZ M SIENIEH , ABT-263 1 2035 J2 JH 2
b G B LT A ALt AR, R s 1l T4
A3k Bl 10103 e AL |, Wong % 00 5E 1o 1A
o 2 [0 24 BT B 1 75 3 0 FE BT B AL B
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Bel-285 4, {HAE I B S 4y 11 ks ) o A 3k
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FHIEB-gal G Ak, I T J8p2 1 flp 1655 21 it J& 341
WA FRE, IR RM , Bel- 25 5
FR 3 ) A A PR TR AR, S T U
KIIRIRTT PR T RO
42 MEEBEXERAYEN

AD & —F BT () 52 A A 2R T ,
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driven drug efficacy predictor,PTD-DEP), T &%
P 0 e V8 2% 5 SR AD IR &0 . i e 4%
R R R AT REVE MBI T ADRISTEZY) . S5
SEOLRI AR R GRS I GER /B A
15, I AELE ) 7o PR T AN % . MLEIBFSE s, i
EFE LT 48 1 LB S EP300, A BMALL
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HENEUCE A0S0 . Zeng?G 12 R BREIE A5 Ak
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5T A MAMLAE S Z I C AT & 254, i8]
PE B SER AR HL DD BB 5 B o, S A
KA TR G . KK, AlS ZAFIRE
BAEAEEL T sy 225 g M .

— N7 FH R UL B AR A A 2 i s A B
JIEFREIY AR LR 4 A% G AR S0 52 55 FN Bl
AU IS [E] AR, 14 BE TN 245 ) 7 52 2 240 i I 5% v 1)
BEPE SVETERIVE T, DA 2 v 38 s 2 25
e

AT R P DNA W L RNAFL
S AL e a5 nT Bt B AR AL PR ARk

5o IR EAL H B e Al A, A A EkS
FEM 22 P O RE S UL SRR fa % A=
B P FH 3 XU T, 34 B 8 7S 1 1 R et
B

= BEE A NENAL R F B e A B4
25 5 AR DGR ST 25 B, AT ST
FRAYPREUETHLE , MR R TS E AR , e

IR ES S ANE RIS a2 R LiE 24
DL e 2 e AR A5 Z RS BRI A, S 2 i ik
CaRAL R =1y (A G Y T



63

WREIR], 45 2T AT REAS 22 1A SRS B 58 8 BTGB 254k 7 ke

1147

BRI, AT Z A A HOR BT BRI, AR
P e i R RO T RS TR Ao R
E T RIS S LS E T JEA

S Uk

(1]

[2]

(3]

(4]

[10]

[11]

[12]

[13]

Scott AJ, Ellison M, Sinclair DA. The economic value
of targeting aging. Nat Aging, 2021, 1: 616-23.
Pagiatakis C, Musolino E, Gornati R, et al. Epigenetics
of aging and disease: A brief overview. Aging Clin Exp
Res, 2021, 33: 737-45.

Han JD. An aging program at the systems level? Birth
Defects Res C Embryo Today, 2012, 96: 206-11.

Cai Y, Song W, Li J, et al. The landscape of aging. Sci
China Life Sci, 2022, 65: 2354-454.

Kroemer G, Maier AB, Cuervo AM, et al. From
geroscience to precision geromedicine: Understanding
and managing aging. Cell, 2025, 188: 2043-62.
Reddy AS, Zhang S. Polypharmacology: Drug
discovery for the future. Expert Rev Clin Pharmacol,
2013, 6: 41-7.

Dimasi JA, Grabowski HG, Hansen RW. Innovation in
the pharmaceutical industry: New estimates of R&D
costs. J Health Econ, 2016, 47: 20-33.

Wouters OJ, Mckee M, Luyten J. Estimated research
and development investment needed to bring a new
medicine to market, 2009-2018. JAMA, 2020, 323:
844-53.

Cummings SR, Kritchevsky SB. Endpoints for
geroscience clinical trials: Health outcomes, biomarkers,
and biologic age. Geroscience, 2022, 44: 2925-31.

Ji Q, Jiang X, Wang M, et al. Multimodal omics
approaches to aging and age-related diseases.
Phenomics, 2024, 4: 56-71.

Luo Y, Liu XY, Yang K, et al. Toward unified Al drug
discovery with multimodal knowledge. Health Data
Sci, 2024, 4: 0113.

Quan X, Cai W, Xi C, et al. AIMedGraph: A
comprehensive multi-relational knowledge graph for
precision medicine. Database (Oxford), 2023, 2023:
baad006.

Mottagqi M, Zhang P, Xie L. Integrating explainable
artificial intelligence with multiomics systems biology
and electronic health record data mining for personalized
drug repurposing in Alzheimer’s disease. Brief Bioinform,
2025, 26: bbaf623.

Lou P, Fang A, Zhao W, et al. Potential target
discovery and drug repurposing for coronaviruses:

Study involving a knowledge graph-based approach. J

[15]

[16]

[17]

(18]

[19]

(20]

[21]

[22]

(23]

(24]

[25]

[26]

[27]

(28]

[29]

[30]

Med Internet Res, 2023, 25: e45225.

Alshahrani M, Almansour A, Alkhaldi A, et al.
Combining biomedical knowledge graphs and text to
improve predictions for drug-target interactions and
drug-indications. Peer], 2022, 10: ¢13061.

Basilicata MG, Sommella E, Scisciola L, et al. Multi-
omics strategies to decode the molecular landscape of
cellular senescence. Ageing Res Rev, 2025, 111:
102824.

Yasen A, Aini A, Wang H, et al. Progress and
applications of single-cell sequencing techniques.
Infect Genet Evol, 2020, 80: 104198.

Bayer PE, Gill M, Danilevicz MF, et al. Producing
high-quality single nucleotide polymorphism data for
genome-wide association studies. Methods Mol Biol,
2022, 2481: 153-9.

Visscher PM, Brown MA, Mccarthy MI, et al. Five
years of GWAS discovery. Am J Hum Genet, 2012, 90:
7-24.

Willcox BJ, Donlon TA, He Q, et al. FOXO3A
genotype is strongly associated with human longevity.
Proc Natl Acad Sci U S A, 2008, 105: 13987-92.
Cheng C, Chen W, Jin H, et al. A review of single-cell
RNA-seq annotation, integration, and cell-cell
communication. Cells, 2023, 12: 1970.

Wang Y, Liu B, Zhao G, et al. Spatial transcriptomics:
Technologies, applications and experimental considerations.
Genomics, 2023, 115: 110671.

Tabula Muris Consortium. A single-cell transcriptomic
atlas characterizes ageing tissues in the mouse. Nature,
2020, 583: 590-5.

Hugo RLE, Birrell GW. Proteomics of anopheles
vectors of malaria. Trends Parasitol, 2018, 34: 961-81.
Li W, Shao C, Zhou H, et al. Multi-omics research
strategies in ischemic stroke: A multidimensional
perspective. Ageing Res Rev, 2022, 81: 101730.
Lehallier B, Gate D, Schaum N, et al. Undulating
changes in human plasma proteome profiles across the
lifespan. Nat Med, 2019, 25: 1843-50.

Basisty N, Kale A, Jeon OH, et al. A proteomic atlas of
senescence-associated secretomes for aging biomarker
development. PLoS Biol, 2020, 18: €3000599.

Wang KC, Chang HY. Epigenomics: Technologies and
applications. Circ Res, 2018, 122: 1191-9.

Ohishi H, Au Yeung WK. Recent advances in
methodologies of epigenomics. Epigenomics, 2026,
18: 117-35.

Horvath S. DNA methylation age of human tissues and
cell types. Genome Biol, 2013, 14: R115.



1148

E S

38%:

[31]

[32]

(33]

[34]

[35]

[36]

[37]

(38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

Yang QJ, Zhao JR, Hao J, et al. Serum and urine
metabolomics study reveals a distinct diagnostic model
for cancer cachexia. J Cachexia Sarcopenia Muscle,
2018, 9: 71-85.

An 'Y, Wang Q, Qiao P, et al. Unveiling the anti-aging
potential of 3HB: Lifespan extension and cellular
senescence delay. Nutrients, 2025, 17: 1647.

Clement J, Wong M, Poljak A, et al. The plasma NAD+
metabolome is dysregulated in "normal” aging.
Rejuvenation Res, 2019, 22: 121-30.

Bocklandt S, Lin W, Sehl ME, et al. Epigenetic
predictor of age. PLoS One, 2011, 6: e14821.

Menni C, Kastenmiiller G, Petersen AK, et al.
Metabolomic markers reveal novel pathways of ageing
and early development in human populations. Int J
Epidemiol, 2013, 42: 1111-9.

Peters MJ, Joehanes R, Pilling LC, et al. The
transcriptional landscape of age in human peripheral
blood. Nat Commun, 2015, 6: 8570.

Tanaka T, Biancotto A, Moaddel R, et al. Plasma
proteomic signature of age in healthy humans. Aging
Cell, 2018, 17: ¢12799.

Mamoshina P, Volosnikova M, Ozerov IV, et al.
Machine learning on human muscle transcriptomic
data for biomarker discovery and tissue-specific
drug target identification. Front Genet, 2018, 9:
242.

Hannum G, Guinney J, Zhao L, et al. Genome-wide
methylation profiles reveal quantitative views of
human aging rates. Mol Cell, 2013, 49: 359-67.
Levine ME, Lu AT, Quach A, et al. An epigenetic
biomarker of aging for lifespan and healthspan. Aging
(Albany NY), 2018, 10: 573-91.

Lu AT, Quach A, Wilson JG, et al. DNA methylation
GrimAge strongly predicts lifespan and healthspan.
Aging (Albany NY), 2019, 11: 303-27.

Oh HS, Rutledge J, Nachun D, et al. Organ aging
signatures in the plasma proteome track health and
disease. Nature, 2023, 624: 164-72.

Lu AT, Fei Z, Haghani A, et al. Universal DNA
methylation age across mammalian tissues. Nat Aging,
2023, 3: 1144-66.

Li W, Zhang Z, Kumar S, et al. Single-cell immune
aging clocks reveal inter-individual heterogeneity
during infection and vaccination. Nat Aging, 2025, 5:
607-21.

Chen Q, Dwaraka VB, Carreras-Gallo N, et al.
OMICmAge: An integrative multi-omics approach to

quantify biological age with electronic medical records.

[46]

[47]

(48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

(58]

[59]

[60]

bioRxiv, 2023. doi: 10.1101/2023.10.16.562114.

Ying K, Liu H, Tarkhov AE, et al. Causality-enriched
epigenetic age uncouples damage and adaptation. Nat
Aging, 2024, 4: 231-46.

Chen J, Leung GHD, Leung H, et al. From clock to
clock: Therapeutic target discovery for aging and age-
related diseases. Ageing Res Rev, 2025, 112: 102871.
Kriukov D, Efimov E, Gelfand MS, et al. Do we
actually need aging clocks? NPJ Aging, 2025, 12: 15.
Liu Z, Fang H, Reagan K, et al. In silico drug
repositioning: What we need to know. Drug Discov
Today, 2013, 18: 110-5.

Jourdan JP, Bureau R, Rochais C, et al. Drug
repositioning: A brief overview. J Pharm Pharmacol,
2020, 72: 1145-51.

Rothwell PM, Fowkes FG, Belch JF, et al. Effect of
daily aspirin on long-term risk of death due to cancer:
Analysis of individual patient data from randomised
trials. Lancet, 2011, 377: 31-41.

Lamb J, Crawford ED, Peck D, et al. The Connectivity
Map: Using gene-expression signatures to connect
small molecules, genes, and disease. Science, 2006,
313: 1929-35.

An Y, Zhu J, Wang X, et al. Oridonin delays aging
through the AKT signaling pathway. Front Pharmacol,
2022, 13: 888247.

Li Y, Pereda Serras C, Blumenfeld J, et al. Cell-type-
directed network-correcting combination therapy for
Alzheimer’s disease. Cell, 2025, 188: 5516-34.e18.
Zhu J, Wang J, Wang X, et al. Prediction of drug
efficacy from transcriptional profiles with deep learning.
Nat Biotechnol, 2021, 39: 1444-52.

Zhu J, An Y, Wang X, et al. The natural product
rotundic acid treats both aging and obesity by
inhibiting PTP1B. Life Med, 2022, 1: 372-86.

Wei J, Zhuo L, Fu X, et al. DrugReAlign: A
multisource prompt framework for drug repurposing
based on large language models. BMC Biol, 2024,
22: 226.

Kp Jayatunga M, Ayers M, Bruens L, et al. How
successful are Al-discovered drugs in clinical trials? A
first analysis and emerging lessons. Drug Discov
Today, 2024, 29: 104009.

Qi X, Zhao L, Tian C, et al. Predicting transcriptional
responses to novel chemical perturbations using deep
generative model for drug discovery. Nat Commun,
2024, 15: 9256.

Tong X, Qu N, Kong X, et al. Deep representation

learning of chemical-induced transcriptional profile for



WREIR], 45 2T AT REAS 22 1A SRS B 58 8 BTGB 254k 7 ke

1149

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

(73]

phenotype-based drug discovery. Nat Commun, 2024,
15: 5378.

Li Q,Ma Z, Qin S, et al. Virtual screening-based drug
development for the treatment of nervous system
diseases. Curr Neuropharmacol, 2023, 21: 2447-64.
Yan X, Liao C, Liu Z, et al. Chemical structure
similarity search for ligand-based virtual screening:
Methods and computational resources. Curr Drug
Targets, 2016, 17: 1580-5.

Ferreira LG, Dos Santos RN, Oliva G, et al. Molecular
docking and structure-based drug design strategies.
Molecules, 2015, 20: 13384-421.

Sepehri B, Ghavami R. The identification of new
ATAD?2 bromodomain inhibitors: The application of
combined ligand and structure-based virtual screening.
SAR QSAR Environ Res, 2017, 28: 957-71.
Hernandez-Silva D, Cabello C, Cayuela ML, et al.
Synergizing virtual screening and zebrafish models to
identify resveratrol-derived antiaging polyphenols.
Pharmaceuticals (Basel), 2025, 18: 1630.

Wong F, Omori S, Donghia NM, et al. Discovering
small-molecule senolytics with deep neural networks.
Nat Aging, 2023, 3: 734-50.

Bajda M, Lazewska D, Godyn J, et al. Search for new
multi-target compounds against Alzheimer's disease
among histamine H3 receptor ligands. Eur J Med
Chem, 2020, 185: 111785.

Daidone F, Montioli R, Paiardini A, et al. Identification
by virtual screening and in vitro testing of human
DOPA decarboxylase inhibitors. PLoS One, 2012, 7:
e31610.

Cerchia C, Lavecchia A. New avenues in artificial-
intelligence-assisted drug discovery. Drug Discov
Today, 2023, 28: 103516.

Gangwal A, Lavecchia A. Unleashing the power of
generative Al in drug discovery. Drug Discov Today,
2024, 29: 103992.

Gomez-Bombarelli R, Wei JN, Duvenaud D, et al.
Automatic chemical design using a data-driven
continuous representation of molecules. ACS Cent
Sci, 2018, 4: 268-76.

Méndez-Lucio O, Baillif B, Clevert DA, et al. De novo
generation of hit-like molecules from gene expression
signatures using artificial intelligence. Nat Commun,
2020, 11: 10.

David L, Thakkar A, Mercado R, et al. Molecular
representations in Al-driven drug discovery: A
review and practical guide. J Cheminform, 2020,
12: 56.

[74]

[75]

[76]

[77]

(78]

[79]

(80]

[81]

(82]

(83]

[84]

(85]

(86]

(87]

[88]

Zhang Y, Liu C, Liu M, et al. Attention is all you need:
Utilizing attention in Al-enabled drug discovery. Brief
Bioinform, 2023, 25: bbad467.

Schwaller P, Laino T, Gaudin T, et al. Molecular
transformer: A model for uncertainty-calibrated
chemical reaction prediction. ACS Cent Sci, 2019, 5:
1572-83.

Khader F, Miiller-Franzes G, Tayebi Arasteh S, et al.
Denoising diffusion probabilistic models for 3D
medical image generation. Sci Rep, 2023, 13: 7303.
Morehead A, Cheng J. Geometry-complete diffusion
for 3D molecule generation and optimization. Commun
Chem, 2024 , 7: 150.

Ren F, Aliper A, Chen J, et al. A small-molecule TNIK
inhibitor targets fibrosis in preclinical and clinical
models. Nat Biotechnol, 2025, 43: 63-75.
Zhavoronkov A, Ivanenkov YA, Aliper A, et al.
Deep learning enables rapid identification of potent
DDRI1 kinase inhibitors. Nat Biotechnol, 2019, 37:
1038-40.

Zhu Y, Tchkonia T, Pirtskhalava T, et al. The Achilles’
heel of senescent cells: From transcriptome to senolytic
drugs. Aging Cell, 2015, 14: 644-58.

Wissler Gerdes EO, Zhu Y, Tchkonia T, et al.
Discovery, development, and future application of
senolytics: Theories and predictions. FEBS J, 2020,
287: 2418-27.

Yosef R, Pilpel N, Tokarsky-Amiel R, et al. Directed
elimination of senescent cells by inhibition of BCL-W
and BCL-XL. Nat Commun, 2016, 7: 11190.
Moiseeva O, Deschénes-Simard X, ST-Germain E, et
al. Metformin inhibits the senescence-associated
secretory phenotype by interfering with IKK/NF-xB
activation. Aging Cell, 2013, 12: 489-98.

Fang J, Yang J, Wu X, et al. Metformin alleviates
human cellular aging by upregulating the endoplasmic
reticulum glutathione peroxidase 7. Aging Cell, 2018,
17: e12765.

Selvarani R, Mohammed S, Richardson A. Effect of
rapamycin on aging and age-related diseases-past and
future. Geroscience, 2021, 43: 1135-58.

Dang Y, An Y, He J, et al. Berberine ameliorates
cellular senescence and extends the lifespan of mice
via regulating pl6 and cyclin protein expression.
Aging Cell, 2020, 19: ¢13060.

Huang B, Zhong D, Zhu J, et al. Inhibition of histone
acetyltransferase GCN5 extends lifespan in both yeast
and human cell lines. Aging Cell, 2020, 19: ¢13129.
Smer-Barreto V, Quintanilla A, Elliott RJR, et al.



1150

E S

38%:

[91]

[92]

(93]

[94]

[95]

[96]

[97]

(98]

[99]

[100]

[101]

Discovery of senolytics using machine learning. Nat
Commun, 2023, 14: 3445.

Liu Y, Ye J, Fan Z, et al. Ginkgetin alleviates
inflammation and senescence by targeting STING.
Adv Sci (Weinh), 2025, 12: ¢2407222.

Javali PS, Kumar A, Sarkar S, et al. Next-gen
senotherapeutics: AI/ML-driven strategies for aging
and age-related disorders. Adv Pharmacol, 2025, 104:
87-119.

Meimei C, Fei Z, Wen X, et al. Taxus chinensis
(Pilg.) Rehder fruit attenuates aging behaviors and
neuroinflammation by inhibiting microglia activation
via TLR4/NF-kB/NLRP3 pathway. J Ethnopharmacol,
2025, 337: 118943.

Wang H, Zou Z, Wan L, et al. Periplocin ameliorates
mouse age-related meibomian gland dysfunction
through up-regulation of Na/K-ATPase via SRC
pathway. Biomed Pharmacother, 2022, 146:
112487.

Kim EC, Kim JR. Senotherapeutics: Emerging strategy
for healthy aging and age-related disease. BMB Rep,
2019, 52: 47-55.

Xie G, Sun L, Li Y, et al. Periplocin inhibits the
growth of pancreatic cancer by inducing apoptosis
via AMPK-mTOR signaling. Cancer Med, 2021, 10:
325-36.

Pan L, Zhang Y, Zhao W, et al. The cardiac glycoside
oleandrin induces apoptosis in human colon cancer
cells via the mitochondrial pathway. Cancer Chemother
Pharmacol, 2017, 80: 91-100.

Huang X, Yan L, Zhao X, et al. Oleandrin promotes
apoptosis in an autophagy-dependent manner in
gastric cancer. Front Biosci (Landmark Ed), 2025,
30: 26608.

Birch J, Gil J. Blunting senescence boosts liver
regeneration. Genes Dev, 2020, 34: 463—4.

Ritschka B, Knauer-Meyer T, Gongalves DS, et al. The
senotherapeutic drug ABT-737 disrupts aberrant p21
expression to restore liver regeneration in adult mice.
Genes Dev, 2020, 34: 489-94.

Yang B, Jiang J, Wu H, et al. Topical BCI-2 inhibitor
(ABT-737) attenuates skin photoaging in mice. Exp
Dermatol, 2024, 33: e15051.

Hoque MM, lida Y, Kotani H, et al. Senolysis of
gemcitabine-induced senescent human pancreatic
cancer cells. Cancer Rep (Hoboken), 2024, 7:
€2075.

Li S, Livingston MJ, Ma Z, et al. Tubular cell

senescence promotes maladaptive kidney repair and

[102]

[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

chronic kidney disease after cisplatin nephrotoxicity.
JCI Insight, 2023, 8: ¢166643.

Chang J, Wang Y, Shao L, et al. Clearance of senescent
cells by ABT263 rejuvenates aged hematopoietic stem
cells in mice. Nat Med, 2016, 22: 78-83.

Shvedova M, Thanapaul R, Ha J, et al. Topical ABT-
263 treatment reduces aged skin senescence and
improves subsequent wound healing. Aging (Albany
NY), 2024, 17: 16-32.

Piehl N, Van Olst L, Ramakrishnan A, et al.
Cerebrospinal fluid immune dysregulation during
healthy brain aging and cognitive impairment. Cell,
2022, 185: 5028-39.¢13.

Sun Y, Liu S, Chen L, et al. Al-driven discovery of
dual antiaging and anti-AD therapeutics via PROTAC
target deconvolution of a super-enhancer-regulated
axis. Sci Adv, 2025, 11: eadz9283.

Barigye SJ, Garcia De La Vega JM, Perez-Castillo
Y. Generative adversarial networks (GANs) based
synthetic sampling for predictive modeling. Mol
Inform, 2020, 39: €2000086.

Ponzoni I, Sebastian-Pérez V, Martinez MJ, et al.
QSAR classification models for predicting the
activity of inhibitors of beta-secretase (BACEI)
associated with Alzheimer’s disease. Sci Rep, 2019,
9: 9102.

Miyazaki Y, Ono N, Huang M, et al. Comprehensive
exploration of target-specific ligands using a graph
convolution neural network. Mol Inform, 2020, 39:
€1900095.

Coughlan T, Dockery F. Osteoporosis and fracture
risk in older people. Clin Med (Lond), 2014, 14:
187-91.

Wang R, Wang Y, Niu Y, et al. Deep learning-predicted
dihydroartemisinin rescues osteoporosis by maintaining
mesenchymal stem cell stemness through activating
histone 3 Lys 9 acetylation. ACS Cent Sci, 2023, 9:
1927-43.

Lu DZ, Zeng LJ, Li Y, et al. Cinobufotalin prevents
bone loss induced by ovariectomy in mice through the
BMPs/SMAD and Wnt/B-catenin signaling pathways.
Animal Model Exp Med, 2024, 7: 208-21.

Zeng L, Gu R, Li W, et al. Ataluren prevented bone loss
induced by ovariectomy and aging in mice through the
BMP-SMAD signaling pathway. Biomed Pharmacother,
2023, 166: 115332.

Dara S, Dhamercherla S, Jadav SS, et al. Machine
learning in drug discovery: A review. Artif Intell Rev,
2022, 55: 1947-99.



63

WREIR], 45 2T AT REAS 22 1A SRS B 58 8 BTGB 254k 7 ke

1151

[114]

[115]

[116]

Lavecchia A, Di Giovanni C. Virtual screening
strategies in drug discovery: A critical review. Curr
Med Chem, 2013, 20: 2839-60.
Sun Y, Chen L, Jing Z, et al. Generative Al for the
design of molecules: Advances and challenges. J Chem
Inf Model, 2025, 65: 12668-90.

Sung J. Artificial intelligence in medicine: Ethical,

[117]

[118]

social and legal perspectives. Ann Acad Med Singap,
2023, 52: 695-9.

Pallauf K, Rimbach G, Rupp PM, et al. Resveratrol and
lifespan in model organisms. Curr Med Chem, 2016,
23: 4639-80.

Pereira Saez C. [Ai's use in health care and informed
consent |. Cuad Bioet, 2025, 36: 117-27.



