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Abstract: The rapid advancement of artificial intelligence (Al) has opened new avenues for
bioinformatics research. While traditional methods face inherent limitations in dissecting dynamic
biological processes, handling complex high-dimensional data, and integrating multi-source
heterogeneous information, Al-driven approaches offer distinct advantages in addressing these
challenges. This review provides a systematic overview of the key progress in applying Al to molecular
biology, gene and cellular regulatory networks, biomedical databases, and interdisciplinary applications.
We collate and introduce over 80 Al-powered tools and platforms and 50 commonly used
bioinformatics databases, and analyze their performance, applicable scenarios, and limitations in
real-world tasks. As algorithms continue to evolve, the application of Al in bioinformatics is expanding
beyond data analysis toward systematic, system-level biological modeling. The findings presented
herein offer a solid theoretical foundation for future research in this field.
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Figure 1 Development trends and application landscape of artificial intelligence in bioinformatics.

This figure shows the annual trends in the number of Al tools or models (blue) and Al-related bioinformatics
publications (red) from 2015 to 2025. Representative milestone models (e.g., DeepSEA, DeepCRISPR, AlphaFold2,
and ESMFold) are highlighted with dashed boxes. The rose chart in the lower right illustrates the distribution of Al
applications across major bioinformatics domains, including DNA, RNA, proteomics, metabolomics, and drug
discovery, with each sector representing the relative proportion of studies in each area. Meanwhile, the Sankey
diagram on the right depicts the relationships between different Al model architectures (e.g., Transformer,
convolutional neural networks (CNN), recurrent neural networks/long short-term memory networks (RNN/LSTM),
diffusion models, and hybrid models) and major biological research tasks (DNA, RNA, and protein studies). The
width of each link indicates the relative frequency of these associations based on the representative studies included
in this review. It should be noted that, as some studies involve multiple model architectures or research tasks, the
diagram reflects general trends in model-task associations rather than a strict bibliometric analysis. The data
presented in this figure were derived from keyword-based searches in the PubMed database and are intended to
reflect overall trends and relative distributions.
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Figure 2 Al application workflow in DNA, RNA, and protein sequence analysis.

This figure illustrates the application of artificial intelligence across different stages of molecular biology, including
DNA sequence analysis, RNA structure and function prediction, and protein function analysis. Deep learning ap-
proaches based on convolutional neural networks (CNN), recurrent neural networks (RNN), long short-term memory
networks (LSTM), Transformers, and protein language models (Protein Language Model, PLM) have facilitated the
identification of gene regulatory elements, RNA secondary structure prediction, and protein function classification.
Representative techniques are presented for each category, highlighting the important role of Al in sequence-based

biological research.
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BEKY ) T
He AT AT ol it
R MR, B
RNA- o4 RNA CRAEMTI: BEY Transformer + " R PRI 52 RT3 5 4K S AR
formert*! Transformer 4844 RNA 53 P Tl ) BT ’a

%



8 A RR . 2R dr R #01%
MOA-TCPr 2024 SISUESFA meA G AHUM: 3 MOURSIHEL AU IR SRASL M DURR IR A B
ed"™ THLE ) I b, B85 U S

RNA =6 Hfiil: JEFRE S L VR I 28 0 . 3 ‘ \
| e ‘3_‘4} ‘[é,;” Fe N N P
NUFOIdU™ 2025 25 i) s B (AR - ;ﬁfz’“ﬁ‘*g” % YRR TR, 5 1 g;giiga%ﬁf* "
FoR IR R AEAL) - T4 2 RNA Bl
SAND- s PRSI N .
RNA 7> F B iH/ThRe TN : 454 w2 RNA 7 5125 - T, :
TN , S K TR L 8 e B AL
STORM* 5025 SANDSTORMGHEERMS ooV * sy o KRR
GARDN ‘ GAN : B AL 2 0 51
] GARDN(% T4 HR) i
pumea®™ 2025  mCA FMEEFAUSARRG: K PUMIL+ ER R TARE S RRRRA BT IR AR

T H# RNA U5

J1HL

E: RPBLTARENTE R RNA I SWETE I AR U PERER B, W T E 0 0 TE e 2 M R M AR 55 26 2, 3R 1

N EBTT ik S
A5

DBN, % ¥ B 15 M 4% (Deep Belief Network); GAN, AT #7145 (Generative Adversarial Network);

BLASTn, #H 741

%} T H (Basic Local Alignment Search Tool for Nucleotides); RBP, RNA £% & 4 (RNA-Binding Protein, RBP); A-to-1, HfF FI| yk #5 WE 4
RNA %% (Adenosine-to-Inosine RNA Editing, A-to-1); PAM, [ [EIBE 3 41453k 3 7 (Protospacer Adjacent Motif); seed, -7 /¥ %1(Seed Se-

quence, seed).

1.3 FEHERBRSER Al A

EHEAT 8 BT 5 43 B i, A& G4 A B (i
BLAST) £ B0 K 2 LR 7 41 LA S R RS 240 Ak 34T
S50, SEBRIBAT AR AE LU AL B A SRE. L5t
) 43 it B K 22 AR FE T 71 bR B4 5 PR 57 [X 3l 4 )
N, AU RETFE R, B e 452
% B B J5 HBOH I R IE A T A B R R A RE S
17 (Protein Language Model, PLM) U & DL i [ 1
B2 177 2 IR IR 7 AL R )
] A A5 =X DL 91 45 Dy e 2 T 1R P9 FE SR B, ) e
W T BE SCRAER R, G SRR B R Dhae il =3
6] 45 ¥4 43 B 32 A 4L S2 0 F 51 2 T S # ML Bl
ESM-2UCHEE R T DA B HEAS 18 5 @B I BRI 4%, K
AEU T 51 A A I R <7 RpAE 528 e AR, H E 8
BEPR 7 H1 VB VAR 1 2% ST #R AR D RE TN 5 7 4
Iy RATL S WG HERE , 1IX M7 A RBAE — B FEFE L AR
%ot RT3 S 96 B AE 45 SR (R MR RSE. ProtTranst 70 45 1 4%
B E AR A ) BAE SR B IR R E AT
Gyt at, WRIGE B2 ST e B Y I 25, A
By Transformer 4844 58 s & 8 B o1 5 270 Hodls 1) o =)
R, MHHRECE R SR AR R, i — P&
H BB KM R AT 20 AT X R IR R AL S R 5T, AT
SEUL T T 2 7 A Bt (Multiple Sequence Alignment,
MSA) D B POE DY RETI , 7T 58 B — 2R 45 K U 5E
V240 i 58 57 43 BT DA R L 25 6 15 7K 1 43 2K 56 22 T
TV EEE

B T = 4 5 4 TIO — B2 AR A A B 5 AU
% M A, X — J7 A AT HE BE e R K
PDB(Protein Data Bank)%# % [ K 18, B0 1) 2%
IO TAE, FEEKE X HERBE%. ZHLR
(Nuclear Magnetic Resonance, NMR)%% 5z 17 A9,
X RTTIE AR RE SRR ¥~ 200 1) vaoks FE a6k 28, (3
S A s DA G, ERRIRE TR kB
JoT &5 K BRI Fe a3k B2 5 8 B o AR T SRR ) 8
WARTE, 318 1 F AU TE 6 1 S T 45 A T 4t
B, XRRTERITEHMENGESRENL T
(Assisted Model Building with Energy Refinement,
AMBER)%5 2 8 ) I KAl J5 1~ ia shpdk, S &
FI i = 4E S5 1, 18 S50 A sk B H AR R B o 46 R i
FHIENSET, Aevs R IEMEEREY, FUEA
AN & UL SCHE R A AL B F000 37 5% R T 48 45 4 Tl
FRREAR R, TRV ARAR . 4 8 0 DA S M Sk FEII X 2K
THRINRIZE SN FR. R B R R A T BR
A AR XS AR R AT, 120038 B R AR P AU AR AL
T A A HET, AN X T VEAIE H T A O AR AL
MR AR BRI, NRFLL, @il
L5 PDB %4 P i) S AN S5 M b xs, RRISRZ K R
BUz i [FE R, S BR S R8OR 25 32 3 Bl PR 78 730
BT ) B e PR o) B2, 5 WA Sk T 7 92 DU 45 4 T B Hfe
PEILA FAR S5 P AL 2 AR, Hf e s B B Ay
B, MEVIEIS, FAKSES T4 R BUE R AR
MERTE, XRTETEE /Ny FEAR, |



1 7P

AL RER A EYE B R MIER AR 2 582210 R G i s S 9

FE VIR K, 5 2 1 TOUI RS o B ARz I T SEAe I
gk L1531,

21 Al DUfE, B 0T 25 R IO A A AL B2 AR
SRS T S EE. W48 AlphaFold®™ L 4 Bl
PR 285 43 17 [R5 7 51 2 18] R P AR A5 B, D SEBIL T
o A P RS VE TN, A B R ARAE 55 R LA
S, THRJE 1 AlphaFold2P % B 7 3 T Transformer
DAY TR 2 ) 26 B4y, 410 1 0 225 ) TN 2 4K g vy 2]
i PRI P 25 2] 1n) L, R S B BR 7 415 MSA 45 54k
REIN, 56 RCER T JE - S 4R AR T, TR
JEE 00 S 06 I 52 AT, T B H - AlphaFold3t® 47
WD N BRI 48, SEIL T B R DL K
N TR EVERPREHETI, HE SR T 5 Rl AE
AR PR, (R @ i ot 2 5 41 B Ad B
FE I PRAR T S A b 41, Rose TTAFoldM g7 i 44 4
FIMEE. R FERGEESTREMEE, LT 2
EAR G E IR e, i —Ph%E T AL
R R A B 0T A5 A R A B B T A X
VRS 5 IR v LS, AN S HE T & H R Zh et
G At TAERHESE, &% PDB 4 Ak
F T K R I T 25 A R S 3 A0 T R S 5 B AR
£33 HABRMATMHEXTA

Table 3 Tools for Protein Research

5 Al TNAR B SCHE . P RIHERE AR TR, B AR
VI Re BT S5 B IRIR T T S FF R BRI R b K e

FEALE BT . DeepHistonel™% ] % 42
TR AR 22 (4% (Dense CNIN)X & 46 57 251 & 6] ) 7
F| &R 305 Yt ol AT R M A AT AR AR, R A AR TR
R 2H B VAR AC BT R RLE e B TOIRAS . 1 AT
AR AT R FEEThREIX I, I NGt
FERCPE 3 P U 4R R A SROPR S B 40 T ARORE 1 0
fiE, #Ezh T RMEAL BIER MRS E 2 H AR
AU AR ¢ T HANVRA b, 1 WL 3.

ST S, H SR A AU R A OC J7 VR R R4
TN S A 6 AR DU i B A2 5 At ) 3 AR R 3 DAVR B
5 ) A% 0 1D ity 20 i R SR A B A, X 5 R T
W TyBe 73 b A S 8 153 AH BLAE AR AN A R 0
f£5%, & BA AW E J7 1, &% 5 A7 e

X7

gy

PR 5 R

THRAZ% S NASEEEERTE i p b
DeepHis- 2019  HIRABATI . G EBRMEML%
tonel*® IR ERE ] (Dense CNN)
Al- 2020 AL £ Transformer 244, i E
phaFold2t BEHHR(Z AL W= gE AR B
i MSA. %
7~)+Transformer(Evo
former B, (B
EMLAED)
ProtTrans 2021  ZEEFRFHIHT: K AEETRMARE
k THRES YN 4K ( BERT,
(BERT. T5. XLNet) T5. XLNet)&itf& A
HEAT B W TR R B S AR
Ro- 2021  EAAHSHEE 24T H-ZE R
seTTAFold o

[11]

P SRHAI =5
wehky, BaZHT
Pk fE R

=]

i R 2 %) DNA
HEERHIE; BEZ TS
B, eI dE A e
T R

LR A R T2
G FEE 1) 425 ) TN

A B — 51 R EL
AR S5 TR
fiE; EFEHIE MSA, &
R A A EH
TR T F 0 E
JR TR 55
RGNS E RN

SR ROMEAR ] T
B

W< = 5 &= ChIP-seq/
DNase-seq ##; Getaiin] &k
R, PRSI
4 TR AR T B R 0 DN 4
]

o 7 5 MSA B Bk i i
Wy W ZEASEY. 50
T IRE RS A IR 5 2 G5 DA B
AR R R 1A IR

T EEBINZR B IE(TPU / GPU
R RALE IS 5 B
AR, MeEKEARERENE
fR

Wi T B MSA $edis s T8
T EEAR AW
FZ 5 e MBI
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ESM-2U'1 2022 EERLMTIM: K Transformer 4244 MRV SERITI  7E S A% ST b A7 i sk
TS B L T WERER: SRR T
7 51)+ i 3D AlphaFold2; 7 {2
S T BB FiE R E B
Protein- 2022 RARIALIFIIEE SR BERT 206 (4 ARUCHKFS &R (RS- ThA T T
BERT®" e BAFIGEEE  REES + —H% TEMEADATN ks
AAER)EGER  BD 1%
BERT(& Rik=E Ji+
— 4R
ProGen2t® 2023  EERFHAMAE  EE Transformer B AR RSB RECMBI IR B AR
RAEF: @EE R BERRS: B 6 R TN 4 MRS o
Transformer 5 %! B A A N T e
AT ES
SaProt™ 2023 EEURIEIEMUY  Transformer 4K (T SIAZKIEENRI WSKURKEILE KIS B ER
ETIN: JETL MR ESM-2650M TR iESHM, GAGEIE  FEEAES HE 2R
1A ESM-2 %) 1R 2 R T A
Transformer i %!
ProstTS® 2024 ZE IR FAI-LHIN TS Gls- AR Ak ARG HIAINE  TERRIE KBS
BIAERL TS 4i- FUFSIER TS 3DIio3D ASRREEHR TR, 171
R AT AR (Foldseek 1) IRALEE EURST AT KR T i ]
3Di 45 k9% ) %
Deeploc 2024 KM EANN  Transformer + JER ) RSB BUEE E% KBS IR RO FRERE,
2.1 T k] R, AT RB ST AR A B U R
Transformer + V1% A0 e L3
FrbLI R
DPLM-27 2024  jy#ij-sifIper b 4 BB + Trans- RN RSP0 TR ST B B
MR+ Trans- former %24 AL F— B BHOR S R U
former(Z: T2 2R
F7 5 5 3D S M
{1 B B )
Al- 2024 BPURGHITM: § PEGR GEE-RA SIS TEAMNE AWK BIREARL: @k
fM%Mﬁs BB AR MR A EEED TFYEALRITRM T KR ) R 14 5 AR
W)+ FIALHG Pair- /b % MSA (I
former
XTrimoP- 2025  Z&[URAHAERL:  Transformer 4244 + RN B S AER BRI AR
GLM! Transformer + MLM/GLM % RWIERINE A R
MLM/GLM( 4 817 i 5
5 E T,
T HR I AT %)

e RS T N BRI AL 8 (5 A SR R LR AR L BT T VR R B R R G BT 45K, R TSI
) B ARR R

S GLM, |~ 3UiE 5 % (Generalized Language Model); T5, SCA S A E R # 8 (Text-to-Text Transfer Transformer); XLNet, H [H]
TINS5 15 5 8, ChiP-seq, Yeff i % 8 TE I 5% (Chromatin Immunoprecipitation Sequencing); DNase-seq, i %20 B 12 & 1 v i &30
(DNase | Hypersensitive Sites Sequencing); TPU, 5k & 4t 5156 (Tensor Processing Unit).

14 o FXBESHMRTHIEK Al R
AT TE M SR EMER, N TERTUE
PN T 25 B0 n VU B ) 23 1 BT FR Y, AN

it 73 7 WL A9F T 1 S B s PR N2 P #5640 o 0 A%
G2 AR, EERBURI B SR IR E, FE
K EL R AR T, R T B8 250 () B AT Y,



%13 2 PR N RER ARG B RS D IERL AR 3 8 58 25 M) 22 Gt 1 i 45 2 11

LA, AR IR B 5 ) BRI D il N 24 Wi A B
T, A2 IR B AT B DA R BUAR BT AE G T
TERIPAT 2R, #R1G 20T B LT, TS 2 th b
2k,

NS T 2V AR ST 7T AR, DiffDock®ME gk
eV SO RS N TR PR TR, setEs
B2 [ = 4E VG N, e RN S BARE R4S
BRI AT R, RN T 55557 FMERHE
PAJ Z By TR R IIE L AR /7, X — e Ml L AR5 4
IS FH 1) 52 5 9 5 N B 55 TR/ A T 2 e TAE
WL MEPUR TREPF R SUR, SRZEERE OSSR
IgL MOV 3of 56} g B AR AT A8 IX B TR S 2 >, 52
P AT ] A R 2R R AR R (R B 5 A R A R
FEBILE AT RS I N RHIE E AR IR, Aets
PRI S5 8 e 38 R S 0 7 A B 4T 1 B VR B RE, FE DA
JE BT IR A% 0 TAE R, ARILH T ] W 52 A A
1H.

N T e B RN LR 5 A i ) 3 1R A 0 24 P
R PRI 32 2D T ) A S AR R X 5 (R W T B 4, o
BT RE 259 2 T I R B S R EE RR HE RT FI A
Ak 2577 S 1075 MR A 7 Al AT ST (B sebR
N RE, X Al FARKIBAFAEA D 5 g v
B, EFX KR TR @S TR R
()RR 1 ELAS A2, TN 22 B 5 BR324 4 F AL
il X LAE B, % 24 )78 31 S AR FRIREE R BRI 43 A
At 537 K (Absorption, Distribution, Metabolism and
Excretion, ADME)id #2 1B At AZ7E SR PR, Btk
ZAb, H RIS R R A 55 4 1 AR B SR 50 R Y

R 4 REEEMBER AT EERREE ENEREE

SEREGE— VP Al 1A RO, B X RIIAR , SR 5T AT LA
FRIEEE G T A B0 T DAL A i
BT — R4 &, DU HES) N TR BeBOR/E L5
HfF iU R v B 2 T ) 9 3t S P

1.5 ARBRHEFERBLEY ) 58— F TR RE LU 8L

AR SCAERRER A W FE I S Atk b, SR Pk 1 #5412
A LA AR A R A B 3 AT 45 MK e S T
FERH € TR ARMERT , FRATHR 675 18 T B R LE e Ak
(1 51 P 0 S FL s g, ) B 2 SR LA 28 ik v s
C N A BN CH e i I ES T N S N EZ
FEPE.

HRERAFHFAT ST E bR A528 58 L&A
WIFRHE EAFAE R 3 2 5, TATTHE AU Py 0V S A 2
TEN TR SE B £ BEMERER I, R 7e 7 ALY
SOOI, R SCK B HE R DL RO R B IR A
SEORBERFAE. BRI, BT AR EAE
ML S5 B8 AT A — 3, HAEAHE 8 pr B2 A7
TERCARMERE , AR 5] R 8 SO s R, Xt
HE T 2 2 T R OB S R ) R A R B, T R TE ™
42 1) A B A TR I SR 4

R 4, BATHZIE DNA. RNA FIE [ i 5
JF, BEILT AR MR A O AR. BT AN A AT
BT A RAFE R 25, FTLOZREE F 22N
T W P RE DX (] R AR GE 34, ToiE kAT 8 AN 1 L
B HUE LR B2 BB T 25 5000 1 B2 AN Y
REE R T S IR B ALK FE, I BE BRI L AL
HEFR AR . YR MSA A i ) e 35

Table 4 Performance of Representative Foundation Models on Public Benchmarks

S B EHRRE SR BNSHEEME LETXKE ERBEE FEEGRERN HEFRIN [A]
DNA Dee  Zip%sr3  ~30M(IE3X  521.6 Mb ge- 1000 bp ENCODE +  #ifiy AUC: TF 0.958 / K
PSE (919 #fiyjfn  RE#ERe) nomicre- Roadmap DHS 0.923 / HM 0.856
AL R T gions(=2.6M 200 @@-
bp bins; AN nomics(919
1000 bp) chromatin
features)
DN  #iiEEH  117M 32.49B nt(1354 700 bp(Ik  GUE(6 4% GUE T9754r 66.8; £ KRik%
ABE ML + i) WMAKE: A L, 9ME 28 MRS IR 8 A4
RI2 Fiiem METFXK %) RS R
J BT 55 Tl [ 600 bp, &
b P

padding)



12 HERE: Rk ¥ 01 %
Hy-  HEA#HN  04M-6.6M( A J(Homo sa- 1k-1M to- Genomic %  Genomic k4 1M tokens
ena  gi + R MRTHAR piens)Z kens AR 4 7/8 tasks SOTA (it FPoIHER
D[':'ﬂ By RaEs ETXKE) M, BmKETFY Nucleotide T1220%); i, A ] gl
A WA 22 2T Transformer  Nucleotide Transformer T

tokens(Z1 4 J) HEAEHGR SR MR 4R 12/18 tasks  Trans-
DeepSEA; ¥ SOTA; former ##
oy YIFh 4325 99.5% T 160
(5-way, 1M context) (e
f: A100
GPU)
Nu-  HEiEEH 2.5B ~300B tokens; 6 kb (v1 i 18 AR Bl 18 (1% T B GPU 4
cle- myILE + KIEIFEAKS  A): 12kb FAEREE MCC=0.755: BIEHI: 15 min 58
otide g 47 s B, 3,202 (V2 BRA, % PR-AUC=0.98; #fjm it
;':r” YL Th R A NKIEBGLR 2025 4 H ) (GEN- H54iE: AUC 5 DeepSEA
merl 850 ML A CODE. PEREAA Y
12] H ENCODE.
EPD %)
RNA RN B RNA kil 5% 23 7MRNA 5% 1024 to- Ar- F1 (R 4R) 5 R
AR mEEm o+ HEWE kens(& K% chivell600; LinearFold #27+£ 30%,
ME Tt 5 Transformer, AKT) TSOCKH % SPOT-RNA #2744
ThEE T hidden bpRNA-1m 20%;
size=640, 20 1157) & 7L 445 UFold $27F
heads) 21 4%
NuF  RNA =#4  KRAJFAM 2860 % PDB ARkl RNA-Puzzles V¥ RMSD~6.67 A K&
old™ 4y R RNA %5 + : 37 PDB
& 11,101 % B %18 RNA %y il
RNA J£51(k E 28 S
bpRNA-1m)
Rho  H#ERNA3D RAFEMA  RNA-FM Fijl TN RNA-Puzzles RNA-Puzzles: “F13 LVEFN
E’?Id[ TR G P %: 23.7TMRNA  FIKJE: ; CASP15 RMSD=4.02 A; T =0.14 s(&
) 5 16-256 nt(7%  RNAftargets;  TM=0.57; # MSA %
3D il%: PDB 4  ilgkds  PDBZif4ll  CASP15: “FIJRMSD %)
#5583 %(782  ULEGZiEfE) R MERZHBITTE;
clusters)+ [ ¥ PDB £: T
TEHIE 27,732 % RMSD=7.74 A
Pro-  Al- EEFE3IDGE ~ BFD(~2.2B e CASP14 CASP14 Hi{ GDT_TS  HEFERS[A]
tein  phaF g HM(MSA  93M(Evofor  sequences)+ MSA(Z 751 =924 FEZ
;ld2[ i) mer trunk; 5¢ UniR.ef90 o FRILIN) MSA 8%
T 53 4 MGnify + Uni- S0 (5
B L) clust30 + HETK)
PDB70; PDB 4
g s
Al- WS TE RAJFEAR K Alphafold2 7 X FF£HE.£  CASP15; FsE LN AESip KA
phaF  Apkgiig T Bk W PDB 4 HHE T E A RNA-Puzzles & [-H A SIS (MSA i
OIS g a1 PE(E I, BmK AR s WO rikaes] Bt 1 2.3
IBEAREE) [RUNCRERLN HEA-EA (i9}
) AH AT 2
i
ESM  #55|%& M ESM-2(8M UniRef50(=65M ¥ #iK /5%  CAMEO; CAMEO H {7 TM~0.83;  14.25/384
Fold 3p sty - 15B 2%  sequences) MINGEFA  CASP14FM  CASP14 FM TM=0.68 aa(V100)
“l ESMFold /i X437 B 4 )
JI 15B H7)
Ro-  EHMB=4 KRAJFA{k PDBEALME 4 260aa(ll CASP14; CASP14: ¥4 TM-score  RTX2080




%1 2OPHEE N TR AR ARG B . DEEALARAD 2% 58 254 2 o i i 4ek 3 13
seTT  ZiMFI(F M B +MSA T A CAMEO Bzl AlphaFold2; GPU # 10
ARl Bl tit) FIfE R U F B CAMEO: £ min(<400
d medium/hard targets 1 aa & H)

T FoAd R 5545 77k

T VIR S BRSO (S BB B R AR SO B T T E DU, AN F SEELA S R A T SRR T REAAAE R . I T A RBERG
MBEPF AR 22 5, 0> LAERGE il BAF sl A7 AR, DA SC R B DAHE BRI [ D9 3R S 5 48 bR

ACRVAE

PR-AUC, Hi#fi -7 [ % th £ T ifii 77 (Precision—Recall Area Under the Curve); MCC, D&% &% (Matthews Correlation

Coefficient); RMSD, 77 #R it Z (Root-Mean-Square Deviation); TM-score, 4R 4% 143 (Template Modeling Score); GDT_TS, 4= /= #E &5
& &.4) (Global Distance Test Total Score); nt, #%# & (Nucleotide); ENCODE, DNA Juff H #4151 H (Encyclopedia of DNA Elements).

Sebr b, BT YERRIRFRAN, THEGURTEFE DL A

S F T B A AR 24T A AL BT T o R RE S AN

BAHIPR. I JUAE TR R S ALY, A4 A

I ZRIr B3 ARG GPU BX TPU 4E8E, X Fho 5

ISR AR T MR Rk, B A
SIS V5 b T T

Bz Ak, AR (T IR FE BE DA S TR 25 2 75

R 5 AERMEEMBER KT HEREFRETEZ LR

REfS BRI, th B RE T WFTLEE R R FAT AT
BB T BRI, o BT T i ki i
$efit Docker ZRaH LI B BB AR AL IR IAC &L, K
I S DU B BOR 4H. 25 R BIX L SERRIA R,
BATAHER 5 Pk T ACERIER, JFx HIZRR
A AR TR AR B B T RS 5545 B AT T8
B XL

Table 5 Computational Resource Requirements and Reproducibility Comparison of Representative Founda-

tion Models
A HE Y S ARG FF 8 TR Z5AL
DNA DNABERT-2"I' 8 X RTX2080Ti GPU, TilillZi4 14 & GitHub JFJ5 £. A FF (HuggingFace 275
e

Nucleotide Cambridge-1 #%f: 128 X A100 GPU, %4 28 K GitHub JFJ5 E. A FF (HuggingFace 2 fiti&
Transformer!*?! TR

RNA RNA-FME® 8X A100 80GB GPU, TiillZiss 14~ GitHub F ¥ S
RhoFold™” RATF R IZBIE: 5583 % PDB RNA 4 GitHub FFi CATF

¥9(782 clusters)+ 27,732 % H Z& 18 ¥R

Protein AlphaFold3®  TPU S # Il 2 (B A FF) GitHub I EA (FHIE

ESMFold! KM GPU EBEI% CRATFEAK GPU #i; T GitHub R A TT

ESM-2 15B Z 5 BY f i)

M YIRS BoRVR T IR S0, o AR 5 oF S B R ABE (GPUITPU), B4 B B AR %5 YN SR B BUAS. 3070 B AL 32 1 Docker %%

ALIBATIAEE, DAk D 4 e S0 ST I A A2 (A 1

2 Al IRBh B IE & B A
2.1 Al BRI K REEYFH S 5T 88 RN
H

B TR B 2 S TR MR R, AT B 43 BT 40Uk
LT 2R RO 4 Hirr, Transformer. &1
25 2% (Graph Neural Networks, GNN)LAK 4 #ofs A4
(Diffusion Models) A& it 4 K B e A T2 1) JLZRAR
TR,

Transformer 1% & & F| Fl B & & J1 #l #1
(self-attention) EL #2 & 37 /5 51 N #8 AN [R] o7 B 2 18] 11 5%
T, AH Eb 15 GEE P i 26 X 45 (132625 3 A 15305 5K
Transformer Ref [F20 Xy P oI R M Pr A ALE, X %)
TP BE AR C R E R E Z, N HX AL I L
EAE R A 2 X AR ) K RIS R o A DA R Rk TR
LTI GRASE 2R (AL 2 v I .

T BT K 43 45 K B AR 4 1 2 X 4% 3 ol R AR L 4%
83 ) O R AU, PR 2% Re s SR AL T 1A Y
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01 %

BN 5 30, GNIN A% o J5 HE 2 A 52 1 A 2 TR A
B A% 38 78 OB B S W R AE R AR I 2. DAVH Bk
i 4 45 [ % (Message Passing Neural Networks, MPNN)
B, X AR A A 2 Fof AR 4 3 42— (1 R
FEIBAELE b, 5 RO AR T S AR AR B
AN 37 5 BRI SE B HEAS B 25 M 4115 )
B 2 U0 5 4% (Graph Convolutional Net-
work, GCN) Il 2 Ji ik %o &1 e B U — 1k, (895 25 24
i RS 7 &40 $h B Se BT i AL 48 U 28 B AT A 13
WEFLH, IR ISR L N T4 7R e T
I B 1 J5E — 2E FERE LA  J56 R 1JR 4% IX 44% 1) R T 4 A 25
Z Wiz AT 55 5%

PO AR 2w A RN TR RE U M A, 3
BB R AR G5 e 9 B B am) AR AN B B, i
[ 47 i R R AR R P AR IR 7S i A 4l
WA, IR A O AR PR D L R, TSR A
2 MR AL 75 rh A R 5 A DI 25 040 20 AT RE A I e
U720, JLA O A0 T 25 0 bR B O SUL A HS 1, BT e
TG AR 4K (8] 546 1R 45 0 ik 2% . TE 2 BT X
B A B A 24 A5 20 A7 B FE8 B0 ) 1) RG4S 7
RAEE AR ETE D FAEBR RNA T 45
RUUTAT S5, TE R 5 B L AE 27 1 T 40 3 R
e

BT IR B &SRB BE R A, LR —
S ST PRI B 2 o) T 1R B O R A T,
o, KiE 5 1% (Large Language Models,  s)7E [ 24 5C
A TR R FE B 5 R SR BT THD JE B H T K R
FHAERE /1. LLM WKFE U AR P = 2 SCHRAE K gE AT
WSk, R R T F 8 K SE0E E S, Fl
PubMedBERT™ | BioGPTI™ |  Galactical™ #i
BioMedLMU® ik J B 7 g & 79 23 F 76 KA PubMed
TERLEE IR, MMAE R R, Ll ) 25 K S0y
Iy REFAT S5 IS T BN FAR 1) R L

RS T 1)1 5 455 284 7 2 [ Joi 485 A I 9 o s e B
AR . ESMUOIZE IR (1 5 AE S AR i A g
B AT A EE BT UIZR, BEE R B A B {5 Bk
F2HE RS B & (R 440 5 D Re Js v, AT SE BN 2
JR &5 K TR, AlphaFold £ 514 7Y ) 45 A= 4 4y 1 45
A F S0 HE )BT B B, B HThRAS ) AlphaFold3 7E i
HARRAS B BE At B I 2% 25 M T ARk, FESIN T K
AR, BRSNS B A AR N TRCAR DL

NEFAEN R Z T EY o1 2 AW SR, SE3 1
5 K [ i 3R TS AR KA A CUR R R T 8 — 1 4
B, MeERSEETY . G55, mE2EEss
— @B K.

54k % 3] (Reinforcement Learning, RL)tH [EiZ 5
R T 1wt SO e bR AR S v Ak 2107
ER T AR B R R AR RN
J7 51 PR SR e i, AT AR R 2 2 7 K A Ak 27 7 ) B
MR AR MR 1. — e T R 6 2R
PRZE W 2 S 5mAb2 J M S G, SR T T AL o T AR
YRR NI IE RAE ) 5 MR v, I 22 il ek ok
51 SR A R A U E bR R Mk U S
242 ) MolDQN =577 2 Wk — 5 F IR EE Q 2%
X} o3 25 R S O AR AT SR IG5 ), Tk 71k
JoR 4 R T A 3 A 1 B i e L 47,

BT B2 T S AR AT 55 A AR, N DR R TT
W AEIZRID A S0 B TH DA E B2 5] S B gt m
iR JE. FREIE K2 22 BB AT ENE (%
EAE AR BT ok 1A B3 A B E A AR AL 7S ) gk
AT, AR Se IR B A (5 B B IR AN T —Fe 5k
L o] e (I o i b I Sy B s B g T IR e o]
L T A B0 (2R AR 2. B X AR R, EE R L
FE 2507 18 LA K B BRCAE 4 25 55 A0 1) S 06 2R R 1E
BREEFRTE, BRI AT,

AN E LR BE R ARG B EAE ST E TR T E
BOH M 4y L. X SO R B R AR RS BE AR T R
PR IIAT 5 B R AER A Bl CNN 7E5 SRR 145
A A s R IIX A AR SR A 2 A 55 R I
A, AR R 2 B AR BRI 7 CNN R A 5%
ZIMEEAL, Kt Transformer #5747 51 A Sk fil v it 25
A, BefS A Ut IR IR R R, A TR
VAP DX ) L R 0T A A T A A AT 55 Hh 1 1 e
3. 81 oA 700 U 76 3 — BE At _E gt — 25 4 8 & Ak Rk
145, EEARSMWEI. M FRESEE PRI
H I S 0 A 105, 4% S AR Y A T S () A i)
HAEWRMIIEEX 5y, bz WA AN S, RIEAESS
FRBEA G N E I, AR T 7m0 REARHE R
P, TIPS A )

2.2 ERESRWBERIEMNESILL Al BA
BT FIR B RIR TSI 300y, N T8 R 7 A 3
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IR T 4% 5 328 388 A T 42 0 245 1 2 A 5 A AT o ) 92
H 2 73z . 5 5 SO 35— 2 5 J2 1 B0 AR AN
(6], AR5 2B ST i [ 255 [R5 2 W EE A% T4 1Y) 4% 11
RGZH M. AHE DNA FIEALLE A% W 2 BT &
FEVEH DL 2 H AR B S 0 i XK Al Tk
IS, WAFRATRAN ST Z 2R AR a2 4, B
i 2 B D RE 5 00 (1 R AR I N EE LRI, 4k T EE 2]
SEAAT HIHF 7T SR

FE IR 1 % /9 4% (Gene  Regulatory Network, GRN)
REfG I R FE R T AESRiD RNA 25 550 3E R (40 B
TER, PRBILER RIE A, T4t 55
UEvs A EEAE P AL G GRN HEFR 55 K £ 46
R IB A AN SEIR IO, HEFR PR B, HoAfE DA
L AT A A Al 2 ek O R A5 A e e e P T N T
REREAR R R R I B R ), oy GRN HERE ) H
FTH, HEsh40 i h 5 pem HL i 7,

BT L 45 1) A IR R O T v 2 s R R i 5
HR T AR, R R DR R R R R GO, LIRS
AR L 5 BT S R 11 B B
B, 3% AR AT DA 254 412 38 Do 2% v G 1 7 0
fiE 5 R ) (1952 HA 3. DeepRIGEBE B & [ 4 i 4%
O RN RNA WFHHE, £5% ) s 55
FIERE LR b, SCIL T 0 M SR A 5 O B 1 4% X 4%
FRDRG HE VR At ok 4 i A S A R 4 e 1 R 1 ) e
T A, SCRIPro®®ligk B4 s 41 5 R M B 1E Mo i
At I8 ARG € J5T AT R R R PR Rk 2 [R) R A 7
KK, il GRN HEWT (145 2 55 45 SRR A5 31 1
—ERI. EREEBEXEE R = T, BFE)
AEBTTERGIN, BEIEHH HE 21) 5 8 8 45 75 3 1 A2 4k
B, WAk R K i B R A
TRENDY W51 710 38 55t X Transformer bkt ) 77 2248
FEHEAT B3k, ALik GRN MIHERMES 2 T 8271, %
P REAS BIHR T, [T IE 52 5 1 AL 2 T i fe e
P 54587 1132 4k g /1 . DGRNSEA U 5% F ¥ 5 2 1 1)
77 RIEHUN 7 A SRR AE, 454 GRU &5 CNN P2t
MIA AL GRN 7 0ife, X — Bk A Tk
S P 50 3 A P S 12 )

TG AL 7R 1 B R R 1 R % IR R e K
HHER FPAIA L, TMsE T LS DNA HEAL. 418
B Bett )i 251 2840 AKX IE S RNA 5% 2
B WAL SCE, X SRR R T 4H i dr 18 HE

B PRI I A R T R A A AN T s AR A £ (B,
N T B ALY AT DK A A 00 25 SR A Ak Dy R 0 gt
i 478 I 245 BRI AZ o B T R, RS B R R
PAEE T IERIE LR 0, DeepCpGLe il & 35 A1 b 45 W
465 GRU 544, SZIL 1 0 B i F B AR 2 K o
4. CpGPTEMEE ALK 44 B R Fil I 45 Transformer
BRI T AL, LRI R TAREAR R A S
Y FREREE R T BT B T A R )
RSN AT, N T Ae i A [E] A B 4% fif i 2 2%
PH T 2 1A B 4% 6k (1 /7, ChromNet®H L3 4
JR 4 2 3L 3T € W FF (Chromatin  Immunoprecipitation
sequencing, ChIP-seq)ill 7 45 J 1% o 7 i HEhilh, 256
AR R o HIE AL BT s 5, AR T
K U A 1), 05 5 RS R 5 G € R A 4 Y 4%
(O EE R A, LR AR 5 40 BT 45 18 T G B S B 1 1 5 AL
.

SEAMAW I REKE, Al BRI TR
D] e 3 W38 1R 428 ) 5% 1) S A A DG A3 (R O 7 3
{2 AN SE B B2 FH 5 8 LR B2 SR B R IR AE 5 A8 2
Ak BRI B 2 B R bR G IR A R,
X RHAE A G A R R, R AR BT BLR
MESTIL R RO, SRR, B AR K2 X LU 4
2 R A LE B AR FRPERRAE &5 B A B S 1
P 3BT 1 EL /> B2 O FURE B, BEAY v P
R 55 14 I AR R AP AE , D0 AR Py IS AT BLA 1)
AR AN AL, #RAE — e P2 FE L PR 7 A SC g i ik
—ID VM. KM 2 AR AT A R R E A
TR W T VERAGSGEE , S5 S8 (1 8 4 I 28 A T A
Y120 TE B R SRIZALRE ST B AR, R
HBE— D R AGKE B I A= ol A Re 1, ) R AT Sl
PR FH S B BE IR J2 IR I il R

2.3 HfRE RS HRAER IR Al B

4T Jfd /&) #H EL4F Fi (Cell—cell interactions, CCls)
Z A A=Y R a2 Aoy R ZE Y, SEIE S
ik RiME . B Ss, BOG S Sl Phist
DR 2 35 LA HE 3 40 i o4 B 1 3 R B2 an i 1) 5@ R
(Cell—cell communication, CCC)4¥+5 CCls H 4l i [a] i
EESH TN FOMESEEIRE, Bk-Z M BAE
FH (Ligand—receptor interactions, LRI)&H A% 007> Tl
HIP fe48 CCls WHFLZ IR T40M S bk =SS R
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01 %

R e SEG 5 2 R DAUC L 46 ) . IR, 4
AR A S Al BIERH TEARWEEL, W
NICHES* i ixf 44 8t 8 41 Jfd 43 3% 5 FiC Ak - 32 R R K 0
B, R BE 4 B [0 S o e, R v 3 42 SR 2H 4 TR
K; Tensor-cell2cell°VF] ] 3k & 43 il nf £ 37 55t 3 114
PEREAT IENT, B N5 5 B 2 18] 40 A0 K sh 5421k s
COMMOT I 5 &5 S 4 e Al AL S B2 1 15 25 1] 20 3R
SEPL B X BB AR X e Al 7 ik IE i
B R RS SRS, T ER T T 4 E T 7S R 43
AR A AT R R, AT T I 200 P g 158 22 AR 2 )
SE DG FE S B .

I 5 44 L 3 L DO 288 A AT PRI N5 1) B A 5 A i x
TN ViR R R A 4 R 4 i PR T BRG] SR
J7¥%(Causal Inference) tH It i A48 7~ FL Th g JE SR 10 5%
BT HEEEHRMNERANPERERR, BEAHCE
3 HT s TR I B R S K] O 4 PR 4% e i b R K
Al JiiE e 2B 2H 2 R0 1 DR SR i 7y ok 58
W, 1 CIMLAP™E SHAP HHE A B 5 5 35 1A 7 R
ghty, Bk EYN R R I R s FlowSigt®!
T I P DR SR A A AR O AR G, MR SR
W28, S I 40 P T A5 5 9 R R 0% R 1 s s 2 R 03
Celcoment® Vg ixf 5 4 1) % 55 41 K408 1 455 M 715 5 L %
B H 2R~ 24 51 AT R SR 7 PRl A 4 X 4, SEEIRL T 4
i PN 5 40 g ] 5 R 4 % R ) DR SR A 4 5 s ) e

ST NMERY R AT AR D i T g I R R

HEZR, STRPRAS 5 I P e 4T R SR e, R4
TP AR LM G HR A BE

LR, Al EZR L RS PR HEWT O R L
HEYME, EAFAERER, g o Hr 2 ] T4
MR R 22 5 S A 3, RLRAHE W LA TS 73 & 30
AN PP A5 () 1 5t HR > BT o R AR A 2 v B
X 5 T U IR 4% e 4 L i AL A £ R AT R TR AL SR
Ak, BT RLE AT A R I R R AL B, R
FRBIERE 70 A B R R AHETIN 2 R PR, PRI
RO B TE B A, TRAGAE 5 I 125 20 i s AL A
B, HESh RGEY Y SRHER A IR .

2.4 B 52 RHLN N TERBENTTIE

AL I 5 TR R (AN W e 4 B A
AEWE B 2o b i & SR T 2 JR T Z P IR 2
S 5 % R 43 % 26 RS 4l 2 T O, A B o W i

WRK . B 5YTH IR, CFE N S5 5 o b A4
YL A G IE T A3 312 N L AR T T X o 4 A
B AU | % S 20 IR A T e DA R B3 % A IRV A0 T 06 R 4%
)RR, A% B R A AE R IR, ST ARk, H4E i
55 7% ) 3 S AL 3 T TR UG K BRI NAERFAE - 2] L 3F
ML RMA 5 LS B R A LG i3
B Al J7ik. R ANERE . KB PUBHERT DL 5
[F1) 285 g 38 1R 1) 5 SRR 45+, A OGRS B 3 JR B MY R AT
HIN T 7. St ER, NSS40 3% (Human Cell
Atlas, HCAM® | B N # 3 41 & i (Tabula
Sapiens)!'* . A & E ¥4y i it %I (Human Bio-
Molecular Atlas Program, HUBMAP) 05145 4 455 /\ 4t %
W EAWT 56, o N TR B R IA I 25 5 VPl 4L
T AT SE I B SR

ALY it 2 SR LB o AT 1 T AN DG BT 55 43 )
MR BER S MR PUTHEN. FRERETFRAZ
REE TR S LS B, 454 O AbRic 2 31T AN T A
T, XTI R AR AN A A NER, HiER
MRE GRS HRWLEEREN RN, RE¥IS
Y SRR N e s T = P S )
ZACBIAI AL, I N AR DR AR 2. filin,
B B TR ZR AR scFoundation! 8V F F k& A HE o
AR AR AT I 25, Refib e B g, B A 1)
SR RIANRAL, EEREA . H R YIR A AT
BAE SR E e 52 k. s,
SCANVIMIR Cell TypistM®128 5 18 2 5] T AL Bl k3
B RSBl T E B ERE, 16 SRR Hr b K
T 5% N L7 A i 25 DA 1 4k .

Y1 P B A T AR 1) A e I 1 T O i, K E
S S e AR Y R0 23 (R L AT SR, FEAR R 4l % ik
A5 3P R AL X 200 B AT HE 5 5 3 T 4 3 4 i 43 R
RS F W e B R BT X 24 1 R B kR Bl 2
P73 13 R SR TR, 33K 3 S TR A A AR M s v
TR Z 0 FLRMENARRERZNE. BHidd
AT 2R B2 sh I R EoR, %
FEAT AN LR A 22 18] 5 A4 (AR 2R MR DG I, RNA velocity
MIZET7i0n scVelo @ BT 3 5 R BT R 5E SR A 3h
BN AT A, BB B HE I AT IR A I %
A5 A, AT LUK fE 2 o S Al AL, iR
A LURE AL K B 5 3 R AT A b B A 1 S T s T

109, 110
5l Iy
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27 V) 2 S A 5 4 B SR T SR R Rk 5 8
W47 B A5 B HEAT BE A B 7640 M 4 1) 5 2 1) 5 fir
R4, A G i) UG 4y B SO 07 VR AEAR 4 R 3 1
A, GEME IR LP RO — . TR, IR
3 IR T A A R S LA BT,
U B2 B 22 I 4% SR AL 2R A5 R A, TR 5 4 PRl o
25 0 2% B T KL S R 1] ) 2 1] 4B 3806 &R 5 S
PLRIE(E B G MG M B A 5 . X057k A
(R B4 AL AU RS RS )L T S0 B TR Rk =2k
5 IS, 3 T S AL R 4 1 4 PR 3 SRR S A P S ()
7. e HuBMAPM O A 5k 41 21 20 45 W b 14
KRS ISR S 19 210 10 158 B AE % 78 4% R 3% 3% 41 5090
SE R T E AN I VRS EEEAVIAS (R

LE 23 AR AT 55 o, AL GL R TR 2 4R 4
HE IR 2 A AR ACL % 23 TR A7 B 43 21, 204 AR 5 R
240 M S 7 £ TRV () 23 TR AR L 96 R, It S 3
T 28 3l L LS I Wt 21 2 10 2 T 485 W 358 5 WO 5 40 A
BEF B2 X 4 1 N T8 REAR A, 18 IFREDR AN — R
B, B RN R IE G A AN R g, A
il ST I Xt 2H 4 PR T 6 IX 4 B A A S5 REAE (1 G T R
SpaGCNM A1 STAGATEM ik B #1053, Seti i
2 (A1 4R 4 B, T R P B ) 8 0 ML R A0
58, fE2AZ N AEREENNRT, BRI
T g3 HA ) ) X 3R SR B

SR, 7E B0 i 15 4% 1R 2 24 MBI 7 DA % B 0 o
THEETN . 25 WM X AT S e h . KR AFERE
REAMR bREEE A R R . AT R
B, WEITN B RS 3] 5N AR S ST I B . iE
B 2 5] T8I S 18 I = AR B e R4, kA
B 12 B BA @ AR F AR, X ES
2 B (1 R AE S B ) HL A R W AT 5% R 03— 25 0.
S B FULE 2.5 10 R A BT 51 B R B T
5, B ZREHR B I IZ 59 K, BERLIZHT AR T
S5EAFLM. D B HEARKI G R, JFRNH
B 22 Fh TN 55 1, AN 4 B AR A R A B A
{1 2 SRR S b R RS T 31 5 1) SEL B O B A b T B
T I 2 i B8 [ = (R e 4R A T A A A vk

ES

INFEAR 2 2] R BRI D B ERE AR T ]
FEAP IS TP AR, Y X 2% (Prototypical Networks)
JER R — R Tk, e e R — MR R R

N E], AR FSEREAAE I A 2 (8] LR AR, A/
SCRFREA SR 2 VS0 R 2, mT DASE LN 7 2R 1
PR, A TR FEREHESE, KR B B ) SR
Bog i it (25, 1 e IE I X o B BRI € FK
R AEEIRIE, AR RERE— P T B T
A 235 RIS ol 2 IR R, AR B
(B BRI ZRRE A, AR Se A 2 ). i
U735 O W R 2 AR 3 A E 1R /A ) LA
PSRN D RE T L 27 DL A ST TS AR v HhdE A ik
SN OLRR I T V) SERIAT I P TT K.

N T8 e T 3 T HE 5l 5 40 i 5 22 1] 4 2 F ST
A G 1) ik LA 1] (10 923K 22 57 00 #r 10 240 DR 2 5 3%
[F1) 235 A2 i) 240 i R 2 5 AL 23 1) 5 g 1 S R 2 T
JeE. K JRARE B LN e AR PR B A L 2% 1] 4 27 5
EPERIFRR SR R, 9ok Al BB SR AL T S ) Kt
SCiE, BREORER 7RISR S VP0G TAR AT R,
NESHAREE . BRI TR QG T AR X
SEHOHR FE A DR G OZ T O AL BB AEIE B AL
AATECER I AL ORI & SRR AT S, T
— IR PR AT AL SRS AW B AT T
Kl P B UR, DL EATAE BRI 2R 5 52 B B v i
R B AR S AME

3 Al IXFh i AV B 22 Bd ERT 5T

A S SRR e N T R T AE S B
W F8 AN ATk b ) B4 S B s E D BR
AR R B 5 2 A 25 A St S A TR N, B 7T
B Al B 84 2N TF R B SE B =, AR ME B AR
RS B 3 S S 1O e B AT DU TN T
BRI TG TAE, RNl . ZHAE
A AR FIR L RS A KRB R A, thah, —
T B T ARMEIL IO S B 5, AN R A )
REE T J 2 WL AT 55 1 MR RE X L.

TE SEBR I & BB AL AR, 172 N T REBAL 1
VI G55 56 F 0 F5 A0V AR R B b A0 0 T 3k A R ASE
K AE W 504 2. Protein Data Bank(PDB)M i
KT MR S U0 IE (¥ AR (1 R 45 A R, X e
4 AlphaFold®™ 81X RoseTTAFoldMI45 2 #ifr) 45 1)
TIIN B B2 (i TSGR A S, T BRI 2 o) SRR R
JPH R = 4R R 2 A A W R R B E AR
&R FE (UniProt Knowledgebase, UniProtkB)!*!



18 RE R Bkl

01 %

L% (R R 1R T 8 ol ESM-2MiX 2K B
BV R G R O R AR T A OB, LA
BUR] DARFE 7 A1) bR SCRIAE RG22 21 8 1 R 45
5 DhRe R AIE.

W 7 R SR DR B T AT, e AE Kk R 4H 1% (The
Cancer Genome Atlas, TCGA)M1 i £ 4 2 % 42
JEELE B TR P yge S B 43 A Y (5 2 TAE R
EH AT Z RN, O AR AR — R
FAZHFEESWEHRE, @idX TCGA H K
RNA-seq. miRNA £k L& DNA AL H0d 33047 47
AN, TEFF 20 R £ 0 TRUS PPk RN AR A T 2 AR
1E45 P S T 8O 3 ik Y, RIS bR R
F R, 2 2H 2008 T B SR AT G — T PR 5 R AE
B, FAB, AR R RR R MBS &
TR H ., X R LR, A S R
*£6 WHEEELD

Table 6 Summary of Common Databases

W B A LA SR EEE - &, TR TE AL B I 25
556 50F 4 RE AR A% O AR R AR T AR AR X g
I R AR B 7 RS 508 1 flL 4, 38 3 3o A 7] ) B
P A by 7 R A A B (S B, 2 T B A
HRERE A

SRR, BUA AR AR 2 A A K A b mT AR 4
FUS I B 2R BRI 78 ML 43 N2 AN, BAESE
D25 Bkl % RWIBML ¥ 5 MRS RNA, &
FR A% 5 M EEY) % 9 SRHEE 2. GRS 2
BEASHOE . g 28 4 2 DA R iR i 5 i
PG, XK PE A FZHDY AL BN AEDI(E R
5 QI S 1 ATUAT 45 R B AL T A A S A
SR K P L A B S R R SR R P 3 ST R A
% 6.

ES BARE AR

ByERa Al LM

BRI TN (6]

BTk

FE [N 41 = 33 FPIREAE ST, 2 LAK+FEAR (B i WY 4028 005 T L 32 RFER 0
(Genomics) TCGA GIRERA . ARG RER) FE
IcGliz?) A BR 22 9 P 5k R 2H AR (29 225K AL AR S 40 A P8 NSRRI R SR
FEAR . 70+ AY) 122
nomADE2] 125K WES+15.7k WGS(Z & A8 5 BUW PE VP,  BE 1% 2> v4.1 (2024)
gno N#f) Mr
IGSRI24 1000 Genomes SV ¥ (K i K #EAAREAL 070 L BEIRHEAR 5 RESE ST
WFP) W
11.AM+738 5, AI4E 5 FBCA: A8 s SO MER] D 0k L SRRl e P2 s
P NZE. /N (Mus musculus). R 20 72
dbSNPI! X fR (Rattus norvegicus). B & 4
(Danio rerio). & (Drosophila
melanogaster)
Ensemb][28] Z TN D R 200+ 400 F0)  BERIVERE . HUBIER 41 5 Release 114
Wb (2025)
cosmiclizn  TEIE AT TR A B S e YR B RAS R ) KRR
oMM NREF GBI EIRE B R R R FREETE
dbVarli29! 45 KA S B S KA S 43 B FREETE
% oponan EIEERIE IR HIR(Z AL RIATN LR DR RE . i Rral s
(Tran- Z ) ST
scriptorfics) CCLEMY it R A AR R AE e (e AL . SR R R OGHR RRAR R
¥ ILE4E) g
GTEX2 15k+ RNA-seq(49 Fl NRZAZL. HIURr 1R 1L 704, eQTL v8 (latest public
{8 FEAE) P release)
erayExpress 12k+ Z& 22504 35+ Fh) ﬁ%éﬂ%&é%*ﬁ\giﬂﬁﬂﬁ FREETE
L
Exprtils;ilon LR I8 B e LR TA T AT
Atlas
KUMAFE o ~opgussr  DNA BT KA e @ i A2 i IIZ0PFFN . RNA JHER F580 5008
JEgmis RNA (1.6k+ 4t Z/4H20) o, BT A

(Epigenomics Roadmap

HEABM . DNA HF A BBHIRMA S FIEML 2015

Epigenomics™® RNA £k (127 Fhdifue sy, 2 #yg

https://www.cancer.gov/cc
g/research/genome-sequen
cing/tcga

https://dcc.icgc.org/

https://gnomad.broadinstit
ute.org/

https://www.internationalg
enome.org

https://www.ncbi.nIm.nih.
gov/snp

https://www.ensembl.org/

https://cancer.sanger.ac.uk
/cosmic

https://www.omim.org

https://www.ncbi.nIm.nih.
gov/dbvar

https://www.ncbi.nlm.nih.
gov/geo/

https://sites.broadinstitute.
org/ccle

https://www.gtexportal.or
g
https://www.ebi.ac.uk/bios
tudies/arrayexpress

https://www.ebi.ac.uk/gxa

https://www.encodeprojec
t.org/

https://www.ncbi.nIm.nih.
gov/geo/roadmap/epigeno
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B K -25W)- R SRR . AR UL Z Y BET | 29 SR TR A s BT
22 n

10k+Z5WIHE R (Vo AR 29405k . 23 BRI A (BE E v5.1.11 (2024)
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FEEULM:  ICGC, [ FrifiE 3 K £ 1% 8 (International Cancer Genome Consortium); gnomAD, A JE3E A 21 45 5 % 3% 4 (Genome Aggregation
Database); IGSR, [E b4 [ 40 k4« % J5 % (International Genome Sample Resource); dbSNP, E#% 1% % 25 V44 P (database of Single Nu-
cleotide Polymorphisms); COSMIC, #i#JiE 741 fd 245 H 5% (Catalogue of Somatic Mutations in Cancer); OMIM, A\ 35 i i /K 38 % $i 4w 122
(Online Mendelian Inheritance in Man); doVar, %% #4975 5 %54 /22 (database of Genomic Structural Variation); GEO, % [K 31k 254 i 2 (Gene
Expression Omnibus); CCLE, J&JiE4H il & 7 % 45 (Cancer Cell Line Encyclopedia); GTEXx,, 3 [X#!-4 41 i£ 1 H (Genotype-Tissue Expres-
sion); WES, 4:4Mi 1207 (Whole Exome Sequencing); WGS, 4x%:[K 255 (Whole Genome Sequencing); eQTL, FiAKE AR 15
(expression Quantitative Trait Locus); Pfam, #& [ Jifi 45 #4145 5 i B 48 72 (Protein family); PRIDE, 2K i 41 2% % 5& B4 % (Proteomics Identi-
fications Database); SCOP, K [ Jii 4% ¥4 4> 28 $#% %2 (Structural Classification of Proteins); BioGRID, “E 4% I #A B4 F %% 4E (Biological
General Repository for Interaction Datasets); GWAS, 4x%: K 2H 1%/ #T (Genome-Wide Association Study); ICU, 4 i 4775 /55 (Intensive
Care Unit); CT, H-F i 5 HLITZ 15 (Computed Tomography); MRI, 4L /5 1% (Magnetic Resonance Imaging); OMOP CDM, Wil =57 44
SRk 38 FH B3 # 7 (Observational Medical Outcomes Partnership Common Data Model); KEGG, i #3% [ 5 %: [ 41 7 & 4= 45 (Kyoto Ency-

clopedia of Genes and Genomes).
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Figure 3 Visualization of the classification and application structure of Al tools and methods across interdisci-
plinary research domains.

This figure comprehensively shows the distribution characteristics and application differences of core artificial intel-
ligence technologies, including deep learning, machine learning, and multi-omics integration, in six major interdisci-
plinary fields. The sunburst chart on the left presents the hierarchical structure of representative Al tools in each field
and their relationships with different technical paradigms. The pie chart in the upper right shows the overall applica-
tion proportion of the three core Al technologies. The radar chart in the lower right compares the application distri-
bution differences of different technologies in environmental monitoring, medical research, synthetic biology, micro-
bial ecology, agricultural breeding, and drug development.
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