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[Abstract] Infectious diseases cause millions of deaths annually, and the emergence of novel pathogens
and antimicrobial resistance has further increased the diagnostic and therapeutic burden. Conventional
approaches have clear limitations in terms of efficiency and sensitivity; therefore, innovative technologies
are urgently needed to achieve rapid and accurate diagnosis and timely treatment of infectious diseases. This
review summarizes research progress on the application of artificial intelligence in infectious disease
diagnostics and therapeutics, including pathogen detection, medical imaging analysis, antimicrobial
resistance testing, epidemic trend prediction and surveillance, and portable rapid on-site diagnostics,
providing insights for both basic research and clinical practice in infectious disease management.
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ARk TR PR . H TS S R 2T
HOAR F2 B = R O B e Al - — 2 A I 32 5 0f
PERTBR o g I 15 IR 45 o 1R DI SR B R
Ji 7 68 52 B, 1052 A0 ] 2 7 R I % O 125 AR AT LA
P T A DN S B AN AR S AR BH M s S 3 e IR A
T R -5 S50 AR 9] 1 45 2R 5 £ 95 12 W 4RO 4 S M 1 T
S T AR e ) R A 0 SRR RN RR R B T UL R
5o TR SRS B AR A BRI T 24k A A 2
BEIE S 5 7 DN BT T 0 2 5 DR A il B
B A Bl 40 PR A E AR T i AR s AT
22 WO 32 AR EE N TG SO AT e I A R
B AVUBE TN B AR FI 3 e FE RO AR 1 E A s 4
AR A B4k a5 AR R TR 2 .
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P2 B D 8 ) b T R AR JLAR B I R] = AR
R HEAL BHIRIT T R R o R, BE 7 90T 4l i
e 1 B A1 B 10 e R T B S B L M 5 s 1) R A
W B2 W FORS HEIR T o

VAR, AR JE 2% 2] (deep learning, DL) R {83
B9 N T % BE (artificial intelligence , AT) £ A [ Pk &
J& Ry B G VRS B2 YT AT R TR AILIE  ATH R A
AT TR 2 2 T B A AR R A AR R
EEA N ) N €T A T & T SN E I I =TS
P HSC B B RE 0, O B0 A 0 IR R W R
W B 22 528 B2 Wy o2k 3 25 PR B0 AT e
B W I A KSR 24 R 1 T R A 22 A B T
A SE2 o AR SO ATH AR A B YL M9 1297 T i B
JHHEAT £33, LU Sy B % P 95395 12 97 AH DG 1 L filt F
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AT ARHERER  ATHOR 236 A AL ok
UL 3 5 S BE (A8 (22 ) B PR AR
MR G5 7, N AE 5 802 AT 55 h ik B L 2
A RE R . HAZ O L DL o R T
ML#% 2% 2] 5 1k (machine learning, ML) VA & R R 4t
R K R 403 B9 7745 Al(symbolic AT L H 2R i
A B DL K AR T R RS S 2
Horp , ML G#E i 2l X 1 i R0 o A7 8 X2 ) ok 5
Loy CHUIN A e S . DLy ML A9 74503k, 1
22 J2 P 2 T 2% 10 i 380 i 0 5, D TG L SCAS T[]
J7 41) 45 A A5 48 A Bt T B B0 2 R X, B R
ABLAE S ML DL 2% AT 18K BRS04 B 3
B 28 W 2% (convolutional neural network, CNN) .

TR AT B I ] S SCAR R 51 B HE 64 A0 A el 2 ) 4
(recurrent neural network , RNN) K H: A8 {& K 45 1] 10
1./ 2% (long short-term memory, LSTM), DL & A H
R IIPLE ROz T AR F A BT
o ALY A e AR AL AL R R AR LT T A
HAEY) o 7 45 Y B R & M 4 (graph neural
network) 1 T B 45 1S 9 5 87 AE AN A2 i A2 i Bt
M 4% G AN(generative adversarial network) F17% 43 H
it %% VAE (variational autoencoder) &g
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ATHE R E 7 R A D& o R R
A W R R S A A T R R P B A R e P 9 i Y
i A OCH . ATH R EAR G I R /9 A 3l ik
VR B 5 TR AR R EHE SR T . i, 5 AT
FHFYNZ5 iy CNN X 3 22 e 05 B b G5 IR AT
G328 R L 5 7 AR R A o AN TR Y 4 TR OB
BLABEBMRN TG LS E" . T4 % e m
HE BT B WO % WL B R AT B ] BT (matrix-
assisted laser desorption/ionization time-of-flight
mass spectrometry, MALDI-TOF MS) , HA%L 4 73 #r
AR R L T 0 FL DU DG S, 7 ML 3k ) T LR
Jo 3 B B N E AR R HE AT % S R 2 v
Weis 88" #7140 8 2 30 5 #K I PR T8 Bk 5 % A
Xof IO TR 245 2 AU A R R ASE T T 2R T 24 1P S5 % 4
(database of resistance information on antimicrobial
susceptibility, DRIAMS) , F H: Il 2k T 2 48 [nl 59 R
FE A 22 W 2 £ )2 AN AL (multilayer perceptron,
MLP) Fl 4% f& 9 #6 BE £ 7t Hl (light gradient boosting
machine, Light GBM) % #% #1 , ] DL X} 5 W, 1) 803 Fif
I D AT 1 DL AT 245 0 SRR P R AT TN . A e DR AR T
G B R 5 T B ST T R TR B 2 0 EE T A
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T A A 20 7 k-mer 452 200 52 00 21 1 ) b B B 5 I
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ML % Bl 2 Wi (computer-aided diagnosis, CAD) A%
BNLE 2 B2 AR e Ak s, TR B A
Bl UM R G A OC S, 3 512 B 00 2 00 P R E
P o BN AE Bl 25 B i A L, DL SR AT LA gl iR
Jig & X 6 R v AT BE i kR R P Y 5 G
7N, AT R XT il 45 8% X5 4k 0 53 B B0 BE AT ik
93% , £ £ WHO X 25 # i & 19 25k . WHO T
2021 4 A 6 1 [R)RE SRR 22 0 B R Y ATEE R
AT T S5 A% R RS 0 £, DA 22 Al i S B N 0 oA
SR Ta) R 5 R Y DL A AT T A g
B CT A1 X 6 U5 COVID-19 fiti 4, 3 5 Hifih
ili 9 FH DX 432, SR % 22 9 4% (ResNet50) [l CNN
BRI AE 1 752 3k COVID-19 i F b 2 W o Ty 2R 34 2]
911%™, Hu %™ I & 1) DL 45 R 7E 14 7 435K g 1
PR K TR A 4 B I 2, i BE R i A% L R e B i
2 FIE #0119 = 73 26 i 42 °F T AR (area under the
curve, AUC) i5 F] 0.94~0.98, X 43 COVID-19 fiifi %
5 HABNG & B AUC 5 0.94 LA . FE%S”HET
BT 22 2 i PR A 0 i 48 g Jer ) ) A AR 0 i ¢
I3 JELAAR L 35 B 94.87 Y0 1 TN A A B o R B S A
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92.5% o b IRBCARA BAE I BR N A b PR 2
W ) R HRASE G A AT 55, O 4l B OO0 B R D 4 12
Wiy 240 58 0 — B o

DL 7 i HiX b 28 3 ¢ Ik G 12 Wt K1) 0 JUE e P
PEAG %G P O P4 RS 48 B B s 78 Ty T Al L 45 %l B v
3 ABAHSCHF 5T 1 /D, i PR 7% A7) 2 2R b TN R
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B 0 A b, 5 o fa A FL Sk e # (human
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(visual inspection with acetic acid, VIA) Al UL & B AT
P o o T . 3¢ W S7 1A BF 5T B (National
Institutes of Health, NTH) i 0 55 W1 A FF & T & F
DL 9 B 2l #L58 PEAL 758 2%, 70 i 7 8 S80S 4
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ARSI ) 5 i 245 00 OC Y 58 AR 45 2, AT DA 1 0 45 4% 43
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R FT B 4 5L D AL )T 51, e A 2%t S s 55 T 24 4 G 1Y
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BT i T Gl PR S B X PR 28 TR 20 TR 24 2 1 R
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HA M AE LA R AEAE T B AE KB R AL, ) X 43
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AW E o 78 BB i R B 7 T, A WF SR A
HL 0 D0 (A 46 245 5 R 36 45 2 46 ) i AL DL B 7Y
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boosting decision tree, XGBoost) # # | i% ) #3 ¥ 4E
5 FE VD 1] TR A PR 2L B 22 A AR R MIC {E
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e -k & (susceptible-exposed-infectious-recovered,
SETR )44 4 1 7115 1 e 2 850, M LA B ook ik A 22 5
AR o T AT AR I i B0 TP A2 AR =,
LSTM 45 IR BE i 7 45 28 2 B8 1T T 4% Bl 2 3 11
RO B . 25056 T COVID-19 [ BF 52 i ] LSTM
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A 0 28 B3R AT o A AU ) s AT 3 4R T T
COVID-19 55 51 B Tt #4985 % 11 o ) 4 2H 0 ik
A BBl 28 ) 2 —— ) BILAE B P28 9 4% (physics-
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AT % 5 (epidemiology-aware Al models, EAAMs)
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B HL T LS B0 0 AN S EE T RE . Ye
SEUUZERIT B T T AR 245 0K AT AL EE AR AL AR
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9 1) R S L DB R AU S R g A
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AL ATAEHIHE N R 3l F ] 4 15 H i 245 5 e ok
DAV 52 155 v XIS 3t DX, DT Ay 300 45 46 4 4 i 42 it
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W, 4 i 3B B ROR s s AL 2 ) SR O TR R AN
B 25 SR s 1) A52RE L DT Ay 2k 5 2 4 it e A O A7 3 T
o ATHESh A B R4 T R 08 A gh Ak B
PR 5 R EELAR AR X S SRR Y Bl 2
S 8 I b P A DS IR TN M L
P o e AR R 37 WY R+ R A A ORI A A
5 i A BAE IR, T HL 25 A 1 5 0 1, B T B A S
AT 2R AR

AT AR AR X5 Ak tonl b eg s R Al
9K 2l A it 45 s AR 2 12 WP 6 SR A S I A RE A
E 28 55 I I 7 43 B o SR ) 5 T 25 5 . B OR

A SR T HLBOR 45 R GOk O F# L & R A
4R P 1 (loop-mediated isothermal amplification,
LAMP) 5 CNN M &5 4, ] £E 20~30 min A 58 A il
VL BIG  YAE AS r E  AR el R e B A R Y A Bl A
W55 43 26, R 8RR AR S B2 4 i ik 95 % AN
986" UM 4R R AR U B A 9O US4
Zx ATHERE GBS AE 15 min P9 X 22 05 IR 0F 175 £ 4%
B, 4 D0 B 2 0 S 5 = AR gk ALI T
S5l 47 RGO A A B AR AR A 4 S S
W 25 G TR B 2 I BRI E S LR 5 SRR R
8 5 400 ARG DN 9 R O g T 24 R P O A 80

ATJE B e b o 95 BT ARG et A AT
I 5t ) P v sy AR R A6 3k 43 1, DA T DK Ain
PR YW . Stokes 55 ) F IR JBE 1t 28 1 45
T 535470 T P L RN I P RIS SE R 22
2 TR BRAT R BT BT 3% B4R &R Halicin, Boulaamane
S50 FH TR 2 R R D BT G 6 AN Bl AT T A
HALE W . Zhang 557 WK L5 5 DL &S &
T OB K E A G AL I AR AR A S5 b 38 E T A
SRR AR o DL 3K B i) 3R 67 7 5L 7Y AT R 5 i
TE 22 R A P B BT BT A 1Y S I R AL, B AR S
T S 950 R A0 A 1 8 i b U S . R
R ST AL T AR G 1 R e R) 2 &R g ET DL AE
5 T 24 3 10 g B 207 A 0 o IR O A A B B 4R =
TEIG R PR L HF I, Yelin 5 FF & 732 FHBE K
FRAE Y ML S, R 2 5o A R AL Uy SRms |, BB 5T
R PR R e TR BT AR R R R AR 67 00, A
THEG R & RmIR . B8 T ATHOR DK & Sk
FIHL - D A B Hh il SRR A ARG 1R R T R
HAR B, f8 s 1O RS e JE A EBLAE K2 AR
MY A SR AN T AL A AL B T A R S 5
FAEAAL FR K L, BROAR G TR 58 A AR 2 ) A
S AR R RE SR T ATE AR X T 3 R A0 Ak 0 f 18
R0 /X = oAl by & N R AN N N R S
HEE N,

AIEARE EREMERISTPHME A 1
JEPIZ W, CNN 7] ML IR R o 3 R 3R 5
JE Do SR L ) 21 20 B S T R A0 M A T R R R A
96%~99% , wn MBI N T & F A RE
TEN 25 4% rf , CNINASEBY H] T3 Bt i 758 X6 J 0 A il
SEAZHR AL . CNN B B 4 9o 55 B 5k 9 A2 11 151
BB o BEXF 2022 4R MR I R K, A BIF ST R R g
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KRR S K AR U 2R T 2 Rl R BE CNIN AL
AU H AP EETF DenseNet201 A AR B 7E X 43 4% 955 Al
At J7 925 B 3K B 24 97.6 %6 (R HEAG SR (W43 R0 B8 )
A R I DX 53 M 95/ /K 9/ R 92/ 1E B Bk 1) 04 43 2 1
BN MER R 25 95.2% . RNN K HAEFR (41 LSTM)
KA BB [B) 51, B T IR AT AR A A L. F
84 LSTM XK 0 1% 45 4% J i R 8008 A7 45
REWS — & FE B B0 R R M a5 AT B , AT
P& AR T BURE o AE U R A R M AR G R
5] 5 T 0 7 T, TS TT ML AR 78, 5 Bl R ke il 2 4
WA FET PSRBT COVID-19 5217 2 & 1]
5], 4R 22 A1 BA A B LSTM >k il & H 37 44 i 12 A1 5E
T N B AR A A% B, A B B 28 DR SR R i & %
RNN 88 Y [W] 4 1 a] DL ] T 40 A i 3 43 e 30 1e) i) A=
A URAE JF B, 1 4 %5 0 WL A5 JR e O R AE 1Y
v fd o E RS BT A SR 9% B B, Transformer 8
KA AT B R A R 9 Z M A8 S G &, DA M v
SRS SCHR 47 SCA 42 4 (AN COVID-19 JF it 5%
BOPE 4 4 B CORD-19 iy JH 45 ) o A7 i 52 (i H
Transformer it 5 B8 (LT GPT) 2k Az Jli fize 12 Jik
J¥ 5, - 0 BT R 3G M . Transformer 8% >k IF
K BEITINRALES N, N A AR s & sk
2# 2] (reinforcement learning, RL) 72 % ¥ F 2k ¥k 47
R R AL, T A R 46 25 R s A Ak e
T b S m AN AR 25 ) T SRS A i ALSE R ik . B
HIFIX 7 1] 22 e B A F 5T, 0 75 B 21 IR
J7 TR B E . iE A S o O AR KB 2
P A Y (4N TmageNett BHG i & 1 A9 CNN i H
E B IS T BT N ECE AR AT DL G 3 R T A
RIS I, B4 HPV R G E 8RR 4 B, 0F 58
HAHSNTE ARG EWIZ CNN, f7E A R
14 B PRI b GO DA T i s A5 7 Xof 240 A s 78 R A
BB . B2 RAR AL S R 2 8 4t i
B AR B R 22 1, AR RD B 97 BOE = N 2 Y
(), F LT O, ATHSE B F5 AR 4 AT 55 A e B B i
1 B8 0 3 AT BT PR DI ZR A AL 38 2o 45 R B A i A
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JREBTIR e
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Wk | 5 22 B ] 5 2R G0 28 A O 1 HE AT AR 09 55
Jio B BRI G EE T L L 2
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AEJ7 o LU, W PR L X A58 250 14 fige B P 418 13 O iy
f 2R, AELAT ZEAE 27 U R R A TE R AL Y
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DY UL SUNCE TN 25 ST R BUE 354
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AL 38 £ AR S HF 25 LA B3 R I 25, ol ik 22 4T 55 2
>J A [R] — R Y B 52 B JECVR S it 24 0 A AT
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Frei e sh 3 E ATEOAR B MG AL N I HE) , e 8 3L
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