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development value due to their differentiated metabolic potential and biosynthetic capabilities,
serving as core resources for the development of novel drugs and natural active products. Currently,
the deep integration of artificial intelligence (AI) with microbial strain development is driving a
paradigm shift in life sciences from “empirical screening” to “rational design”. This shift is driven
both by the limitations of conventional research methods in addressing the complexity of microbial
resources and by the unique advantages of Al in multi-omics data analysis, model prediction, and
experimental process optimization. This article systematically reviews the roles of Al in the
development and application of microbial strains, covering four aspects: strain breeding, metabolite
development, disease diagnosis and treatment, and xenobiotic synthesis. Additionally, it discusses
the core advantages and existing limitations of Al in the strain development process. In summary,
through automated modeling and scientific prediction, Al not only accelerates the efficiency of
microbial strain development but also provides multi-dimensional optimization strategies, serving
as a core driver for technological innovation. The integration of Al is expected to break through
traditional industrial bottlenecks and promote the sustainable development of the microbial industry.
Keywords: artificial intelligence; strain breeding; metabolite development; disease diagnosis and
treatment; xenobiotic synthesis
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Table 1 Comparison of key performance indicators of different Al technologies in rapid pathogen detection!***)
Al technology Accuracy (%) Sensitivity F1 Application Advantage References
(%) score (%)
CNN combined with time-  98.0 97.0 91.0 Escherichia Automated detection and [42]
lapse photography coli growth classification of bacteria,
(YOLOv4) phase detection efficient and fast testing,
(mAP 98%) high confidence interval
Deep neural network 97.8 - - Bacterial The accuracy of [43]
(DNN) analysis of spectral ~ (surface- detection and  identification has greatly
data enhanced Raman classification  improved, and the
spectroscopy detection limit has been
using machine significantly reduced
learning,
SERS using ML)
Transfer learning 99.0 98.9 98.9 Longitudinal ~ Precision and recall have [44]
(ResNet) bacterial significantly improved, and
fission the need for labeled data
classification  has decreased by about 70%
Ensemble learning 77.0 - - Antibiotic The accuracy is [45]
(XGBoost+matrix-assisted  (serial label resistance significantly higher than
laser desorption-ionization  prediction) serial methods based on a limited
time-of-flight mass prediction in ~ number of genetic markers,
spectrometry) Staphylococcus saving on testing costs
aureus
Vision transformer (ViT) 85.7 85.7 85.7 Classification ~ Simplify the diagnostic [46]
whole-slide image (micro-average) of Gram- workflow, reduce

stained whole-
slide images
(WSIs)

diagnostic delays, and
improve the accuracy of
early infection management

http://journals.im.ac.cn/actamicrocn



1562

ZHOU Xiaoyu et al. | Acta Microbiologica Sinica, 2026, 66(4)

I F1% YL 9% 8h 71 % (infectious disease dynamics,
IDD) A1 8l 5 DU M- #7 % 2% (dynamical Bayesian
network, DBN) )45 7Y 38 20 5 5% 4 i T I 5 1 ¢
JEARDL, AN A5 2R 5 2R & e if s AR —3,
27 BERE A 1T B 4 TR SR 2 R A S R
J34h R AR L5 2 T3 (40 Random forest,
stacking) ¥4 Z IR A LRI Y BERS A SR 5 15 YL R
R R B TP B 1) A e 25 ) 24 A TR
(neural network model, NNM)-55 5 &% - 5 5 - Jak e -
ik 42 ¥ 7 (susceptible-exposed-infected-recovered,
SEIR)MHZE & IR AR, f s 48 S 4 IE AT
o - ABE AUE TOOI o R R S, v T o
PR ol 2 3 T o B R Y 28 Al 2 ST
A, JRD T R —RIRZ fRiR 25, RiREE S T
IR B3 T FE D).

o S A )RR g 5 % A AL A T e 2 T L R
I A iR PR AT S e 3r P, s
T R G BARIU N L, AL R S IR
SRR M, R ISR Y AR R AT i
AR R, JFHE b s B BRI &4, Y
Wy 8 3 T A HUAS AR A 70 2 2 il B i >R BBt ol
i, DI PRIEE A A (g AN 2e 41

B DG RER A S 5G HRME L, Al
AR T -1 - W e A ST X 4, S
IR T A P B A 00 5 B DX Sl I ] T Ko
fE JE 4 BB I S 1 [R] B AR R R A & 4, T AR
B AL AL Y 25 K . SR, B
i DL R . BERNZ AL RE ) M A HE SR S ) 2
KEEP K . AL 5EBAEYF . PORMEREER AR
IRLG, BRRHRESI AL Qe B 4 E A R RETITIN K
HET T BT 22T
3.3 Al EWEYRRHAMTF L SN
BT RN

B 1B W, AT A IE A A 2 oA 9
W IIT A AR YT HERE . & R T LA
2 W7 E B T 20 W R0R 0 DA R 2 st
H, AL BERSRE S e AT R is 1L o . R4
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EH A AU MR, 2
TE BA 5 09 3 6 R 24 8 2T B IR B A T
PR B . AR R R R G IRA
IR I A B o i ) R 2 ) R A
BOHIE R A R 2 R A, FB) AL TR
RER IR 25 W) T K S8 b RE ,  [almf SR ey
Wl o> M e 7734 BEAS TIIN fol A= ) 24 B P 22 42
Yo AT SRSl 1 5 R RE A2 i 8 i R
ol A PRI | 8 i A PR SR A 58 245 )
Y

AT BRI A B BLZF P FHE 50 B < it 2y
Wi, NSRBI <l PRV L i i R, A
U T 25 &, 3 ol PR 5 A 5 R 4R
PEAS T A AR AR B Sl B B S L, s
ity

RSB G HOAR 5 G R IR L RE,
AL BB | AL A AR I, JE
TEGEIR B = M X R A E 2 AR, 45 X
FEROAR, AT THE— A0 A Bl LA e kg 245,
LRI G T SR, Bl bREdl | R
AR A PR IR REAT) 7 S . AT, AL
Rt sh L Qe m B o B ReAL . MR,

4 ATEREMRENINEY R
&Rk 7 B B A

HEY A B ANED R S E AL BB
T BT 0 A AR R AR . AL SVA T
i 1 AT A B D LB L A I R 4% S R
TN 2 5 8 e s SN IR I A it A ) 2 IR
PP ICIRRE, PRI B Ry S AL AR i s A
B, 2 2EH AR RHLES 2% 2 A AF S 8 )
Br T HAH AR UERG M . 2R8I . A a5 K
IRFEW) A A R AR 1 51 AL LR W i
A 7= BE 1. Moreno-Paz P45 G HLER 2= 2 5
BT -4 g - K - 2% 2 (design-build-test-learn,
DBTL)JEIR, i 2 Bt 58 AR AR 1) 21 2 B8040
AR 5 A PR 2D BRI T TR B PO, i
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T SR LT 68%.

AT TE SRR W 22 T A W 0 5 400 4 v - Jre B
W EE . R R A R R YR . pHL
VISR . RV B S Z R SR X e A
B AN IR0 S5 B4 7 e R e 7 A S A% K
PR B T B P A ST BCE AT T DA i 7
ST PR AT sk B B I 22 [ () R 4 06
Z, MRS v W) 5 9 s & e 45 . 90 4 )
AL b2 2 Bl O 32 1T S PR 22 A% T s i 45
AW, B B R — MR e
R B4 I s SRR O WL AR T &
T —A AR . s . EElgs A A e &R
SN TERERSE, HT 13- B4
bRt R B, AU T N T AR, B4
o T ECRLR R A= = 0 AT Rl RETE R T
TR R EVER o B2 & ANRY)
Frad FE A B e B R, E e AT HR AT LIS
F 5 0 45 4 RN D) RE A A ME T S el 4R T
HAETEYE . eSS ERE ., — LI TR
> amAksE 2 MR 2E 2] S HOR B S 7E B[R]
PR BT S BEAT AR TN . 45 A SRR A
FE RN, 78 A Az )24 403, CRISPR-
Cas R H &0 W M, Al GBS 1R &

F2 AIERE IR PR RO B R TLR

Table 2 The current major technologies of Al applications in the field of microbiology

CRISPR-Cas R GiZ.Oo Mo meisE, AMUGeHE
Ty 0 5 AR AR | ST IR v 7 0 ) i 1 O
EH, R TIE A R4 M -Th e R kT & 1h)
Wit AT g e L R A U K
PR I S S A T o S 0

AL TERUE DA W6 WA MR o S5l %) 1 F
IEARBIRBAE G H AR R, Al 56 SA Y
PITREERLG, BB YA ie T 8 sefk
T2, R RS E YR E TR AR . Bl AL
R FFE L 5583, RATABBHEE, K
KB E Y YA SR B T 2 A A8 H
5057 S NG~y 3 Rt R a I YNGR
5 ik

AT GEAE 3 K 0 B0 i Ak B R ASE 76 44 2 RE T
RE 8 PR i BT T 2E ) 2 2 i s A% A5 BRI
45, RS HETIN R RRRR I PR A AL T B, R
PETF T AE R AR T RRCR RS IR, oA
AP R R R BOR BB A OIS T, 7R
WA E . Ik . EwizkS
IGIT LA AN A BAE J TAS )1z 6 (%
2). HEODEHIRIAE 3 A, (1) Z4EEH
PG RE Sy, ARl . R AL S A gk

[62-67]

Field Major Al technologies Application Technology References
maturity
Strain Random forest, graph neural network, High-producing strains, CRISPR editing Higher [62]
breeding XGBoost, etc. for metabolic engineering, etc.
Metabolite ~ Convolutional neural networks, transformer BGCs activation in Streptomyces/ High [63]
development models, molecular networks (machine learning  Myxobacteria, discovery of natural
for redundancy reduction) products from silent clusters, etc.
Disease Convolutional neural networks for imaging, Pathogen detection, antimicrobial drug ~ High [64-65]
diagnosis linear models for phenotypic analysis, resistance prediction, vaccine design,
and multimodal fusion etc.
treatment
Xenobiotic  Deep learning for pathway reconstruction, Alternative proteins, bioactive Medium [66-67]
synthesis generative Al for synthetic biology design compounds, bioreactor optimization, etc. (laboratory
scale)
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P 55 Ak A R E T AREAY . 5] 4 BGC-Prophet 45
RV B A Wy e R A, RRAEVEERR . PRt
KA 5 € A A= 5 LRI i, IR A
BT R A T A Mk A AR B A
WA R R ) ST &, 454G
H b2 87 G A DBTL 3. 1A Rk
Pl 25T DBTL (3R A AT IEACTT ™ dh 8T
PR, FETHLAS 7 AR AR OT & n] LA 3% DBTL
TEFR LAPR RS A U R I S 50 3 6 8% 31 Tl
(3) KiEaaRI R JEW, AL SRSB4 | Al
MA A Sh Ay, WEEARTE T R RO AL
SRR UERE , [, AL BARIESR AR s 3
). BREM R I, W T E SRR
T e,

AL S8 S BIE I s e S 04k, 3Ta T 1%
Gl AT R AR R, (Rt I 5 17 2 Pk
i, BRIz AL . R AT RRE A L TR
S KU, LA R AR B . 1 e, B AR AR
MRAT R AR TR, R 2 RS = A LA
T 1, ] I B39 A P i 5 4 MR Ek 1 BT FH 8040 114
Joi b, O Y AN — SOPE 2 5 me B R Y A
It ELNZARA0HE A AR RN T8 7 e 28 17 R e 5
W & 2 e E Y S IRIX — a5, TR AN
FEREGEHITSE XL, IR pLA ok 3t
=, G SRR . RS, AL
Pt Fr Al ads a] >R G S 2 >0 i s s 86
Bl b YL, S mad W

FOUR, GRS ) BRI e 7 Ik, (EXE
DAEA AR TS 5 L, S0 5 B I Zr A s 2
TESEPRAE = i RS B Rk, AT R HE i
7 RS IE W S A fp i, JUHAE S R
b e e I E R C A
xfite, ASOINER AL BT J7 5 A XU Al 5 78 B
TAE, WEAYZS . YR, 4SR5
FE2x KUK 19 8 B, B PR R PR T AR AL 4% R 3%
(International Genetically Engineered Machine
Competition, IGEM)TE1Z Jy T S U T — 7 1Y 48
ST T 1 i R (1 U A 2 B A W A A
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SR AE ARG ) H A M DL R S B Tl AR
B g O o R v i e O HE A o fE R AR
LAY (1Y) Al i B ME 2 OCH %, SHapley additive
explanations (SHAP) #1 local interpretable model-
agnostic explanations (LIME) % 1] fift B Al @& 4%
R i e AR i 4 7 A B 22 21 = Bl T e ot
BT NPT A A R AR, DA T o
fEAEIF I R, 5] s 920 RS 18 25080 4R 114
M 2%, FF DR R T PR AR ez Ak o 9] s
T PRI A 2 A 45 AR I T~ CRISPR YA
WrBeit, BRI R R 300% R 3)
TIEEXS, BAZHE o-TE R AR A SCEEAC
WA s ARG A 19 v mT g R A R TR A 22 06
R LRI IR S BT, AR YA KRR A AR
P At X SR R TN 4528, I 1 Al G 4 4
RIS, A5 TR R L B0 R R, R
RS BRI & DL BB | R A A 4 2R Bl
AT RES A Yl T

e, ALG AV A BORAFAEAS T 1 148
L, TEEBR2AGUR, AT IR S5 ARG g A
it 2l PRAH S 15t , e AAEIE . J35h, AL
BT Y SR PT R aE A 7K P B DR e B B RR B R
HCGURARTE G R, A —E R AR . 540
L PR 2H T AR R SR AT BT R BRI B AR bR A
Prafany 7R, I 2 M M R A | BGEAT
Yy ik S, (HAL AT DU AR o B0 1 10 L
Pyt 345 IR A B ML RE S sliae L nl
RES IR R MUBLIAT IR L B2 BRORmAT . Wit
AL BERUTT e 5 AR A BT St A W], BUR
WA RIE T EN, AR . A EXS
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