afX £

Synthetic Biology Journal 2o2s.6(3).566-584 2025 £ %6 % % 33 | ww.synbioj.com

S N B DOI: 10.12211/2096-8280.2024-090
R TR IR

L > BBl B 3 D AR S A A i 55 0 1k

RV BRES FER
CBEAFFINETHRAAER, EHELHEREIEFARK, K& &I 518055; * FEAFAHFIEZR, Tl aYy
BUHFHELLRZE, JLFE  100084)

E: B199FE PERANEREEE (genome-scale metabolic model, GEM) [BItHLI3E, GEM B AMBATAE
MRBNEETE, ZERGEAHER. REMINRLE, FESHFITERESORMNL, EEEATELL
YIRRAOREHIFE . b4, CGEMBERBBERNZ S ShHFSH . SEFHERSARIRE, HEEEAE
BEEFEATNENNEZARSIIZEE ,, AW, LRIMINBRAAELREIRR. M52 IRARE-EERN
HIRAMIEFIEIRGIRE S, AH—EV B CEMRE T B . ARARRSLE T1ER GEM RESLURZ I EE
iRiERiE, FESERYTIRFIEEPXRLSBERNNAR S, NEFABTRE. REBRIT. SRBNMIE
MF SN . NBRFZITARERHAIRENS, BLEXEERF GEMAIIIETIRE, RAXTEYCEIHIRVE
R, FHENSIIEF A

XgiE: HERAMEREIRE; NRFS; SMEDT; RERE, SRS IRER

hESES: Q8149  XakirEwg: A

Applications of machine learning in the reconstruction and curation of

genome-scale metabolic models
WU Ke" ?, LUO Jiahao" >, LI Feiran" *

('Institute of Biopharmaceutical and Health Engineering, Tsinghua Shenzhen International Graduate School, Tsinghua University,
Shenzhen 518055, Guangdong, China; *Key Laboratory for Industrial Biocatalysis, Ministry of Education, Department of
Chemical Engineering, Tsinghua University, Beijing 100084, China)

Abstract: Since the publication of the first genome-scale metabolic model (GEM) in 1999, GEMs have become an
essential tool for analyzing metabolism. The models integrate genes, metabolites, and reactions for combining
stoichiometric matrices with constraint-based optimization to systematically describe and simulate metabolic processes
in organisms. The development of automated pipelines for reconstructing GEMs has expanded their applicability to
organisms from all kingdoms of life. Additionally, GEMs can integrate kinetic parameters, thermodynamic parameters,

multi-omics data and multi-cellular processes to reconstruct more accurate models, thereby improving prediction
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accuracy. However, the reconstruction of GEMs remains heavily dependent on pre-existing knowledge, inherently
limiting their scope to currently available information. This dependency restricts our ability to fully unravel the
complexity and dynamic nature of metabolism. Recent advances in machine learning have demonstrated extraordinary
capabilities for biological tasks such as protein structure prediction, disease identification and GEM reconstruction with
functional annotation and large-scale data integration, showcasing its power in identifying patterns and uncovering
hidden relationships within biological systems. Machine learning provides a promising pathway to overcome the
limitations of GEMs by expanding their applicability to areas previously constrained by data availability and
complexity. This review summarizes the traditional reconstruction methods of GEMs and their applications in
integrating multi-dimensional data to build multi-constraint and multi-process models. The review also focuses on key
applications of machine learning in gene function annotation, pathway analysis, gap-filling prediction in the
reconstruction of GEMs. Additionally, the potential of machine learning in predicting kinetic, thermodynamic, and
other key biochemical parameters in the reconstruction of multi-constraint and multi-process models is discussed. By
combining GEMs with machine learning innovations, researchers can improve model accuracy, enhance scalability, and
gain new insights into previously elusive metabolic mechanisms, bridging gaps in metabolic knowledge, and

underscoring its importance as a cornerstone for future development in systems biology and biotechnology.
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Machine learning

Complex metabolic model

Genome-scale metabolic model integrating multi-dimensional data

Keywords: genome-scale metabolic model; machine learning; synthetic biology; metabolic modeling; multi-

constraint and multi-process model

AR 2 4 i A BT A AR AL 2 RN SR
W RE BN AL . WA RS A i DA S A R )
RE A 2 r o HEL M X S AR o R T I B AR R Y
Dige Ll SWrEm . Wit iy, wat4a T
PLEMRAL ARG FE R e EE . A, BT
Wk R B R, AR G SIS T VA A AT BN
W 2 B T i 2 Bk o T e IRIX N A, AR
WAL N is A . FE A AR B R (genome-
scale metabolic model, GEM) /& — ff 8 & JL [X] |

R L N R VERESE, M T & iR A )
RN AR I 2 R 2 i B R R T IR A
0 RE 5 £ Bh 0 A6 55325 0000 A8 0 2% 1) AR A
B, BWEERNESH. S 2A
AR I 2 20 R A 3 A 2 AR AL AT G SR
ZYVRZ IR Y 5 1999 4 KA E AN LUK E
MLFF R ) GEM BLK, 15 5t K 58 B2k D 4 7 31
W AN, H AT S IR R AT TR AS Rl
() GEM "', X UEIRAE o 7 AN . BERE. AEWAN



568 BRENE H6B

NS Z R A, OB T A AR R 2% )
T HE Tz R T A R R AT A TR SR
T B i 97 B8 R R ) S5 s e i A ik TR
F B AN e i R A 2 BOR K PRI & e, GEM 1k
RE AN IE JH Y0 AW 5271, IRt il R e it 7 A
AT 108 A AR AR WL PRI RN R

PRI, GEMAKI T ILA B RR B S, K
RE MR AZIRT A CaE R . LR 2T,
FEDN IR A B, B 2 e 5B 1 GEML, - HL AR
s EIFAEAL, XA EREZ LR T AN
XAV R R R A TA K. JEEER, Hlas
27 VR Fe A F o K B xR S5 T R 77, AR
KREZRHFR|TZ N . JCHAE LD 208, Bl
BRI B FE MY, PlnEEAR=
24 5 K6 FUUIU AL AR A Sk T S5 40, R T AR
NIRRT HRKE S, R%ET OAMRREA
WRERE ] 0 AN, ZHRIETE S GEM I
SN SE AR SR R B RE 1L AR T Al i
LR T AR T Jee L O 3 N AN . AR 4R
R FEAE NS F T 1E GEM AR K HF 5T o 1) de B gk 2
H RN AR R DR . R, A
R0 2% 2 pE AN, LR I G AR A 2 4 ()
T2 TR RS HO I

1 BT Sl R AR

1.1 EREERBHEAGHER

& 48 GEM [ ¥ 222 i i e 8 6 47 T A O o At

o MRS B A R BB IE (B 1D o 7R R IS A
RUAE BB B, 3 AT 55 2 o0 ik D] A e (1 AR 35 2 [
TR RE DL AR I B 238 s ERBUAE IR B
FEAT S B A BN IE R 5 S AMR W 25 o 1 =
Gk, AhIE 7 E AT 58 E GPR - (gene-protein-
reaction) KR, HiHEVEHAN. EEFEMZ
e [ B SFEAT S5 U GEM ARG AR T 45 P 4 SR 4K
¥ B, fFE AR RO #WE E (41 NCBI A
KEGG"™ ). & A i %4 % (W UniProt ™ .
BRENDA "', Expasy ™ fll SABIO-RK "' ) DL K&
RO = B HE JE (4 KEGG ™ . Rhea ™ |
MetaCyc 7 fil MetaNetX "9 ). Jb4h, —LLHdE &
(1 BiGG !, BioModels " 1 KBase " ) 24t 7T
U 1K) GEM, 1] A 152 284 507 AR A58 284 g 4 1)
AR . EREMA SRS, DA — R 51
EPPAh,  DARA IR 0 & m S S5 8 AR 1 s
H T GEM IR g SR S84 (1) %245, Thiele
26 90 T 0010 4F 2 1Y) GEM Ky 45 B9 GEM #4 tt
FRARAC N 96 NP R, HEIX — i R B HFERT . i
R THEAE S AR R K e 525 & T GEM 1)
@it . i, COBRA Toolbox 3.0 ™ fl RAVEN
2057 THARME T IR &, BRI T BA
A4y HT B %% 2] A o B4, ModelSEED P |
CarveME "' . Merlin " . gapseq ™ Fl AGORA2 "
& H 3k TH AT 58 U AR 2 1) KER 7 P 0K, B HE
FLRIHERE . GPR R RA R B AT 3 4 Rl 5 o7
X FNEE . Xk O N T . i
MEZAEYER g, Hr AGORA2 A N KiE
HAFH 7302 M E A T GEM, IR T HAEGiE

SE il A

O Rty
my
| B

2 B AF A

G 5

s

g — e R = e —SCe S SR

T
— Eﬁ:ﬁ

i
a

El1 GEM DL 2 293 2 i PR R i gt it 72

Fig.1 Process for reconstructing GEMs and multi-constraint and multi-process models
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Fig.2 Framework for constructing GEMs and multi-constraint and multi-process models
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Fig. 3 Machine learning-aided reconstruction of GEMs and multi-constraint and multi-process models
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EFGIN T LS 2 05, Ak R BB ) 1k %
AR A B ARV, JF 2 3 1R T BR AR 0 )
BRSGUERE Y. 0 ASKCOS £ Al T R Bt pf &
W 4% (feedforward neural network, FNN) Tl 5
H AR 73 - $5cAH G IR e REASEAR., ik 2 AR BH 12 S5 7
HATHR A, B OR PO &2 el A7 1, PR
1S5GS D R R, (H & ASKCOS H AL & 4k 2%
A R AR . chemoenzymatic-ASKCOS #ji 7 %
G 7 RN AR SE IR A A R AR BT T
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RetroBioCat fff F % T~ 7K Fi£ #f 22 [ 2% (deep neural
networks, DNN) ¥l Z5 ) SCScore " J7i%, it
XA FRE R EHEAT IS, B YA RS R
P T R R 4G 7 T ' RetroPath RL i %
SR RIS B R I Ak 5 2] DT VR R IE B I AR R AT
RRIRE L RetroPath 2.0 $2 7+ 1 5 PA_E V%,

9T RBBON 0 S AR AR AR, IR R R FN
M) BRI, — S T T TR ) e I T
D7, X S TR E B T s R ) B AR R
[EI3(b) ] — A8 ) 4] 7 /& Kreutter 55 Y K¢
USPTO %48 B4 9y — Ml 2 SR i ok, IR
I % 28 A STHR Hh U B B T 5% Bl A AL S B B8
WER T — AT RN AR R 17 51 2 Fe 51 350
B, 2R o i N S R4 SMILES % 46: y
A A SMILES, S BURE S5ORE PP g Fl, - {H 2 1%
ANTER BT IR WSS, Probst 55 M 7E
SMILES 1F R4 N =5k b, B4 7 /N ECSH 5
FIET A SRIE TR P e, B SIL T 300 & B 40
Zheng % " 3 F Transformer 42 #4 7 /& f'] BioNavi-NP
BERYLE A ML S 37 B4 A0 e e 37 804 BTk, Tl
T T 2 R IRF=IDI E L 1R . Zeng 55 MY JET
BioNavi-NP §i¢ i 1 ik i i) BioNavi, i I £ 7% &
ORI Gl N ARG S I N, BLEE
EHAANA] R 7 SRR A S RS . oA AR
() 77 V2 AR R AR I R S4B kAR, A
BACHTE B AU 10X 286 0 I 0 S R () T g o X BT ik
AT AR T RN SR TR TR, Al
W S B ), B TSR ) 78 o Y T S AR
R 5EE I GEM 248 BL il

AT AR T, O ) AR A s N 1 R
BCEC %5, Joikilid A EC 9 5 Fil il B A ik 47
B R, XS A5 R X L S B 5 R 8k R R R R
Pk, MM T GEM H GPR & R M #ERHTE 1,
X —AF 55 AO TR AR R A7 (1) B 2 90 22 ¢ 5
B, N T I ROH R R R AR R A% R A Ao
RO H T, BT RN B R T A [
Pk SR AR AP SR AE . I, Selenzyme M
EC-BLAST ", RxnSim " P }% SelenzymeRF "'
#o 1d Id TH A H bR S N 5 RN R R IR SR 2 TA]
19 AF el P R 3 T e IR B AL R RN, o,
Selenzyme i1 3 T2 5 SN BT A 40 & Y0 16 58 2

ZE RSkt R BOAH AP, , T EC-BLAST. RxnSim
M 3E I B 4> FHR SR 5 . SelenzymeRF /E -
Selenzyme BB AR A, @it 5] A sim RF 5%, If
4 A RXNMapper '™ SIZBL i B A1 Ji 5 B 5 A 7
DA T HEE R IR ) . AR, WRERH
2, Fe A0 AU 5 i ) ) RE AR ALV T A 2 2
XTI, DRI T AR 8 7 1) AFABA A A I AN 2 DAV
ot i 0 44 e

EX—H 5N, W72 -G T
Rt - 52 74 A T P R PR 2 >0 455 Y Sk i B g 472 9
LE3(b) 1. 1L EE- Y 45 & T 7 K08 5y 1
e, R RS, HitEEREKE
FEIF o SR, FHAE G AR 2 AT SR AR ) 2 I R
iR, WSS SRS BE B AR R, HLEs A= SI T E
BB — MR A BT . ESP A * R
ESM-1b il & #f1 28 ¥ 2% (graph neural network,
GNN) 73 Al R AL A F P A A NGy, HEiE X
PIRHARAE R 7N, 722 18 000 X 48 3ok 52 56 36 41F 1) 1 -
JEADEAE B ISRk B T TR S AR, H TR -
IR AT . 55— AN & EnzRanK ®, AR
H & B 28 X 4% (convolutional neural network,
CNND SRHUEG 7 5 ARV HIR-AE, I A s & w5
Ware TRV, MRS R E R, o0 H
FERT YY) bRl R RS TE B . fERg- IS S
TRIAT 55w, TEAE AR W] DL SR 388 e v 42 5 3R
B, (HRAFEARPSRNEG A E . —J7H, |
WS A O RRY A A 2 3 80OE FURE AR K
s S3—J7 1, BENLA IR - R X T BE TR
VIR ME T LR & T IEFEA . X 2 P BUBAY 1) Tl
HEURZ . Rk, PU-EPPRELT R T —Fhgh &
IEFEAFI IO AR 25 2 S B S ms DA R BR B o> A 1
B SUREAS I 520 . PU-EPP BEH 4 /E 1 15 Floxt i ith
B3 A FEOK AR B0 T 2L A R e M 1 B g 7
B, Qian %5 M ff Fl ESM-1b R AE & F 5T 41
GNN ERAE/NrF, 454 DNNYIZ T MELE RS, 7
MSCHR T T B AR 1 AN R AR R IO T ESP.
I HAE MEL Y EERS b, ) Ml 20808 42 49 0 6 %7
CYD 1] 551 5 J&& 4 LW AT 55 5 9 e 3 At I 3 £
AT TR, S5 AR B A T AR 2 1 St gk
Ko XEETTIER S G A S m T - R 4 A T
I B PR P AN O e e, AT DA Bl e i AE AR Ui
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BFH I TEE, S GEM ) 42 4t 58 4 ) 1) GPR X
Fo SUCFEE, Hu BIBA ™ & T8 B2 2 B A
SPEPP, A LA 50 - JEC 490 - 72 ) = i 2 R A s S [
ARt . AL T ok 1A% G807 b OREAH AL
THERR IR, B E TR S = B R,
W v T W TE B AL RN 1) R BLYE L. Bk Ak
Shi % " R T — N6 & REME K4 B g1 48
APl . %P @ A R R TR AR
PAJ T FHR U S AR THEE, SELE AER
I IS AFACL PR 2 0 sz I P BR s HE 3 R B A% 3 g
REME it 2% T B - W) 245 & BB R B)) ) % 2 0T
DAY TN 45 R, A BT 7 05 AN PP A A
TR A

2.3 WJ|/EIWENMRBIZERIFR

i 7N ) Re RS FAENT, GEM B IET
T2 ) 2 B A AT 82 2 T B 2% 2 ) IR R
J&é [E3(c)]. GEM 2T HbrAMik b firdy &
(AR S S AN JE R A . AR, FR T AR A Ak
N IR R 58 38, I 6 W 4% B 7 R W H A A B
(gap) """,

NP IX — ] 8, Thiele 2™ R T
fastGapFill Hi%, X2 55— REAE mn 200K I 4
GEM M 245l 11 (gap-filling) )T H. ZHE k@
N FH A Al Js2 54 P2 v 0 B /N S R B, R
A GEM Y, Af SR A S S N AT LR
Ak, Kumar %5 "™ JF K T GapFill 5%, 775D
GEM G5 A ARl B A, B0 e B 7 i) B
M MetaCyc HUHE FE R IS, KX e ) 5 A
JEPEBAT AR . TR BT 00 2% $ 145 440 ) 2= R A D
SVEMCOR T S S B e, I s /M A 32 S B
EA TP T k Z AN R AR . BB LR 22 )
MR &, BT I B AN 7% Oyetunde
At 100 $ 1 1 BoostGAPFILL 1) i 6 -4 420 it I ML
A 2 S FVREHUIR /N SRe AR Ab 7 1 BB I 45 o
(IR e R, 2 BRI AN T RE T B A& 1% . Chen
40U 2022 4E 2 T CHESHIRE (CHEbyshev
Spectral Hyperllnk pREdictor) , %% kil it 5] A
BRI CNN (AR, 35 AR 0 265 1) 0 D4R A0E o)
GEM H Rk e B, AX T4\ GEM, - B A 2R e fi
e SN BAG VRS, A BT POE IR B GEM Hh 2

Bl 2 S 7 O 34 9 R TR . Huang 4% © JF R (1)
DSHCNet i3 — 35 % AR R S S5 1, FRTEFROR
GEM )68 [ 1 T fi o Hh B B X o0 A =), s
T ] 45 A SE B GEM I S R R . e Ah, X
6 D) 20 21 2 3o v 3 DR AR o B B 3 GEM &
B &, Boer 55 ¥ 42 | —Fl 44 5 DNNGIOR ]
IREERR 2 W 25 5] 5 (0 ] SLAR & HEM 7% . 1% 7 V23R
% TN SE R (1 i A A TRV 7E B 1 S B, b
4= GEM, {H & DNNGIOR F ¥ 14 §E 52 211 [ )i
TESH B AEAAR A 1 B 6 DA R 2 ) i R 41 5 1)1 ik
K20 2 18] R B8k 6 B 5 1) S 3 R

3 ML~ i % 2R % T AR AL

ZARZ SRR RS2 AR KA
HRELAEMERMN, DRI THEREMR
G HRRE . RRMALEHE EIME 4, P
SHEZIN, WA % RS2 M
o SR, HHTSERBAMHT I ED 2 HA R,
A DL T 7 e A T R R, O T 2 AR
PR PRER R A . R IX — i, %
T HLE A B B TR ESH B, N
47 Jee A AR 2R 1) RIS AN it i, 3R R B UL
AR A0 45 SR TE U T 40 Y SRS D3 () T
R2IDE T H o 5HLE 5 2 M < 0 75 3% R 07 ik

N

3.1 EHHOFESHN

Wi 2)) 71 5 2 BUAE i dr 4 B AR AL . R B R
Hom &k EmZEEH BRACEIEM. B, &,
(HEAL T D 8 ST B S ML ) fe K AR 27 B A T
F, K, CRIREED S 7 B2 2 5ok ik %
— I BT R AR B, k. /K, )0 8 T (1) 2 A i
5 . 7R TR % B ecModel B A, (A )
5% I BRI S92 e % /£ BRENDA FI SABIO-RK %4
JE R AR B 52 A VT k. S HE ecModel 133
—B¥ R, MAREIFK T 2 M) 1% S5 mNTT
w, D RHEE R WA L, B0 7756
Heckmann %5 ™ JF & % J7 #% . DLKcat ™ |
TurNuP ", DLTKcat "** I DeepEnzyme """, K

m
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W J7 vk B Kroll &MY JF KR M7 vk S
GraphKM "7 f1 MLAGO ™, DL 1 k. K,

B ) MPEK ™, BT ks K, kK, T £
UniKP "** fil EITLEM-Kinetics """,

K2 HUEFIHB 2 AR 2 R SR IS 807

Table 2 Machine learning assisted obtaining of parameters for multi-constraint and multi-process models

EITLEM-Kinetics'"**)

TR A UK

WA BRI A kK Rk

ST Jr i TR HE S EIPN fil 4 i
1% ZH Heckmann S5TFRAIAE BN, MLP GEM/& A 45 #/EC 5 ke W IRMAR A k0 35T
1 /pH 4% KIGHFA
DLKcat!*" GNN,CNN LR T A A AL A k,, Tk, (RP=0.44), N B
SMILES ¥ GECKO 3.0
TurNup!'*! TR ABURTE  RIERRF F M N R A ke, T £, (R*=0.44) , Tivk
B (ESM-1b), X3 2 JEA [ 7 AN g
XGBoost Wk,
DLTKcat!"* GNN,CNN AEWRT I HEW k,, TIIAS TR LN Bk,
SMILES i £ (R*=0.66)
DeepEnzyme!”” GCN AERT I MHEW ko, T £, (R*=0.58) , il
SMILES Rl 15 = 4 45 1) KA EH A EARLS
TR e
Kroll 57T 2 #7712 T EARKE  AERF MG TR K, i K (R*=0.53)
FHHRA (ESM-1b)
GraphKM!™” WINGEARKE AR T M & 0 K, T K (R*=0.62) , LAY
R (ESM-2),GNN  SMILES FA T i 32 BR T I 2R
I8 5 O AN i
MLAGO™ BB LA EC % %5 , KEGG ID f14 K, K (R*=0.53),72 1k
Tl fit 712 IR T ECHm 5
KEGG ID. #4515 &
MPEK!"*" TlGEARKE ZERF AL EY LK SR R I U K, (R=
= B (ProtTS) , i SMILES 0.6 FK_(R*=0.60)
UV S N
A (Mole-BERT) , %
%52
UniKPp!"? WNGEAFRE @ ERT I EY kK kK ORI T & (R*=
F B (UniRef50),  SMILES 0.67) K, (R*=0.60) #l k_,/
g5 KiES K (R*=0.56) , & % M 5% ,
%71 (SMILES SCHF UL LA pH i\
Transformer) , 1% /& bt
B

SR G B IOk (RP=

cat

H R (ESM-1v) ,iE  SMILES 0.72) , K, (R*=0.69) Fil k_/
25 K, (R*=0.68) , H 1 R AL {4
40 ke, T A i A0 55
dGPredictor'™*" AU E VR it 5 FHRE AG"® AT R RN S
A EA e Seg/Eaaliv]
S
Alazmi S5 TP R I 75 AU AEEL it I FARE AG” REAE 52 e 7y 2 A
5, T T AR R IR R R
DeepSTABp™*! TNZREARRE  &IERT A EM K T, L BE S0k MR
FBIH (ProtTrans), ik S0 4 1F U
MLP
DeepTM"*” GCN BT T, RRAE SR B 2%, I 2R3

Hi R 2 i At o 2 1 A A
i J5E 5 [ LR 3R
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&R

SHEA T B

A it R A

WA Tome!™ SVR, BEHL#

TOMER™ LA
ResNet, iEf52% 2]

DeepET!*!

Preoptem'*! One-hot, CNN

HHEEMR)T 5, 0GT T

FEMRITH],0GT T

BT 5 T,

VIR T 85 °CHIT,,
fH 5 H AR 5%, BT
Tome X 15 i Fa 5E 1 i (19
o e

FR AR MR T B
AP f, % T 85 °CHY
T, AE TR e 53 4R

HALTF Tome, F0 45 43 41
AN YA o R ) 0T A% o i
JEE £ 15 ) T A e

Pearson A ¢ 2 £/=0.58,
TG T RERE A

opt

opt

TNT,,

opt

W MLP—Z 250Nl GNN—EML M4, CNN—EBEBRML ML, GON—EER ML ML, SVR—IZFIER T, OGT—HiEL

K

Note: MLP—Multilayer perceptron; GNN—Graph neural network; CNN-—Convolutional neural network; GCN—Graph convolutional

network; SVR—Support vector regression; OGT—Optimal growth temperature.

— 75 vk BRI M A T GEM BB AL 5 A ik
AR A . 4N, DLKcat & 8 A& VE T KR
T &, FIURBE 2 2] TR, D Bl 1 343 e B
VLA 1 ko FEHEBI A B T A B 1 ecModel 2
VBN ke, T e A B, DLK cat O B A 2 BE L)
TR 34k # 2 FE GECKO 3.0 ¥ fil ECMpy
2.0 Hr, TurNuP ">t — 0 HE3) T &, B T ) K
&, R A TE NN 5 I SR AR P A A AR A )
I 2 A LR ) B i 1, FRAEJE T ecModel 125
JOT LTI A A B v B E R . k4, DLTKcat
SCHEAE TR 8 I BT 100 B 1) ko 1T UniKP 2 — 25
ke T DR, BN LE 4R & iR A pH 2 T T
Koo 12 SEBRILFH R R S HM TR 5K . UniKP
EITLEM-Kinetics 7 T5ll B 5 4844 (1) k., 77 TH0 [F] FF 32
RS, HrUniKPi@ it k, Mk /K, T 5 & A
JRRAR, R T miE AR M A (TAL .
FHECZ R, K, BT J7 32 1 R O R & G 1R i
R BREGL R 2 Ak, Bl 77 8 vt 75 22
k VK Z50, B35 B R TR R () R e, IX ik
T T7 A 2 e R R R 45 tH B EAEH

3.2 AHESHIN

7255 BT I AZ O TE T4 HE T S B PR b HE
Gibbs [ HIAEZE ML (AG™) U, #RFE 20194F, BEE
J B # S ¥ ¥E BE (TECRDB) WAV W 5% 7 4

600 il {12 S5 S PR <2 3 Wl B 34 7 2 B o N IRRh S
5 4l A 2, BRI E T R T OB T 2 ] T ik
(group contribution, GC) HJJ7iE "1, J¥g H R
PR R g 7 SR, STk oy 1A AT
fE— S NERRYE, @45 OFFE L3 EE
VO EAA R, SEEEEAWY LR iR, B
TVEAEHIHAGT; @X T To kA AR 1) e B Clan
IR, AGEHEREAE, TS5 HE R 9 H
EhREIER .

Alazmi 55 " H& T — Bl R T4k 5 R SURHAE
1ML & 5 2 BTk f& 40 71 Wk (fingerprint
contribution, FC) J7¥%, H T 10 A4 44 J B (1)
AG® . ZITEU N EIREUR RS RHE,
FES WAL T, WRE 4R 80k
oA G A SRR s ok, A IR AR R T
TG R B A LR T A A . k4, Wang & T
JF R T dGPredictor T.H., % T. H G218 5 [EAC I 1)
Sy AR URVA LN ARSI N S WTE 3758 S AR
dGPredictor i& 0] M HT S B IAG™,  FF AT LLAE B
ZRUIE ML B TR, DU e R 2
FINTT AT AT () SR B

3.3 mEEXSHIN

B A AR — R AT K 2 B 1 D e iR
JEE A Ak T E UK AR 0K 7 1 A i PR R R
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HEMER M R, AR GEM & BT
T Pk Ak, 3 R DR A 5 A A A3 % 1 DA Sk =
SRR R E AR R Y AT
B A AU R o 00 3 5 X 4 A U Y s, 2
HEHBRAAANFRE ST N, BHREIGTFRZMIT
RN E A PSR EA RS, ST, M,

TR T, F5000 77 7238 % K H one-hot 4 i . 2
LR 2H RS TR AR AE R RAE R A BT, AR e A A%
GUALAS 2 SRR T, . B A R I BRI K
B, MtARZBHRH T EERKER. Fla,
Jung %5 ' JF K T 3 T Transformer ff] DeepSTABp
Bk, S EIRGG T IR B B I S SR A
SRR P A A g F R IR & A KR (optimal
growth temperatures, OGT) >R il il 7. k4,
Li %5 7 42 H T i DeepT™M, Il A 1 465 B 48 W)
4% (graph convolutional neural network, GCN) #lI
HES M, e oE B B & A B
T,. ZIEREB LSS T8 EROGT. #
(BB B IE (IR EKTE. AR, Ak
SRS HHRHE.

A, s 2= 2] B8 Tome REWS 2 T HE A A
By 0w T, Y SR T 3k — 8 R T L
it BT 2 (R 2H AR AR Y (Bayesian-GEMD  H1
DRSSO 33 P X T 3 P 5k 41 A ) B2 . BT A 4
N, HEEFRFMEE RERERN, SHREAAEK
52 PR fe % B PR T 1 2 0 PR AL BE (ERGD) .
T 3 FH i A% B T Pk b ) [R5 AU ERGL, R4S
T A KRR T Y A T R AR Y R R
/&, 1E Tome K IIZR B, T,/NT 85 °CHY
FEA & LB T 95%, 5 BOH AL T vy et A5 o 1 I
MRE AR AT, Gado% "™ 4T
TOMER #i%, TOMER 7E Tome H % ff) #0475 4 I ik
17 T EBNSR, Fd i #H R AL AR B o) RIS 2%
file 1 B AN e B, AR RN LD T, KT
85 °CH &4l Tl R* 7> $ A 0.52 & 7+ 3 0.63. N T
B4R | A T SRR R
Li %5 " A R 300 75 R OGT Hudla L I 2k 1
DeepET #8Y, Jf i i 741§ DeepET i i 70 7, F1
T.. DeepET )4k 1 455 284 F3 I AN A 3t 2 (1 Joid J 471
THBR T UGHT T, B0 T7 6 OGT Z HU it . 24
1035 T 2 1 5T A0 16 7, 300 77 1558 6,45 Preoptem,

127715k H one-hot Jw i R (R A L 81, JF4i&
CNN #4745 . Preoptem B 77 M5 77 2 K] 41
ZHB —MOE AT T B, R 7 AL
JS7FH H R g P

4 ik

ML#% % 2] 75 GEM H I B IR 0 e R EOK
M Sy, I RAEY B GEM MR & . =27+
GEM 4 fifd 22 BTN AS B 46 J7 1 o SR, RN
2] GEM #2447 B R K T A, 4 A )
PEA Ar 75 B B A= 47 25 A58 R AT T I — 5 1 =)
PR o o LB ML A% 2% S BB VP A AR 1, 40 AUC,
AER 2R AP S B R AR A, I8 2 B A A
(RSN, 25 5 5 B0 il A5 2R P R R AR R vHE ) e Bk
B 7 A0 BE 7 10 1) f8 o 3K ol i) 8507 Ak 66 [T 4 K
BRI T B JE O R, T T AR L A 5 ST AR
PEA AR HE 1T e Z AR AL 2% 2% ) AR B 1) 35 3 PR A0 2 R
PE, FERRAE FREABUDREAR TN SR, W]
Ao FEON BRI VERE (R A . BRI, RORE LR E
FER N 588 VP A HE LS, DA SR ML 48 2% =)
TERAE GEM H I SE B B ANE

UbAh, AT HLES 2 ) T N AT AR R R T
FE G L ERAR B B (P RE 22 P o AL 25 5] B 2 Mgy
BAAWBI A, Bl EE R BEM
M A0 2 BT 45, T oA BB S A% Gu L BEAR i A5 Y
MIRR o VF 2 dn Rt FE, 0 L 0 s wf LUK A %5
FRIBWEFE, ISR U HT GEM KR I BkL . [F
Ib, B RN I T, KRB &
BT R WL AY 55 B0 UK B 7 vk R B Rl e R e
HEZ) T 2 20 Mok AR (0 E0E AR AT, ST B 2R AR
Y% R GRS ARG IR o 38 IR B8 S 2T 10 2 Rl
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Y, RS O S BAEBIR ARSI
FETH GEM RIS RIME R o Bl 5 L3 2 ) S gt
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OB R KMy FOMS FE . RN T SE 1k, HEZ) ok
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SR, K007 28 A0 g0 i 1 K e 22 SR 2 B I R
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