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Advances in reconstruction and optimization of cellular physiological
metabolic network models

XIAO Luchi, LU Hongzhong

State Key Laboratory of Microbial Metabolism, School of Life Sciences and Biotechnology, Shanghai Jiao Tong
University, Shanghai 200240, China

Abstract: The metabolic reactions in cells, whether spontaneous or enzyme-catalyzed, form a
highly complex metabolic network closely related to cellular physiological metabolic activities.
The reconstruction of cellular physiological metabolic network models aids in systematically
elucidating the relationship between genotype and growth phenotype, providing important
computational biology tools for precisely characterizing cellular physiological metabolic
activities and green biomanufacturing. This paper systematically introduces the latest research
progress in different types of cellular physiological metabolic network models, including
genome-scale metabolic models (GEMs), kinetic models, and enzyme-constrained genome-scale
metabolic models (ecGEMs). Additionally, our paper discusses the advancements in the
automated construction of GEMs and strategies for condition-specific GEM modeling.
Considering artificial intelligence offers new opportunities for the high-precision construction
of cellular physiological metabolic network models, our paper summarizes the applications of
artificial intelligence in the development of kinetic models and enzyme-constrained models. In
summary, the high-quality reconstruction of the aforementioned cellular physiological metabolic
network models will provide robust computational support for future research in quantitative
synthetic biology and systems biology.

Keywords: genome-scale metabolic models (GEMs); kinetic models; enzyme-constrained
genome-scale metabolic models (ecGEMs); deep learning
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1 EHEHARERHNEHEA
(GEMys)

1.1 GEMs HEZRATE
YIRS s, KRB O
FH 5 DX 20 gt 1) 2 1 iR AL, X AR R R N B
BT — A8 2B R 2, AR AR T
AR 5 AR W RN AR AR ) A B AR BLAE H OT R R
YA A Y BRI RE T, PR A R T 2 )
S5oMERGAEY =R P REXCEE, B
15307 T S RE RS N EN . T RSl ) 2 A AR TR
I L fEAT A M 45 B D RE™), IR 4Rt — R 5
AR A T 1 T R R 2 R AR ) 46 A AR
(GEMs)fe N8R . GEMs DIk 2B e o I
KA EW RN S ROE R, Eat
- M - X Vi (gene-protein-reaction, GPR)L |
PP 5 RO AR OCHK , I3 Ao A A )
M A HUL At A AE A R A5 A0 454 T AT 4 o
TESCPRN T, GEMs AL 1T HAE 7 24
i A= K 5 R0 R DA e B A8 R D7 I ) RE
i 8 % 48 7 B R A 55 AR08 3R A 0% T AE DG BR AL
HlH e XA S, GEMs T8k 2
FF 098 10 -3 D A AR S i 245
W 5 O DL R B Mk AR 7 R W e A TR
H R E Y R RR BT . LA, DNA P4
AR P B T 1 R A 745 5 P e IR 2 R o R PR 21
A KRR NS, GEMs MEER AL T 580
K % ¥F & (Escherichia coli) /2 W H & R
CHEEE A 2 —, B AR E TR B
P MR AN K-12 MG1655 kR, AWtk 8587
FARMRE R . 1991 4F Edwards %1% % 7% H
PREE S R B ARR, G TEAR
P B, v A 2 AP HESE
BfiJ5 , Kauffman 25U OV 3% 2 0 () 7 vk b
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T DA ROEE AR I 285 K7 (GEMs), X SE I 7Y
6% Y0000 48 L 6 AN [) PR 45 1 R AR AT R o
F 4 11 1TR904 A1 i AF 1260 A5 AU 2155 o %
B A PR . AR AR S s LA K SCHER
B B EE , T e A X A8 A
BB R RN 1101366 iML1515M Ik — 2
A AR I e P N SR, JRES ST
o IE B AR S TR, AR AR Y
TR NG A P R R B €
TEEAZAEY b, BRI % £) (Saccharomyces
cerevisiae) GEMs MM EHLAZ R T )92 G, bl
% S cerevisiae LN ZHFII T 1996 A£G,
DA I Ay i R A 1 T A R R R 7 A 2 A
iFF708 T 2003 4F &A1, ZJ5, MR ARKE
T —ZRINARWEHH) S cerevisiae GEMs!'7!,
TASB AR Z BT RS RL AT 138 A0 MU 78
XS R NSRRI RE GEMs (Yeast1!o-
YeastOUS) Jt WA 1 . R IR 58
FEIXRBr ¢35, A 2013 4F Yeast7.6 & A7 LIk,
IXCERIRIAE R AR R B . KUBR T L 4 B RIR
Wy A4S T T 7 R R BT e AR ] T I R
Tt WFFE N ALE S cerevisiae B! iWS902 %
IEFFP R T 5 R H B A JC &A%, IR
T EEREAE Tl W G R P A SR AL B,
h T RN FREhER, B EERE I OT R
PRI 28 5245 5] Yeast7.6 HP1, S99 fiA
i Yeast7.Fe, 7F Yeast8 A7, WF5E A Rkt —4
SR FH SR P ol DS B T T RS R 2R )
SR, FE Yeast8 HERIH | ffF 5T A1 PAIE T SC ik
38 1 A PR vk BRSO UL AR T A= W B i 3R
fiE 33X — O A A 2 A R P A R R AR A A
(GEMs) H 4b F i SRR 25 10 40 AR i 7 s 42 )
WP 5 Yeast8 i 3 F A ) 2= U0 A R
ARAT I B IS W R B R TR R FHE
FI2, mbah, B N BRI T 13 b
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BN 7 B AL ) S LA Ny, DAY
Yeast8 7 Tl #4519 25 7= o iy o Y 7R
1 Yeast9 BRI BFSE N AR X% K PEBR 2R AN
RUETRER A G R N AT, s — 2T TR
T DO 26 1) SEHETE
1.2 GEMs Bt iaZ TEEN A
REMRANRCEMET I S cerevisiae
1 E. coli S5 Hy i 1% 5 o et A DR 28 R AR 3
W25 1515 (GEMs), JERLFh GEMs 4 £4)5
SRTATIG S Bk AR, H: = 22 I R 7 T A =R b
(RS 6 B B = PR N 450 5 3R 1 R RE T
BE B, DL RT A AR ) 45 455 75 T
TREE 5 A E K, Hit, FFRE xRS
YA GEMs H shib gt T H A TR &
15,2018 4F & A RAVEN 2.0 T Hrp {1 3t
F KEGG F MetaCyc %4k & i) GEMs ‘P A4 2
T AP Z T HFEREE T b AR,

I\ 22 T BSCHIE J RE AR R 5 v L X 45 R AR S
M B Ry, R — P TR . SR
o) A B A R AL F ModelSEED A
Merlin® S5 45 T H . [FET 2018 4E KA
CarveMe T HPIE ST H 1R ARIRIAY
BAE 1), % T HAE TR IE 2 5 AR A
(universal model) LAt I, /eI T HARYIFh
I PR 21 5530 FH AR 7Y 366 PR 2045 1749 L GT 155 49 Xo A
AU N A TEE A T 4T 8, Bl 56 T4 0 X
SR HEAT IR A B R AR RS TR 45 B
IR bR AT 1 I AME AR R R A8 KA
FARLAREARRE 3 5 2Z 2RI gapseq T H YRR
fEH T —K A ModelSEED iy Jiz i FA i
Py P+ 3E FH A A, IR tblastn >k 3
17808 B P & A 3 51 R E b R 3 R AL 2 )
B EEXF, I DL A543 VR S A R ] 1] 24 il i

15 F-1fi 43 BT (parsimonious enzyme flux balance

[ Top-down construction: CarveMe, Gapseq, CarveFungi ]

Universal model

[ Manual model curation J

scoring
Genome sequence

Genome annotation

ModelSEED
MetaCyce

Metabolic reaction database

ﬁ Reaction existence

Reaction
filtering

KEGG J based on database B " [

Draflt model )

[Aulomatic model gapl‘illing]

Al tool-assisted gapfilling:
CHESHIRE

v

Complete model

[ Bottom-up construction: RAVEN, ModelSEED, Merlin ]

B1 EFEERERIGFWEERERDR
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Figure 1

DI CarveMe MR A L1 T AYEAR 1% 1L ModelSEED

Modeling approaches for genome-scale metabolic network models. Top-down modeling methods

represented by CarveMe and bottom-up modeling methods represented by ModelSEED.
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analysis, pFBA)S R A, SR A 45 R s &2 K
T 0 WSS A N E] B AR YA w) an R
B AT AW A IR A A S
IS ST AT Bk 1T SRR

UTAEAR, B A TR 32 2] 40U I ) PR A i
TRBE 7 2 A W B GEMs 1Y A 34
@i, CarveFungi T.BE CarveMe*"'1y
FEAl L, B NTR A 2 BRI 5 1 A IX A
2B SN AT A W AT RE T, T B e A
Bk, W TR RETE RN HERG . A5 B A
RERR, JEBA YR GEMs P A AE— L
BT O I ), T L 2 I 4 ) TR
2 SRR T H. CHESHIREPY# 327 5 4838 52 1w
SAREY) Z BN R 1T GEMs Yk 1 35
o TEXT 49 DY FHEAT S A, R H]
CHESHIRE #EA 7 it 111 055 (- 458 R 7 000 e 15

Yy RO SR 43 WA U T R T, IR
H] CHESHIRE 75 A5 il 111 kb 77 T A4 5
BNV 1. LR A e T E A Pk A e
LA B s G R 1 b AT T st
1.3 FMHHSM GEMs iR

FH T 4t P 8 R A B AR R e —
i Fsf X A0 S 55 1l 3 TR R P B AR L AR,
o Hi R R T A e R 2 R A ) 5 A A
(GEMs), R S50 Fir 4% B 20 2% B8040 2% 5 3
GEMs H T4 55 GEMs RYTMHEGE, Al A
SENGIOCTEME s . H AT 278 5 5508 1 i 3
AL 4 KR35 TR E HAnek & (objective
function-required, OFR), 53R IREE A
(expression data-compatible, EDC). ¥ F AT
%5 (metabolic task-derived, MTD)FIF; ZAZ% .0 2
J¥ (core reaction-required, CRR), OFR % 1§ 35

x1 HAEREIUERIAEMRE5EATEE
Table 1 Summary of the advantages, disadvantages, and applicable scopes of current automated modeling
tools
Tool name Construction Advantages Disadvantages Applicability
method
RAVEN 2.0  Bottom-up Integrates multiple databases, Requires manual curation, which ~ Most species
deeply explores metabolic makes it time-consuming for
potentials large-scale modelling
ModelSEED  Bottom-up Comprehensive database Only web version available (no Prokaryotes
integration, supports phenotype open-source version), cannot
optimization, high-quality core deploy locally for large-scale
metabolism models modeling
CarveMe Top-down Template-based construction Accuracy limited by templates, Bacteria
ensures relatively high-quality may omit complex reactions (Prokaryotes)
output models
CarveFungi  Top-down Incorporates cellular compartment  Primarily validated for fungi, Fungi
(combined with prediction and deep learning effectiveness in other species
deep learning) scoring to enhance accuracy needs verification
Merlin Bottom-up Precise annotation of transport Model quality depends on manual Most species
proteins; localized databases curation
improve efficiency
Gapseq Bottom-up Uses tblastn alignment for deeper Long runtime (>1 hour per Most species

homology searches; optimizes
gap-filling steps with pFBA
algorithm

model)

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



MEET % | 4EA0A I AR R AR A O R

FE IR BE QA A Y S By HE K (gene
inactivation moderated by metabolism, GIMME)"'!|

R0 ¥ (metabolomics and expression, GIM3E)™?!
DL B 2 1T B SR 2K (gene inactivity

moderated by metabolism and expression by
proteome, GIMMEp)"**45:{5 B A HL4% 4 3] GEMs

o, T E/ME GEMs fRHHE &R R IR B 2
(] A A — SR A TG AL, [ ORAIE H A5 R
HrCAn AR P Az A B R ) R IE R
o Wi, BRI FMARERE GEMs HATHH I
AR A P2 DRE , R BE A8 T 1] B3 ik X R Ik K die
FWIE o BT OFR ki dEi /2 H AR ek EOR it
AYRIATPE, GEMs T A9 A5 8 e A S 56 X dhs
Hh R PR R KK Z AT AE TR A — 2, 100
B ARG RN 2, 53 —Ji |, EDC Hkn
AR08 T H (integrative metabolic analysis
tool, iIMAT)PH | 2H 2R3 5 0 4% 4 Wt (integrative
network inference for tissues, INIT)%&.7%01

E-Flux 53k POURR i HE 2R 1 #2 (probabilistic
regulation of metabolism, PROM)%. 1% P45 7E ¥
ABE H bR sRE G DL T S R R 42 & 138
LN R IAIKF Z B ) — e, A, B4R
AN —Z T DAk, fH K SE R R TR T IR A
KECHABACE = W A= B P AT 1, TR A Y
FAFR e GEMs ATREAS R Dhaet:, JokH]
TORG WAL A B A BRACTG B . S T Al ik
OFR = EDC H3%HHyixX 2 AN RE, fF58 A BT
& T MTD 5k, Qe 55 9K 8l i 21 U85 0 48 4
Hfﬁﬁ‘?i(task-driven integrative network inference
for tissues, tINIT)P* | A~ AL A5 70 B #4401k
(personalized reconstruction of metabolic models,
PRIME)P?! | 56 F 25 5 3 38 0 Q0 R 4 330 0k
(metabolic adjustment by differential expression,
MADE )1 SR I AR5 A= P s 2 o 1 55

£ (transcriptionally inferred metabolic biomarker
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response, TIMBR)*!!, MTD #.1k7E % JE H bR ek
BT 55 1Y [R] ) B 5 B R R B, e
AR SR GEMs 5 2 41 A 50 2 18] 1Y
—H(E L OFR Bk & . Fofi T &1 MTD &
% TIMBR B 5ol 4% sl Bds 115 & Fp 41
R R 2 5, SRS TN 2 H A R By
SEACHH AR ) B0 T BB R I B, A
1M1 e /NG 22 A Z 40 TR 138 AR 1 B A Y
CRR ik F B FEBIAG EE 551 (model-building
algorithm, MBA)*? | 3L 5 1 B g P-4k 4% i
IREE 4 S ) 38070 (metabolic context-specificity
assessed by deterministic reaction evaluation,
mCADRE)™ | 4% .0 A8 1 /9 2% Pl e 54 5 9k
(FASTCORE)™ | i 1 D B LA 4 24 A AR i 2
# 55 75 (metabolic  reconstruction via functional
genomics, MIRAGE)“ VIR A A Ak 52 17 446 61 1:
PEA% 1 (cost optimization reaction dependency
assessment, CORDA)45 | i S8 Pl 4.0 I
I ERAE Ry s AKUHE 2 —, TR TH BREBE AL AN
B0 RN B BHWT S . EIR AR AR
T MATLAB IS HE4E COBRA Toolbox v2.07
H RAVEN Toolbox 2.0%%, m{%TF Python [
COBRApy™ I % .

BT UL B RS R B SRR
GEMs RE S # 4 E 20 i 5l 2H 2U7E e e 305 T
B . LT UNIT Bkgs & BB S
PR B 11 5 2 H5 0 ) 2 1 I 240 i 9 (hepatocellular
carcinoma, HCC)H & 1944t GEM BEHWE Tl
R AR I R0 bR i A VR T, S HCC 1Y
FHETR YT S A 7RI Y Ak, R A BUR
F iMAT 3, LA AZE GEMs-Reconl ™0 3Lt
A ZHFREEER T GEMs, ERSHY
JHAIML GEMs 42 1 RS Zh FI D RE R ,
F48 7 1 5 B0AE RS P B8 15 B 9% (nonalcoholic
fatty liver disease, NAFLD)JE W f*) 5 5 73 T2k
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KU XM GEMs R AIUEREIL T
X N 295 A AL ] A 3L A 348 Sk o 5 1Y
W ANGIT IR L T o R AR, AR RS R BE A
A B 5T b BAT T a4 P IS
1.4  GEMs 7E4E & SugaYy R F

HT GEMs (13 &2V 53 A (flux balance
analysis, FBA)RJ LS50 A= Wy il it 45 15 0 G S
B, WTEMRZE A AT, BIRARET PC
AR B o3 A AT Y 52 55 5O H , 0 00k B A= T
R R T T R T R D 2 R AR 5 7 (GEMs)
Jiti 0 3 i 24 B O AT 3 T AT, B TR
PR R TE = AR R ) S5 A S AEAE ATP 77 i Fl =
R IR G IR (tricarboxylic acid cycle, TCA)if i
ST R NG, A B & R A i R T
F& ATP Sk B B E . HT 5 A 5
SRIBCT X P SR, g 1 R A v kb ST A SRR
PL/DRERIH AR, AR & T TR R E A
FEa P

GEMs A B Ty il it 45038 v i 28 1 ik Y
MR RGN TR, Z2ET
GEMs & ¥k M 3315735, 41 OptKnock"? 5
OptForce !4, B i T2 5 HAR =914 1k
BOR  FEILET IR ST, BT OptKnock T 52
W1 e RS A RS, R T RIE
B FLARCYA 1 4-T e BT iR
ik E] 73%F1 300%, T OptForce T,
PUR S M 7 W5 ) G B SN, o R T T
TN Tt -CoA JK-F2 T2 400%, T 5%
PR e 2 DO T R T kR o AR, &
B H Al 5k 40 A I % d5 /) A6 (minimization
of metabolic adjustment, MOMA) % i B¥ Fn
OptGene'™ , i — 25 w8y 1 G [ BF rh A% i 10
A FEE = O SRR A N Tl A )
Hil i SR AL T m RO RO, HESh T R
I 27 it i AT 4B 7
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1.5 BRI MR RIRIRE
RE

TEAE )& T b, 40 N AL AR
W=y &, BliE 4R 72 %Y, (pathway yield),
SRV R AN ) R R bR o AL SE Y A
GEM  AJ 3 i 38 #2 P15 73 A (FBAYBEAUH 5 H AR
PEMIEAR 22 Y,, (H T A S R 8 R 5
PERCE, BRG] T HERIR G B Py ) = 2801l o it
Hh, YR GEM RS ZFEEA L, TTERER
STIPUR S FRIVE = O 1 S 0 R AN A
R R o 22 W i A A SO ) B A I 1 2 A
A, RIS Yy AL I A AY (cross-species metabolic
networks, CSMNs),

CSMN s [ 64 2l 5 GEMs H o)y st
Y8 FAR A (universal model)ZSfRL, BJi i i 2%
& YR A AL ROV B R TR B A GEM, L
FFEAE B RY . )40, Chatsurachai 2515258 i 3
A Es sk A ACHIEE R IR ROV S T 24
YAty GEM, -5 T 48 s B A HE R AR 7™ )
B T REPE SR T R B e AR U Y 1) BRAS
SEPEAT I o AR R AR, A ) AR
M TR L J 2 B BE S s o R AR A
PR 15 A A TR T vk R AT A B0 7 AR (A
PR I FEHE 5L TR 5 7 Wk D 5 Y
MBI R =), Wei S K T o i s 1 O
e, B RO RS e BRI
o] LA K BT pFBA B30 0 1B 48 18 B I fefi A5 Al
B A HE R TEIN TB, IF R IR & T 5E i R
ﬁ@ﬁi‘l‘%ﬁ%(quantitative heterologous pathway
design algorithm, QHEPath)H TR REWE 2
P Y, SR IR RN o TEBE TR RO K
5P T AY . 4 FPRYIRY 13 RhEES 580k
MR TR b, FFor s C A5 3 L
IE, e R, N KRR G E i
PN AR AR AR L Tl T A IR B 48 2k 5 0™
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FAK, QHEPath 53k A& B 51 AW W2 B B i
(PKETF) i A] LRI AS Y, 15 3 0146 1)
1.0 mol/mol 5 Z 42 T+ 2 1.5 mol/mol iz BH,
ZRMEZ: Yang 28N SZIGIE A GEUSKE T AR 18
FREGTIHE P= % M 0.38mol/mol Fij & 2T+ =
0.47 mol/mol %% #¥ .

2 FAFEEA

2.1 SR NhERBENELRAIE

55 TR A B Y A R 2% 452 L (GEMs)
AL, AR Bl I AR L 40 B AR 1 3
AL RN AL S Bl g 27, SR AT o 7 1
(ordinary differential equations, ODEs)## A1t
e W IS ] A A o A A i B R ARG
Joj B FE Y FAE A [ A B R] Bl A AR AR pR A, T
b g AT B I 3 ) B AR R Gk A2 B Bl ) 2
S (A ad PEAS LIS ) | By A BEE (A0 - £ PR
WL 2tk AR Ltk Al T i EE IR ) RS — e B
Can A 1 Jo 1 A7 ) A — ZR 8 DR R A B3
Z B W vk FE DL K g 3 ) S S 80— R )
R ZE AR,

A KRS By 2 70 1 32 22 PRI XEAE T 5
T ZEARIL . AR5 (1) 3l ) 22 S 8 4
Ml B2 | EAE AR 2 AN ) b R A R
) 5 T 235 ) A H AR R R ETS E DA
ROV w A, BRI AR B2 0 bR 35 A 307 ) FRfE -
P O 7 2 1 e AR B IR S8 A s TR A S AR
T 28 B Ry, S8l TR 154 Sy IRIHE .
N AR AR AR, /M SE 5
R AR AU 22 8] 9 22 S R (144K T2 4K
T A5CHE P26 vh 2 AR A0 58 I A7 TV 2 8000 i
P AN T X6 S B R in 24 510000

H T 30 7 SF B AL b i S BUp A ok R E
) 2 AR I A AR ARORSE T BT 1% S 56 5 i 1Y)
ARBONTT A AT o LBl Rk ], 76510
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BB, Hogh 7y 2# iR 3 B0 a5 R 1 T iR AR
B it JE AT B AR A AR AR A
A0, RV X BB AR R L 28 W] L AR R R A 5
LA sh TR sh A R, wFoE A 22
A 3 B 5 6 I AR R DLl A A0 i 1 i AR
Bl WFFE NS T — M TR AREE R
() 2h F1 2R, 4R T BERE R A2 . ORI
AR TR G I, R BE A8 S L 000N 1% £
TERIFEFER B L sh SRR AT, S,
S cerevisiae {8 T FRE R — 2, 24
AT ELZRERNS IR 36 102 4~ AT 94 /> 41 At p AR 15
YUY, OF HRAE TR RME IR AR, AR AR
% 7F LA 2 WE AN ABEVE VIR G IR B9 15 3% 25
T IS B 1 T 2

GEMs f K JRMI1S0F5E A B RERE i it HA
BRI ) 3l Jy 2E A BRI 1 6 GEMs,
Yeastd!"?, €9 FHAER £ b 45 KN gl g 245 Al
MR BFIE AR 5EXT Yeastd BRI AR5
WA, U O (T B Y S
IR LR, MM 4E /MBS AL RIS s 75 0 58 /5 1Y)
% 285 DN IRNL B Sy, JREPRSEA
GO T /D 5 S B T SRS A
ATh SR B A% 4 Ay VA Tt by T0000 240 i X6t 40 50 JEC 4 R
JEAS AR B sh A R Y seAk, WSRO BE TR
IND750U4 ) L ity - 1] 3 F 3L PR A S 2 4
SRR I DU ST HE T AT B 1 S8k,
T —AEA 240 AN R 203 AR R
ER/NW S cerevisiae Ui 8l J1 2E RIS 245
RUYESRAF -5 A 2 (8] 52 2% 09 A0 B4 7 T
MR AF . W AE K AR B Y E A Oy
Khodayari 7SR T iAF1260 #5890 g 5
Bl RG T — > v B ) K AT 1 8l ) 2 AR T ——
k-ecolid57, ZMRIEL 457 A g B H X R i)
Y- EAE I OCR MR TAg s,
k-ecolid57 A T H Z S g, ik
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H 25 RAEVRSCIREE, Wes TARFMAK  BIATY, [ERets BRI sh s e [ 3h
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Figure 2 Modeling approaches for kinetic models. Model parameters are set with prior distributions based
on metabolomics data and enzyme kinetics parameters, along with a likelihood model of flux distribution
under certain parameters. Using sampling methods based on the posterior distribution of parameters, the

model parameters are fitted with metabolomics data. Additionally, quantitative analyses such as metabolite
control coefficient analysis are employed to assess the kinetic characteristics of the organism.
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Figure 3 Construction and expansion of enzyme-constrained models (ecGEMs). These models are often
constructed by adding enzyme constraint conditions targeting flux to GEMs, where enzyme concentrations
are typically limited by the total amount of intracellular proteins. Building upon ecGEMs, further integration
of transcriptional regulatory networks into the model allows for the simulation of transcription factor
regulation on genes and associated proteins, enhancing the model's simulation performance.
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