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Current status and future perspectives of metabolic network
models of industrial microorganisms
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Abstract: Genome-scale metabolic network model (GSMM) is an extremely important guiding tool in the targeted
modification of industrial microbial strains, which helps researchers to quickly obtain industrial microbes with specific traits
and has attracted increasing attention. Here we reviewe the development history of GSMM and summarized the construction
method of GSMM. Furthermore, the development and application of GSMM in industrial microorganisms are elaborated by
using four typical industrial microorganisms (Bacillus subtilis, Escherichia coli, Corynebacterium glutamicum, and

Saccharomyces cerevisiae) as examples. In addition, prospects in the development trend of GSMM are proposed.
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Fig. 1 Research process and strategy of GSMM. (A) GSMM algorithm development process and milestone events. (B)
the methods to improve the accuracy of GSMM prediction.
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Data assembly and
dissemination
Time: days to 1 weeks

| -

Whether meets expectation

Draft reconstraction
Time: days to 1 weeks

Network evalution
Time: days to 1 weeks

J

Conversion of reconstraction
into computable foemat
Time: days to 1 weeks

Refinment of reconstruction

Time: months to 1 year

L

2 GSMM FHEMEFREE
Fig. 2 Schematic diagram of manual reconstruction
program of GSMM.
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Fig. 4 The development of genome-scale metabolic network model of four typical industrial microorganisms. Sky blue
represents Escherichia coli, red represents Saccharomyces cerevisiae, green represents Bacillus subtilis, and blue
represents Corynebacterium glutamicum. ‘G’ stands for the number of genes incorporated in the model, ‘R’ for the
number of reactions, and ‘M’ for the number of metabolites.
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PUtA LA S AR Y FU ) 45 SR i o I R T AR A

% : 010-64807509

T RSB LIl 2R iy s ik, I Hasad 4y
HEAMEL A, 3K bk =™ RARTE 60 h 4E)™ T 66.43 g/L
1) L-Fli 28 , 7=tk 0.26 g/g, 7= %k 1.11 g/(L-h).
X H R A LA 2 A A A e/ N AR
PR L R 1 e i P RN . Cheng 451
b ) iICW773 #5588 fh s iz BH 5T e — W54 G F
PR A& vy, FAd - OptForcemust -1 X 7 7=
W B RR AR R AT T 0 . % s & W
R F VA BGEAEHE) haS, hasB. hasD Fil
glmM, T VDB T ik RO R SO i A%, (W] B R R
Vil P 2% 1 Ry L 2 LA R 3 TS TR T 2 8% v 7 A DG ik
N 2 J dl e R A T B i pk AT o, A
N CRERBRTE 5 L ARt 1E 5% i B B2 1)
THEER ] 28.7 g/L, X2 Y SCHRRIE i = Y
gER 25 F Rk, 7 C. glutamicum F A H GSMM
TR ARG , X AH AR AR AT 45 AT 4
e HARAC )7 2 — R ) SE T A 7 1 SR
3.4 BRiBEEE

Saccharomyces cerevisiae &% — A~ Ef73E[H
HI )y A E S ALY, BT A YRR
24D ez B R AT, S, cerevisiae (9
GSMM # 25T S. cerevisiae S288c K 4H ¥ 41 I
BEUEATHIEE Y. [ 2003 4, Forsber 2B sy T4
—4~ GSMM—iFF708 ZJ&, ANIal i se # 5t
S. cerevisiae GSMM #4778, HAETE £
T 134> GSMM., L) iFF708 Sy JLfifi, Duarte 20
FIEE T IND750, 6 GSMM (i =5 H i R % 8 4,
Kuepfer 2 U715 3 D 1 00 1k 47 7 el tE I b e 1
iLL672, Herrgard 252700 S i S5t ) 000 40, 5 75
GSMM i T iLN800; iMM904 J& Mo 48]
LA IND750 J R Fi0 i g A A AR 4 2
Hoflniii =205 Orth P42 iMM904 F1 iLL672
Ay FERE E A jumberree T EE T Yeastl (1
7, Dobson 29D Yeastl 1 WHifim, 4
H ILN80O XA HY iy g B A G ik A7 LAk | IRk
VPR E G N S B BERI AT 205, TR T
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Yeast4 BEAY 5 3 52 D010 3 B A AN 2l DR AR Tt
Heavner 252 T Yeasts!® Fl Yeast6 #57ul®H,
Aung 2525 5o 5458 TS DR | H e FH g
R, BIEE T Yeast7 i), LA Yeast7 Hi7%1 K FLh,
Becker 251 1o XoF 22 AN $icdia g R A S RS X
PEATIEE , L AT AR, X GPRS #E1T T HURT,
[ A INEG 290 . AR BT 3D S5 MR
Az FEIN4] M EE T Yeast8. Yeast8 J& S. cerevisiae
H A4 1h ) GSMM, [RItdh S. cerevisiae fiY
M RIBE R T SEAE . Yeast8 1] LITEZ REE/K
- Ef#EHT S, cerevisiae FCEIHLE, M AT LA H
W TR 7 S 2 A e A Ry SRR

1E S. cerevisiae Ff, {5l GSMM #& & H AR~
YIRS A T N, fildn,
Bro Z:®fgi i GSMM——iFF708 #| /] MOMO %
2, LA Bhn - Wy ar A e, il
LIGANS ¥4l B i tE AL SO, BB —AJE R 43
A ABERIIEA TPPAS , B2tk th 56 > AT BEAYAR
BN, I B A R b, 2R3 8 i
FER NG . WFRHE R I ASMNERE gapN iX — S H
AT IG S SE , BERIBIADAE X — S mT DL S 4
HER MBI SRt m T 10%,
G55 Z AT AR DG A B B SRR A B, i R T
T T-BAE S. cerevisiae ik IE#EMR 1L gapN e & fdi
TR CEEI RIS T 3%, ZEIRA ST H
[y BEFEE T 40%. Ng ZPYET iMMoo4 fii
OptKnock ik e A5 7 2,3~ T %[5 F) PR B TR ke
#ATETT, OptKnock Bk 5 Mg A hy e ZERIR £ 1
A B (ADH) 4%, W58 8 o b d A (] g 2
R 2k T R R HEA T b 35, R IAE IR A T
Fikk ADH1, ADH3 il ADH5 JEH Rk 2,3-T
B 3G T 55 %, (ARXAEMkS =S
Hlr, e 51 A Bacillus subtilis 71 E. aerogenes
1) 2,3- T A A aER, &4 Aadhl Aadh3
Aadh5 ERTEIR A& N EEFR4R13 T 2.29 g/L /™
0113 g/g 155, ZE LRk, BT GSMM H]
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DUK A8 6 LA™ ) VB AE AR i, I HLRT LA
AT AL SRR IR 3Rk, KR T 5256 Fr s 19
EeAE SRR, IR E T

HET BB AR T AEY) GSMM (1) 4 Jig i 72
AR, @B EMEHRZEN GSMMs, 5
ZHI) GSMMs #HEL, B T BRI K AH 5E i
A0, e TR A v, YRR
il GSMMs J8 kI, SFATFCIH T 45 B
Ui FH SRR AR

4 RELERE

GSMM £t 20 Z4EMER, CEHERET —
FRAVERL H S T HA T H, ok
Tl fAE YA GSMM H R, A B FRF5E AR TE
A SRy KA Fx T A P 1 A BRI T RE 2R A T 3
AR, AR MEE TR, REITLUXZ
PR RE PR HEA TSI 5, 036 T A A A 35 5 s
FHF LI BT, BRI Tk A YA
BRI A, TR E A
AR ISR L TR R R 1 e A
R, AR HE T AE Y AR P & R

AR GSMM £ i H A TR Side
R 35 R )2 B — R0 i AFRAERSR Y F Bl
FRHHRE v R T M Ay TETATS SR T i o LK 1k
1) AR EATC 20T LISEH GSMM ik [ 30
HAL, HR, XTF—2E Z M, Tl A
PR AR R RS, R A T4 B k471,
IEEAXR AshER T HBLEAMHC S RN
PO 2= S 50, I R TR & . AR
FAER B . AR A 2= 50 i 3 — A% A B E A T
A R AR —Fa . 2) HEmER L L i
KA S A S, B2 X TIRE . pH 5236
B 5 B A TR EHR 28, X R T GSMM 7
Tl HRASE T A I FH T o T AL A 2T Rk
AT X AR SR TIE, R MR
P — R H I ZR B nT B S AR A T 5
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1, HEEBIE A ERE , Nandi 2680 S 4
M & AHL (Support vector machine, SVM) X E. coli
()0 BE R T TN , 2RI S T O A
WA, PR R DA S SR R R, R AR
A H FLLH A FRAE 05 J5 R 1 J& PR N2y 2] S i e
28, DA R AL 7 AL, 35 T
% D R O 4 YA 1 . Oyetunde 258710 E. coli
RS G, T84T 100 FICET 1200 4
E. coli fEAREA, SRJ5 15 SR VL AL 0 20 2R 2%
1 GSMM (iML1515) R , 48 f5 1 T 5 s
AR FERBLER2= S (BN, SVM, 6 EE 2 T4 Frfe
B [l A v (R b 22 I 28 ) i DB AN 2 B 1 [
L, B Zamat F 5538 (Principal components
analysis, PCA) XAz ¥4 7 (i) i IR R A THE) T o
X iR A HESR BRTEROE 19 A= Wy i B R AR A5 1
X E. coli 7 i, 155 F0 A 77 o AR N2 A K
PYHERRYE . BRI, FFAILRS 7 > B9 5 v X A
ARSI TR ETTN, 2Rk GSMM & J#
1) a#z — . 3) GSMM {6 I B Ak D RE Y 5
KA LG R, B/ NG SRR . A i
S AR 1E AL S AL R SRS 0 20 i, S Bt
RF BRI TEHE AN B I 25 Fh 28 B A My 1)
KN, FRAGAZIME A DNA. RNA, &1
Jo A ) 55 e A o I8 e A R A AL
il AR B PR B A A G s AL, &R
GE b5 25 B Z [ A T AL, ) 20 4
Mo AdnMR R H A 28 ORI R, ]
DA Gl A P e PR35 sl A T s ZASASE4EL, ORG fh 79000 4
HLRAY X T5 BUAE 2 R R Y R e S E
A B T4 S AT R TR A A A R e A AR Y
PR, OF BT RETEAR B ) T5 B R 4 1y i1t
B R AR R I R e BRI G
PR ot SardL . BERIGIE . A 1E S5
X R S5 5 AT AR AFAE B R PR AR, 10K 7 S A
i, AR R Gt R EYE YR
BCPE TR R S 30 2 AT s U A 1R, =

% : 010-64807509

JoEER], L GSMM HEZUMAZ Ly, ML T 58 5 5L
P i) Z2 )2 IR A A TR 2 GSMM R 94 Jié
Jilals
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