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Application of metabolic network model to analyze
intracellular metabolism of industrial microorganisms
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Abstract:

To quickly and efficiently understand the intracellular metabolic characteristics of industrial microorganisms, and

to find potential metabolic engineering targets, genome-scale metabolic network models (GSMMs) as a systems biology tool,
are attracting more and more attention. We review here the 20-year history of metabolic network model, analyze the research
status and development of GSMMs, summarize the methods for model construction and analysis, and emphasize the
applications of metabolic network model for analyzing intracellular metabolic activity of microorganisms from cellular
phenotypes, and metabolic engineering. Furthermore, we indicate future development trend of metabolic network model.
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Tablel Main indicatorsused to evaluate GSMM

Descriptive metric Predictive metric
General metrics Detailed parameters Growth metrics Detailed parameters
Model size e Reactions, Metabolites, Genes Growth metrics e Growth rates under different

carbon/nitrogen sources, or
aerobic/anaerobic

Model size (without e Reactions, Metabolites, Genes Substrate e Consumption rate for different
compartments) consumption carbon/nitrogen sources
Similarity o Jaccard distance¥ Product excretion e Predicting product generation rate
Additional o New pathways Flux distribution e Consuming carbon and nitrogen sources
information e Standardization e Getting energy

e Other levels of regulation e Core pathway flux distribution
Connectivity Detailed parameters Gene deletion Detailed parameters
Metrics metrics
Graph metrics e Metrics for any pair of nodes (Mi, Mj): Single knockout — e Identifying essential genes under

Shortest path, Shortest path diversity minimal media minimal media
e Metrics for any node Mi: Node degree,

Local clustering coefficient,

Betweenness centrality

e Global metrics: Global clustering

coefficient, Characteristic path length,

Network diameter

Dead-end e Metabolites that are not consumed Single knockout — e Identifying essential genes under
metabolites complex media complex media
Single knockout — e Identifying essential genes under other
other media media
Blocked reactions e Reactions always have zero flux Double knockout e Detecting synthetic lethal genes

2 BEINREFEIWHE
Table2 Common algorithmsfor flux balance analysis

Algorithm Description General concept Reference

Simplex linear programming optimization can be used with a metabolic

FBA IR I CIE VAR map described in matrix format. [41]
'FBA Regulatory FBA Transcripti pn regulation can be incorporated into constraint-based models [42]
of metabolism.
iFBA Integrated FBA To model r.netabolllsm, regylatlon, and signaling, rFBA isintegrated with [43]
ordinary differential equations.
Parsimonious enzyme PFBA uses a bi-level LP to minimize enzyme-associated flux, subject to
pFBA . : [46]
usage FBA optimal biomass.
CoupledFBA Couple non-metabol_lc Congtraj nts, such as the _transcrl ptlo_n and translation machinery are [47]
networks to metabolism provided for coupling with metabolism.
MD-FBA FBA account for MD-FBA isan MILP problem that accounts for the dilution of internal [48]
metabolite dilution metabolites.
Comprehensive polvhedral CoPE-FBA indicates that the thousands to millions of optimal flux
CoPE-FBA prene noly patterns result from a combinatorial explosion of flux patternsin just a [49]
enumeration FBA .
few metabolic sub-networks.
oFBA Geometric FBA Compared with EBA solut_lon, geometric FBA provides a standard, [50]
central, reproducible solution.
dFBA Dynamic FBA Nonlinear or linear programming on a series of short time intervals was [44]

applied to constrain the fluxes changing with media conditions.
cFBA considers constraints deriving from reaction stoichiometry,
cFBA Community FBA reaction thermodynamics, and the ecosystem to study the metabolic [45]
behavior of microbial communities.

http://journals.im.ac.cn/cjbcn
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CFBA I3 K 2 b Ak 2 3 iR, 12 AR 2S
RGN AR GKAE, TS YA AR
AT e,
222 BEWMIRER

Tl A st A% it 32 B e 1o X el A SR TR 4
PEA B, SR SERIA DT ARAS AN [F) R i A
W), 454 GSMM, FF & AH R 4 33 AT LA SE B
SRR SR (R 3). IXSEBLLAT LA R R IR

Algorithm Description Classification Reference

OptKnock Bi-level optimization to find gene knockout targets leads to product Gene deletion [51]
formation under optimal growth conditions

ReacKnock Inspired by OptKnock, screening for up to 20 gene knockout targets Gene deletion [52]

MOMA Use quadratic programming to minimize changes in metabolic flux Gene deletion [58]
levels after gene deletion

MOMAKnNock A kind of gene knockout optimization algorithm for target products Gene deletion [59]
overproduction

RobustKnock Prediction of gene knockout targets for overproduction by considering Gene deletion [60]
the existence of competitive pathways

OptCouple Combination of gene knockout, insertion and medium modification to Gene deletion [61]
predict growth-coupled strain design

OptGene Use genetic algorithms to explore viable solution regions to identify Gene deletion [62]
gene knockout targets that meet the desired phenotype

OptORF Search for strain designs that maximize growth and target products, Gene [63]
screening for targets that are affected by a specific number of gene deletion/expression
deletions and that meet known transcriptional regulatory rules

OptSwap A method for determining the optimal modification of cofactor-specific Gene addition [53]
(NAD(H) and NADP(H)).

OptForce Identification of response genes with significant flux changes by flux Gene up/down [54]
differential analysis of wild-type and mutant (with ideal phenotype) regulation

k-OptForce An extension of OptForce, integrated with enzyme kinetic constants to Gene up/down [55]
allow optimal solutions for metabolic and/or enzymatic engineering regulation

IdealKnock A top-down framework, that first scans the mutant of interest, then Gene up/down [64]
determines the knockout strategy regulation

OptReg An extension of OptKnock that predicts the up- and down-regulation of Gene up/down [65]
reactions to achieve the desired phenotype regulation

Redirector Iteratively identify all reactions with flux changes to accommodate the Gene up/down [66]
gradual changes in biomass and desired products regulation

FSEOF Identification of response genes for flux increase during maximum Gene up regulation [12]
product formation

OptStrain Using a general database of known enzymatic reactions to determine Heterologous pathway [56]
the minimal modification path required for maximizing product addition
formation

SimOptStrain  Simultaneous identification of deleted reactions and added Heterologous pathway [57]

heterol ogous reactions in host metabolism

addition

&: 010-64807509
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AR A AN JE G R R, T AR T
2 Hir =Y. FIAH OptForce Bk, XA
RSN e A G R P i B . R, AR
T TS . & B EIE fabZ F1 acyl-ACP i fig
fiti, [AIWEERR fadD, /s MO 5355k C14-16
NEWBR Y HER 3 T 1.7 g/, 18%% 0.14 g/g 7
A (ORISR 39%) 2, [FREH, %
D7 155658 H Bk fumC 1 sucC, [AIET i ACC.
PGK . GAPD il PDH (%3R3, AE% 4 it 9 73 it 4
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B A R R 3.1 1509,

XFTHERR WG, 0 H U K S IR AR
S A FIH SimOptStrain %5 H 7E E. coli H ik
Fk sdhC. gnd F1 glyA B[RS, 51 AR R
AW (EC: 1.2.1.52) #EAkig RN (2-H % — iR +
CoA+NADP'=3£ F1/it i fiti A+CO,+NADPH), f#i15
BEIR ISR IKF T oK BIIE TS R A 32.5%°7,

M 3 O A R AR T O B e Y A R
FA) D e, T I il TR 2 A e ek R ) 70 TR RR0
A B TR 8 SR TR A U AR L FE T OptSwap
SR TR ARG 1 BRI B Candida glabrata
AETEINER R, 53] T 12 sl DR 5 58 3 R B R
W, SECN R A R FE N 0 &2
20.42 mmol/(g DW-h)[™,

g PRk, T GSMM, i e A [R5 el ik
SIFH A, BT S TR, S S
HATEIE . WX RIS, © 2 s N A
LR . 2R . WS bt e, B
SCESARSS A, AUSEIR TR R s ) B
P VA TR GE R, T H AR A4 R 7K
% JEBAL P B A A YR AR s e, A
Bl 52 BT A RS MR

4 Hp5E#

BEXT AV A N A B DTS, [N AT
FENGCR AR TR R TR S5 ms, TR T
A IR . 454 GSMM, 1T LK B it
LSRN LE G, NI S RO 3RS Tk 2R 7 T ik
GSMM £3:d 20 4F kg, —J5 I ik A WrEs in
AR, e TR RTINS R R HERR I, S —
T3 T DB — BB AR R i i 22 B IR 2 AR . i
H— RV R T AL I &, AL
SEHLT A GSMM B PR AL, T ELBE A% I T
A F AL | 8 S AR TR X PN 5 T A=
JE A B AT RGBT o
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B GSMM & T H AR T & f5ess, H
FIE 2 n] LISEEL GSMM A pest | itz (H2
3 R 455 7 g ey ik K s AT BA ) B KO 1 B
W, FEHEN GSMMs FHZZAF, b,
X2 GSMMs 11 i b AR i 51 2 v 1) J B
KB =%—, FREI T GSMM A E— 1 .
SRERTE A —Le 54 %2, W BIGG Models 328 T
CL k% GSMMs tnifEfk, (A& % B i
Wt T 85 AR PR e R A S AR B R v
XA T8 — , I FLHE SR ) e T 4 1 B0 PR
W, L GSMMs IR FI T .

HAR GSMM C &) iz v HFE 2 A Jr T
{2 ok SEASE AL (1 24 o S HCHR I [ 8 10 o ThTdRe T &
JEIHLES %> (Machine learning) J57%, T
IS (Black-box), AN XL RS AT
E, Rt — R4 (Training data),
SRR X SHGHEAT B B IE, AT SE AT (kG
BT . Ak, AT SO IR BRARHLES 2E 2 O ko
LB 78 R ) 405 A I 2 78 2 ) A A EAR G
RMAR, Yang FiE— 2L T AFMHE R
(White-box) FI T-#m4i 4 ZAE FAPLHITS HLas %
Ok, VBRI EAR, EBRAE S R
TERER T, B4 12 o RS R
XTGP I . 259 J BRI R 4 4
BrsE o5 m U Rtk SR L RS 2 ST O ik xt
GSMM AT 404, B T #F— 25 S B I8 44 1Y
REHETN, 38 0] LU T8 2485 T AH EAER R
FIFRAE, WA GSMM 1 & a3,
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