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Abstract: Constraint-based genome-scale metabolic network models (genome-scale metabolic models,
GEMs) have been widely used to predict metabolic phenotypes. In addition to stoichiometric constraints,
other constraints such as enzyme availability and thermodynamic feasibility may also limit the cellular
phenotype solution space. Recently, extended GEM models considering either enzymatic or
thermodynamic constraints have been developed to improve model prediction accuracy. This review
summarizes the recent progresses on metabolic models with multiple constraints (MCGEMs). We
presented the construction methods and various applications of MCGEMs including the simulation of
gene knockout, prediction of biologically feasible pathways and identification of bottleneck steps. By
integrating multiple constraints in a consistent modeling framework, MCGEMs can predict the
metabolic bottlenecks and key controlling and modification targets for pathway optimization more
precisely, and thus may provide more reliable design results to guide metabolic engineering of

industrially important microorganisms.

Keywords: genome-scale metabolic network models; enzymatic constraints; thermodynamic constraints;
metabolic models with multiple constraints (MCGEMs); key enzyme; bottleneck reaction
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Figure 1  Augmentation of the stoichiometric
matrix with the SMOMENT approach. M, is the
enzyme pool pseudo-metabolite and R, the
enzyme-pool-delivering pseudo-reaction. 7; stands
for reaction i, M; for metabolite j; r is the number of
reactions, m is the number of metabolites. The
principles refer to the work performed by Bekiaris
and Klamt®!),
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F Python Fl MATLAB WifhZaf2iF 5 19 A sh ks
Br 1 H, 2 ilfr 4k pyTFA Fl matTFART, ik
— M AT TMFA Jr s e A)
22 KERNFFITHEMEREMETZE
2014 4, Noor 2P H T £ xRk 12 4
F12 08 5h J1 4R 7% MDF (max-min driving
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Figure 2 Schematic comparison between two
pathways. Each pathway starts and ends with the
same compounds, employs six enzymes and carries
the same net flux. The kinetic parameters of all
enzymes in both pathways, as well as enzyme and
metabolite concentrations, are assumed to be
identical. The principles refer to the work
performed by Noor et al.*®.
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Simplified enzyme cost functions in ECM method

Levels Expression formula Annotation
EMCO q(v)= 21:‘}1 Only consider the flux of reactions
1
EMC1 ‘](V) = ZhE, Vi o Consider the catalytic ability of enzymes
! cat,/
1 1
EMC2 CI(X’V) = ZhE, VT e Consider the reversibility of reactions
! kcat,l Ui (x)
EMC3 CI(X’V) = ZhE, v % ml : m,l Consider the substrate saturation of enzymes
1 kcat,l 771 (x) 771 (X)
1 1 1
EMC4 q(x,v) = Zhg, Vi I ) More detailed enzymatic kinetic mechanism
7

cat,/ n[r""(x) 771‘“” (X)
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