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Advances in the development of constraint-based
genome-scale metabolic network models

Jingru Zhou, Peng Liu, Jianye Xia, and Yingping Zhuang
State Key Laboratory of Bioreactor Engineering, East China University of Science and Technology, Shanghai 200237, China

Abstract: Genome-scale metabolic network model (GSMM) is becoming an important tool for studying cellular metabolic
characteristics, and remarkable advances in relevant theories and methods have been made. Recently, various constraint-based
GSMM s that integrated genomic, transcriptomic, proteomic, and thermodynamic data have been developed. These developments,
together with the theoretical breakthroughs, have greatly contributed to identification of target genes, systems metabolic
engineering, drug discovery, understanding disease mechanism, and many others. This review summarizes how to incorporate
transcriptomic, proteomic, and thermodynamic-constraints into GSMM, and illustrates the shortcomings and challenges of
applying each of these methods. Finally, we illustrate how to develop and refine a fully integrated GSMM by incorporating

transcriptomic, proteomic, and thermodynamic constraints, and discuss future perspectives of constraint-based GSMM.

Keywords: genome-scale metabolic network model, multi-omics, thermodynamics, mathematical modeling, constrained methods
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Fig. 1 General procedure for constructing a constraint-based GSMM. (A) Generic process for constructing a
constraint-based GSMM. (B) Retrieving metabolome information and genome-wide annotation information from
various databases, and each data complements, fills and corrects each other. (C) A stoichiometric matrix S is constructed
based on the reaction and metabolite information. The columns of the matrix represent metabolites and the rows
represent reactions. The elements in the S matrix represent the stoichiometric coefficients of metabolites participating in
the reaction. Positive values represent production, and negative values represent consumption. v; composes the vector of
reaction flux, which satisfies the mass balance constraint of S-v=0. (D) Various omics and thermodynamic data are
retrieved from relevant databases and used to constrain GSMM. (E) Optimization goals are set, and mathematical
optimization problems are solved for prediction of metabolic status or for other purposes.
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Nutrients, oxygen supply, temperature and other external environments
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Fig. 3 Cascade regulation of metabolic processes based on multi-omics data. Cellular gene expression status will
change in response to the change of extracellular nutritional and environmental conditions. The expression and
transcription of relevant genes guide the translation of the enzymes encoded. The activity of enzyme determines the
maximum reaction rate of the reaction. By integrating the multi-omics data and the cascade regulation process with
GSMM, the global regulation of the metabolic network could be achieved.
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