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Predicting genetic modification targets based on metabolic
network analysis—a review
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Abstract: Construction of artificial cell factory to produce specific compounds of interest needs wild strain to be
genetically engineered. In recent years, with the reconstruction of many genome-scale metabolic networks, a number of
methods have been proposed based on metabolic network analysis for predicting genetic modification targets that lead to
overproduction of compounds of interest. These approaches use constraints of stoichiometry and reaction reversibility in
genome-scale models of metabolism and adopt different mathematical algorithms to predict modification targets, and thus
can discover new targets that are difficult to find through traditional intuitive methods. In this review, we introduce the
principle, merit, demerit and application of various strain optimization methods in detail. The main problems in existing
methods and perspectives on this emerging research field are also discussed, aiming to provide guidance to choose the

appropriate methods according to different types of products and the reliability of the predicted results.

Keywords: genome-scale, metabolic network, strain optimization, systems biology, metabolic engineering
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Table 1 Software and toolboxes used for strain optimization

Software and Platform

toolboxes Website based Description
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OptS . Matlab A 1 tat f OptS
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GDLS http://crab.rutgers.edu/~dslun/gdls/index.html ~ Matlab . . . .
approach to identify favorable genetic designs
i fficient t t h
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