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An evolving and flourishing metabolic engineering
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Abstract: In 1990s, Bailey and Stephanopoulos put forward the concept of classic metabolic engineering, aiming to use
DNA recombination technology to rewire metabolic network to achieve improved cell performance and increased target
products. In the last 30 years since the birth of metabolic engineering, life science have flourished, and new disciplines such as
genomics, systems bhiology and synthetic biology have emerged, injecting new connotations and vitality into the development
of metabolic engineering. Classic metabolic engineering research has entered into an unprecedented stage of systems
metabolic engineering. The application of synthetic biology tools and strategies, such as omics technology, genomic-scale
metabolic model, parts assembly, circuits design, dynamic control, genome editing and many others, have greatly improved the
design, build, and rewiring capabilities of complex metabolism. The intervention of machine learning and the combination of
evolutionary engineering and metabolic engineering will further promote the development of systems metabolic engineering.
This paper analyzes the development of metabolic engineering in the past 30 years and summarizes the novel theories,

techniques, strategies, and applications of metabolic engineering that have emerged over the past 30 years.
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Fig. 1 Features of metabolic engineering in different development stage
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Fig. 2 Metabolic engineering design: from simple to complex.
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Fig. 4 Strategies for dynamic metabolic engineering.
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Fig. 5 Evolutionary engineering: directed evolution and adaptive laboratory evolution.
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Fig. 6 Application of machine learning in metabolic engineering.
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L& Y& LA A e e i 2 B e T
B ARRHE . B, B RE I
2019 4F , 38 [ Rl S 3 TR SRR &
JEAE T, U DA B 2 2k SR Y 42 R ]
B, ERRL, BB R B AR R S
T G0 LE W) 55 v T T RS AR A S BR , T4 7 64 2
PrEEAR SR . X BRI TR ROk & R i 5
.t Ak B REALAYBETT, AR T A0
FUANAE . AN ANAE RS . NI AN I 2% . 40
HHEHLZ W A2 T RE 7 o AT RESR K A B0 R
S5 AL AL ), A S B R Y 1 Bk
AR AR . AT LU, AR TR S A
WL BRI ARG A, K & Rk 9 A AL A
&

Table 1 The applications of different strategies in metabolic engineering

Host Product/goal Strategies/tools References
Metabolic design  E. coli Reticuline Selected enzymes from different host [12]
S. cerevisiae Artemisinic acid Precursor improvement/new P450 [13]
P. putida Cis,cis-muconic acid Synthetic promoter [14]
N. benthamiana  Colchicine alkaloid Co-expression/truncation [17]
Flux E. coli Taxadine Pathway modularization [11]
RRH el E. coli Resveratrol CRISPRI [49]
E. coli Anthranilate Metabolite addiction [50]
A. niger Itaconic acid Low-pH-inducible promoter, Pgas [54]
E. coli 5-aminolevulinic acid Glycine Riboswitch [67]
S. cerevisiae Isoprene Directed evolution [72]
Evolutionary S. cerevisiae Free fatty acids Adaptive laboratory evolution [79]
engineering E. coli L-serine Adaptive laboratory evolution [80]
E. coli Grow Adaptive laboratory evolution [81]
Machine learning  E. coli Expression of dxs Neural network [101]
E. coli Limonene Support vector machine [104]
E. coli Lycopene Gaussian process [105]
S. cerevisiae Tryptophan Ensemble models [106]
D. nepalensis Xylitol Actificial neural network [110]
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