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Abstract 

Global energy demand, rising petroleum prices and environmental concerns have stimulated 

increased efforts to develop more sustainable and cost-effective chemicals that are derived from 

renewable resources. Metabolic engineering entails targeted manipulation of biosynthetic 

pathways to maximize yields of desired products. As an emerging discipline, synthetic biology is 

becoming increasingly important to design, construct and optimize metabolic pathways leading to 

desired overproduction phenotypes. Exploitation of the diverse microbial pathways based on 

metabolic engineering and synthetic biology frameworks provides a promising solution to 

synthesis of fuel and pharmaceutical molecules that are previously produced from the petroleum-

based resources. 

Harnessing cell factories for producing biofuel and pharmaceutical molecules has stimulated 

efforts to develop novel synthetic biology tools customized for modular pathway engineering and 

optimization. Here we present a versatile gene assembly platform ePathBricks supporting the 

modular assembly of multigene metabolic pathways and combinatorial generation of pathway 

diversities. Based on this gene assembly platform, we have combinatorially optimized the 

transcriptional levels of three genetic modules in the fatty acid pathway and identified conditions 

that balance the supply of acetyl-CoA and consumption of malonyl-CoA/malonyl-ACP (acyl 

carrier protein). Refining protein translation efficiency by customizing ribosome binding sites for 

both the upstream acetyl-CoA formation and the downstream fatty acid synthase module has 

enabled further production improvement. Fed-batch cultivation of the engineered strain led to a 

final fatty acid production of 8.6 g/L. The modular engineering strategies demonstrate a 

generalized approach to engineering cell factories for valuable metabolites production. 

As heterologous pathways become larger and more complicated, it becomes increasingly difficult 

to optimize them with static regulatory control. An ideal approach would be to use dynamic 

regulatory networks to control gene expression so that the host cells can adjust their metabolic 
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functions when the environmental condition changes. Here we report engineering both the 

positive and negative feedback controls for dynamic tuning of metabolic flux in E. coli. We have 

identified a dual regulator which can act either as an activator or a repressor for two different 

promoters. And the level of activation or repression is dependent on the level of malonyl-CoA 

inside the cell. As a proof of concept, we demonstrated that the expression of two reporter 

proteins can be exclusively switched between the on and off state. The implication of this study is 

that we can integrate these two circuits and dynamically control the metabolic flux in both the 

malonyl-CoA source pathway and the malonyl-CoA sink pathway to maximize the production of 

fatty acids in E. coli. 

Overall, this research will provide an intellectual foundation as to how synthetic biology can be 

used to assist the design, construction and optimization of metabolic pathways. This dissertation 

also adds the strength that metabolic engineering and synthetic biology can be integrated to create 

tailor-made cell factories for the manufacturing of fuel and pharmaceutical molecules in 

microorganisms.
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1. Introduction      

1.1 Metabolic engineering 

We have a long history of producing alcohols and antibiotics from naturally existing 

microorganisms. Traditional approaches to strain development is mainly focused on mutagenesis, 

screening and selection, which takes lots of time and are not very efficient. This was not changed 

until the emergence of metabolic engineering about 20 years ago. As an independent discipline, 

the concept of metabolic engineering was first proposed by Jay Bailey in 1991 [1] and was further 

expanded by Gregory Stephanopoulos [2] in 1998. Some other terms such as molecular breeding, 

in vitro evolution and pathway engineering were also used to describe this subject. Metabolic 

engineering is the targeted modification of existing pathways or introduction of entirely new 

pathways for the manufacturing of useful compounds. Metabolic engineering provides an 

integrative approach to manipulate cell metabolic pathways within the context of the whole 

metabolism rather than a single enzymatic step (or a single gene) [3], which is different from 

genetic engineering or recombinant DNA technology. Moreover, quantitative methodologies such 

as metabolic flux analysis (MFA) and metabolic control analysis (MCA) can provide us with 

guidelines for pathway design and optimization [4]. 

With the advent of metabolic engineering, the number of molecules that could be produced from 

inexpensive starting materials has been substantially expanded. For example, we have been able 

to produce pharmaceutical molecules such as artemisinin [5] and taxol [6] to fight malaria or 

breast cancer; we have been able to produce advanced biofuels that could potentially solve the 

energy crisis [7,8]. Another major goal of metabolic engineering is to improve both the yield and 

productivity of a compound of interest. Some common stragegies that have been used to improve 

                                                           
 Portions of this chapter previously appeared as: Xu P, Bhan N and Koffas MA: Engineering plant 
metabolism into microbes: from systems biology to synthetic biology. Curr Opin Biotechnol 2012, 
24:291-299. 



2 

 

the production performance include: (1) overexpression of rate-limiting enzymes; (2) 

improvement of substrate utilization efficienty by expressing transporter or degradation enzymes; 

(3) improvement of precursor and cofactor availability; (4) deletion or knockout of competing 

pathways that would otherwise lead to byproducts; (5) elimination of regulatory mechanism such 

as feedback inhibition or transcriptional repression; and (6) coordination of gene expression. 

 

Figure 1. 1. Synthetic biology, protein engineering and pathway engineering are the three foundational area 

for metabolic engineering [9,10]. 

Our ability to engineer metabolic pathways has been greatly expanded in recent years due to the 

influx of techniques from three foundational areas (Figure 1. 1.). At the DNA and RNA level, we 

can precisely control and modulate gene expression by modifying the transcriptional or 

translational machinery. At protein level, we can create enzymes with improved catalytic 

efficiency or specificity by rational design or directed evolution. At the reaction level, we can 
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specifically redirect carbon flux towards a target pathway by overexpression of rate-limiting steps 

and knockout of competing pathways [9]. 

1.2 Synthetic biology approaches to metabolic engineering 

Conventional metabolic engineering strategies have been primarily focused on redirecting carbon 

flux towards a target pathway by overexpression of rate-limiting enzymes and deletion of 

precursor competing-pathways [11]. With the advent of post-genomics era, a staggering volume 

of genomic, transcriptomic, proteomic and metabolomic information has been deposited; thus it 

becomes possible to manipulate metabolic network throughout the entire cell metabolism [12]. 

Concurrently, as the characterized genetic parts and devices have been accumulated and the costs 

of DNA synthesis continue declining, synthetic biology has enabled the precise control of cell 

metabolism to customize the production of plant natural products (NPs) and fuel molecules at a 

scale and speed never seen before.  

As an emerging discipline, synthetic biology is the design and construction of new biological 

parts, devices and the re-design of existing biological systems for useful purpose. Knowledge 

from synthetic biology can help us better understand how to design, control and optimize 

metabolic pathways. As a metabolic engineer, we used a variety of molecular components to 

adjust the functioning of metabolic pathways. These include transcriptional factors, sigma factors, 

RNA polymerase, promoters, ribosome binding sites (Figure 1. 2. A). Some excellent examples 

include design of RNA aptamers, riboswitches and riboregulators to control gene expression, and 

the design of synthetic protein scaffolds to optimize the spatial organization of chemical 

reactions.  



4 

 

 

Figure 1. 2. A collection of molecular components that can be used to adjust the functioning of metabolic 

pathways. (A) Transcriptional machinery, translational machinery, synthetic protein scaffold and genome-

editing tools constitute a powerful toolbox for engineering metabolic pathways. (B) Balancing the 

expression of enzymes improves the final output of a pathway [13]. 

One of the major challenges for heterologous expression of multigene pathways is to coordiante 

the expression level of each of the enzymes and achieve optimal catalytic efficiency. For 

example, increasing the expression of the second and third enzymes in this pathway increases the 

final production output (Figure 1. 2. B). One way to solve this problem is combinatorial 

optimization. For example, we can treat each of the gene components as a variable and we 

combinatorially search the metabolic space to the find the best combinations of each variable. 

Indeed, this combinatorial approach has been successfully applied to optimize the isoprenoid 

pathway [6], fatty acid pathway [14] and xylose-utilization pathway [15] in recent years. 
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1.3 Microbial metabolic engineering as an alternative source for phytochemicals and 

biofuels 

Plant metabolism represents an enormous repository of bioactive compounds, known as natural 

products (NPs), that are of pharmaceutical and biotechnological importance [16]. Specialized in 

skeletal structures and functional groups, plant natural products continue to play the leading role 

to fuel the engine of drug discovery [17].  For example, it has been estimated that more than 75% 

of FDA-approved antibiotics and anticancer drugs are NPsor inspired by NPs from the last 25 

years [18]. Moreover, about two thirds of the world population still relies on medicinal herbs for 

their primary health care [18]. 

As a result, tremendous effort has been dedicated to the development of cost-efficient processes 

for the production of important NPs. Currently, most of commercialized NPs are still 

manufactured by extraction from their native plant sources or semi-synthesized from NP 

intermediates. The major bottleneck in plant extraction process is the low yield and the 

complicated downstream purification process. While organic chemists have been able to elegantly 

synthesize/modify an array of complex NPs, such chemical synthesis processes are usually 

overshadowed by inherent disadvantages such as low yield,  toxic catalysts and extreme reaction 

conditions that make them not amenable to large-scale production [19].  

Alternatively, microbial metabolic engineering has emerged as a promising approach to overcome 

these limitations. For example, microbial cells can grow rapidly and the cultivation process can 

be easily scaled up to thousands of liters in industrial settings as well as they are tractable to 

genetic manipulation. With the introduction of plant heterologous pathways, universal 

precursors/intermediates (i.e. acetyl-CoA, malonyl-CoA, isopentenyl pyrophosphate) generated 

from microbial central carbon metabolism can be easily rewired to produce value-added NPs 

from cheap feedstocks. For instance, genetically-tractable microorganisms (e.g. Escherichia coli 
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and Saccharomyces cerevisiae) engineered with plant secondary metabolic pathways have 

demonstrated great success inproducing a range of NPs including fatty acids [20], terpenoids 

[5,6,21], flavonoids [22,23], polyketides [24] and alkaloids [25].  

1.4 Malonyl-CoA is the rate-limiting precursor for synthesizing phytochemicals and 

fatty acids  

The biosynthesis of plant-specific secondary metabolites such as aromatic polyketides [26,27], 

flavanones [28,29] and fatty acids [30,31] has recently become the focus of extensive research 

efforts due to their pharmaceutical potential in chronic diseases such as diabetes, cancer, obesity 

and Parkinson’s disorder. As a result, tremendous effort has been dedicated to the development of 

cost-efficient processes for the synthesis of these compounds. For example, industrial microbial 

hosts (e.g. Escherichia coli and yeast) that express multi-gene heterologous pathways have been 

used to produce these chemical compounds from renewable resources. . In general, the 

biochemical routes that lead to the synthesis of these compounds involve acyl-CoA monomers 

(e.g. acetyl-CoA, malonyl-CoA, propionyl-CoA) as precursors (Figure 1. 3.). The major 

biological function of malonyl-CoA is to provide the C-2 unit for the chain elongation step 

involved in the biosynthesis of these compounds. For example, polyketides are formed in a multi-

step decarboxylative condensation by the enzyme polyketide synthase (PKS) which recruits one 

molecule of malonyl-CoA in each step [34,35]. On the other hand, the pathway responsible for 

the synthesis of flavanones involves the enzymes 4-coumaroyl-CoA ligase (4CL), chalcone 

synthase (CHS) and chalcone isomerase (CHI) and requires three molecules of malonyl-CoA 

[36,37]. Malonyl-CoA also serves as a starting point for the synthesis of microdiesel [38] and a 

host of various other value-added chemical compounds such as polyunsaturated omega-3 fatty 

acids [39] and free fatty acids[40].  
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Figure 1. 3. Acetyl-CoA and malonyl-CoA are the essential precursors to biosynthesize fatty acids, 

flavonoids and polyketides. ACC: acetyl-CoA carboxylase; PHB: polyhydroxybutyrate; IPP: isopentenyl 

pyrophosphate; DMPP: dimethylallyl pyrophosphate; MEV: mevalonate pathway. 

Malonyl-coenzyme A is an important precursor metabolite for the biosynthesis of polyketides, 

flavonoids and biofuels. However, malonyl-CoA naturally synthesized in microorganisms is 

consumed for the synthesis of phospholipids and cell membrane leaving only a small amount 

available for the production of other metabolic targets in recombinant biosynthesis. For example, 

malonyl-CoA has been proved as the major rate-limiting precursor for synthesizing fatty acids in 

a cell-free radiolabeled system [41,42]. Therefore, the transfer of malonyl-CoA-dependent 

metabolic pathways into heterologous hosts calls for novel systems and synthetic biology tools 

that could facilitate the design, construction and optimization of synthetic pathways for various 

metabolic engineering applications. In this work, we will discuss how systems and synthetic 

biology tools can be integrated to create tailor-made cell factories for efficient production of NPs 

and fuel molecules in microorganisms.  
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2. Background and specific aims     

2.1 Microbial metabolic engineering for flavonoids production 

Flavonoids represent a diverse family of phytochemicals and are widely distributed in nature. We 

are interested in flavonoids, because they have been shown to possess lots of health-promoting 

benefits and pharmaceutical potentials. For example, they can be used for treatment of some 

chronic disease such as diabetes, obesity and Parkinson’s disease [43]. Flavonoids constitute up 

to 45% of the total antioxdiant market and the current market size is around 200 million dollars 

per year. 

Flavonoid pathway begins with the activation of of p-coumaric acid by the attachment of 

Coenzyme A catalyzed by 4-coumaroyl-CoA ligase (Figure 2. 1.). Subsequently, this compound 

is condensed with three molecule of malonyl-CoA by the sequential action of type III polyketide 

synthase, chalcone synthase. The resulting chalcone is isomerized to form the gateway 

compounds, naringenin, which can be further diversified to different structures such as 

isoflavone, dihydroflavanol and anthocyanins. 

Due to the wide application potential, metabolic engineering of microorganisms for biosynthesis 

of flavonoids has been developed in different research groups. For example, Hwang and Kaneko 

[44,45] have achieved the heterologous production of plant-specific flavanone in E. coli by 

construction of an artificial gene cluster comprising R. rubra phenylalanine ammonia lyase 

(PAL), S. coelicolor 4-coumaroyl-CoA ligase (4CL) and G. echinata chalcone synthase (CHS).  

This is the first attempt of engineering plant flavanone pathway in microbes, though the 

production level is very low. Miyahisa has demonstrated that flavanone yields can be greatly 

increased upon the expression of the two subunit genes, acetyl-CoA carboxylase (ACC), from 

                                                           
 This chapter previously appeared as: Xu P, Bhan N and Koffas MA: Engineering plant metabolism into 
microbes: from systems biology to synthetic biology. Curr Opin Biotechnol 2012, 24:291-299. 
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Corynebacterium glutamicum [46], indicating intracellular malonyl-CoA is the rate-limiting 

factor for flavanone biosynthesis.  

 

 

Figure 2. 1. Flavonoids biosynthetic pathway. TAL: Tyrosine ammonia lyase; PAL: phenylalanine 

ammonia lyase; C4H: cinnamate 4-hydroxylase; 4CL: 4-coumaroyl-CoA ligase; CHS: chalcone synthase; 

CHI: chalcone isomerase; IFS: isoflavone synthase; F3H: flavanone-3-hydroxylase; DFR: dihydroflavonol 

reductase; LAR: leucoanthocyanidin reductase; ANS: anthocyanin synthase; 3GT: flavonoid 3-glucosyl 

transferase. 
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As such, malonyl-CoA availability has become the major engineering target for improving 

flavanone production. For example, boosting the intracellular malonyl-CoA pool through 

coordinated overexpression of four ACC subunits (accBCAD) from Photorhabdus luminescens 

could result in a significant increase in flavanone production [47]. In addition, expression of a 

chimeric biotin ligase (BPL) and acetate assimilation pathway (encoding by acetate kinas ack and 

phosphotransacetylase pta) or acetyl-CoA synthetase (ACS) in E. coli could further elevate 

flavanone production to 119 mg/l [47]. Engineering of an alternative carbon assimilation pathway 

and inhibition of malonyl-CoA consumption pathway with supplementation of cheap carbon 

sources have also been demonstrated as an effective strategy for improving flavanone production 

[48]. 

Traditionally, metabolic engineering targets were mainly identified by network inspection. But 

due to the interconnection and redundancy of metabolic network, it’s not feasible to identify the 

optimal combinations of gene knockout and overexpressions across the entire metabolism. More 

often than not, this intuitive approach fails to consider all the constraints related to the complex 

metabolic network. As such, in silico-based genome-scale metabolic model has been used for 

strain improvement. The advantage of this approach is that non-intuitive genetic targets can be 

predicted to generate the desired phenotype [43]. For example, based on the in silico evolutionary 

model (CiED), an optimal flavanone producer was constructed by knocking out citrate cycle gene 

sdhCDAB (succinate dehydrogenase), the branched chain amino acid transporter gene brnQ and 

the pyruvate consumption pathway (encoded by adhE) together with the overexpression of acetyl-

CoA synthase, acetyl-CoA carboxylase and pantothenate kinase. This work has led to a maximum 

naringenin production up to 240 mg/l [49]. Based on the same model, the authors predicted a 

number of engineering targets to maximize the cellular NADPH availability for flavanone 

biosynthesis. By knocking out glucose-6-phosphate isomerase (pgi), phosphoenolpyruvate 

carboxylase (ppc), glutamate dehydrogenase (gdhA) together with overexpression of 
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dihydroflavonol 4-reductase (DFR) and leucoanthocyanidin reductase (LAR), the engineered 

strain were able to produce up to 817 mg/l of leucocyanidin and 39 mg/l of catechin in modified 

M9 media [50]. 

2.2 Microbial metabolic engineering for fatty acids production 

Recently, there has been a renewed interest in engineering metabolic pathways for fatty acids-

based biofuel production in microbial cells [40,51]. Indeed, fatty acids-based biofuels have a 

number of advantages that make them suitable for an array of applications compared with the first 

generation biofuel ethanol. For example, fatty acids have better physicochemical properties such 

as less hygroscopic, miscible with diesel fuels and the high energy content. They can be used 

directly in today’s engines and are compatible with the infracture. Fatty acids can also be easily 

converted to advanced biofuels such as fatty alcohols, fatty alkanes, fatty alkenes, fatty ketones 

and fatty acid methyl esters simply by reduction, decarbonylation, decarboxylation and 

esterification steps. Fatty alkanes and fatty acids methyl esters have good combustion quality 

because they can vaporize and ignite quickly, which makes them a good substitute for jet fuels 

and diesel fuels [11]. Fatty acids are synthesized by a large, multi-enzyme complex called fatty 

acid synthase using acetyl-CoA and malonyl-CoA as basic building blocks (Figure 2. 2.). This 

hydrocarbon backbone is elongated through repeated cycles of four reactions: beta-keto 

condensation, beta-keto reduction, beta-hydroxyl dehydration and enol reduction. With each of 

this cycle running, we have two carbons incorporated into the hydrocarbon backbone. 

In the past decade, extensive efforts have been made to engineer the fatty acid biosynthetic 

pathway and advanced biofules have been achieved in different microorganisms. For example, 

metabolically engineered E. coli has been used to produce fatty acid ethyl esters (FAEEs) by 

expressing Zymomonas mobilis ethanogenic pathway (pyruvate decarboxylase and alcohol 

dehydrogenase) and the Acinetobacter baylyi acyltransferase (Figure 2.2.). E. coli expressing 

these enzymes reached a production of 1.28 g/l FAEEs, representing 26% of cellular dry weight 
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[38]. By coexpression of an alcohol-producing bifunctional acyl-CoA reductase from the jojoba 

plant and a bacterial wax ester synthase from Acinetobacter baylyi strain ADP1, the engineered E. 

coli was unexpectedly found to produce fatty acids butyl esters (FABEs) when oleate was 

supplemented to the cell [52].  

Acetyl-CoA carboxylase (ACC), which catalyzes the reaction from acetyl-CoA to malonyl-CoA, 

is the major limiting step for the synthesis of an array of economically important compounds such 

as fatty acids, polyketides and flavonoids. For example, overexpresion of ACC has led to a 

significant increase in fatty acids production in E. coli [53]. Augmentation of the intracellular 

malonyl-CoA pool by coordinated expression of four subunits acetyl-CoA carboxylase 

(accBCAD) has resulted in a 5.7-fold increase in flavanone production [54]. By knocking out 

fabD (malonyl-CoA-ACP transacylase) and overexpression of accABCD (acetyl-CoA 

carboxyltransferase) and a plant-derived thioesterase, Lu et al have demonstrated that engineered 

E. coli BL21 produced about 2.5 g/l of free fatty acids (2.5 g/l) [40]. A recombinant E. coli 

expressing the Proteus sp. alkaline lipase lipK (a novel) has been constructed as a whole-cell 

biocatalyst for conversion of methanol and olive oil to biodiesel [55].  
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Figure 2. 2. Engineering microorganisms for fatty acids-based biofuel production [11]. The black arrows 

represent the native pathway; dash lines indicate multi-enzymatic steps; blue arrows represent the expanded 

pathway; the blue italicized gene names represent the pathway that has been overexpressed. pdc encoding 

pyruvate dehydrogenase complex; adh encoding alcohol dehydrogenase; acc encoding acetyl-CoA 

carboxylase; fabH encoding ketoacyl-ACP synthase; fabD encoding malonyl-CoA-ACP transacylase. 

The challenge here is that the fatty acid pathway is tightly regulated inside the cells and the cell 

won’t overproduce them. Most of fatty acids synthesized will be used to synthesize phospholipids 

and cell membrane, which are essential for cell growth. For example, one of the intermediate, 
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fatty acyl-ACP will feedback inhibit the activity of the beta-keto synthase (encoded by fabH or 

fabB) and acetyl-CoA carboxylase (encoded by accABCD) [14]. The way to get around this is to 

express a thioesterase that terminates the chain elongation reaction and release the free fatty 

acids, so that they won’t feedback inhibit these two enzymes. Another common strategy to 

engineer this pathway is to block the beta-oxidation pathway to prevent the degradation of fatty 

acids [40].  

2.3 Synthetic pathway design 

Due to the highly evolved transcriptional regulatory network and metabolic feedback control, 

microorganisms tend to maintain a constant level of essential precursor metabolite flux and will 

not commit to overproducing recombinant molecules for our human needs [56]. It is often the 

case that manipulation of local metabolic network rarely reaches the production performance that 

is obtained in classical strains. In the past decade, the field of systems biology has seen 

tremendous advances in understanding and predicting the dynamic behavior of complex 

biological systems [57]. Integrated experimental and computational tools have allowed us to build 

a global landscape of molecular interactions among the myriad cellular components. Towards the 

goal of better engineering cell metabolism for NPs production, a number of high-throughput omic 

tools and constraint-based flux balance models have been employed and our ability to 

quantitatively dissect cellular phenotypes has been greatly enhanced (Figure 2.3.). These 

achievements have led to the emergence of a new concept “systems metabolic engineering” [12] 

that aims to update strain engineering to a global scale.  
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Figure 2. 3. Systems biology tools bring together layers of information that will advance our understanding 

to design and modeling intertwined metabolic network [209]. Genomics, transcriptomics, proteomics and 

constraints-based flux balance analysis (FBA) provide a global landscape of cell metabolism that will 

benefit the design and control of biological systems for biotechnological applications. Left panel shows 

original metabolic network and right panel shows optimized metabolic network with maximal carbon flux 

towards a desired product. On the right panel, dark green blocks show overexpression or up-regulation 

targets; red blocks show knockout or down-regulation targets. Double arrows show interplay between the 

neighboring components. 

The large volume of plant genomic information generated from high-throughput DNA 

sequencing techniques has provided immense possibility for realizing the biosynthetic potential 

of pant metabolism [58]. Such data can be exploited to identify cryptic pathways or unknown 

gene clusters that are responsible for valued NP biosynthesis. Sequence comparison between 

unknown DNAs and canonical genes allows the prediction of conserved catalytic motifs that 

potentially could lead to new chemical entities [59]. For example, genome mining has been 

successfully applied to understand the biochemical programming and molecular basis of two 
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types NP biosynthetic systems, known as the modular polyketide synthases and nonribosomal 

polyketide synthetases [60]. Recently, bioinformatics analysis of genomic information and 

mRNA transcripts has led to the prediction of enzymes and pathways involved in terpenoids 

biosynthesis in both Catharanthus roseus [61] and Ganoderma lucidum [62]. De novo 

sequencing, assembly of transcriptomic data has also allowed the prediction of biosynthetic 

pathways for a range of NPs including prostratins [63], picrosides [64] and hypericins [65]. 

Targeted proteomics that directly correlate protein translation efficiency with pathway limitations 

based on the accurate determination of enzyme abundance have been used to fine-tune/optimize 

heterologous mevalonate pathway [66] and phenylalanine pathway [67] in E. coli, leading to 

improved production of amorpha-4,11-diene and tyrosine, respectively. These high throughput 

systems biology tools have largely improved our ability to design and optimize metabolic 

pathways for efficient production of NPs in microorganisms. 

In the meantime, in silico computational biology tools based on flux balance analysis (FBA) or 

kinetics formulation have been developed to identify genetic manipulation targets that would 

redistribute carbon flux towards a compound of interest. The most popular in silico genome-scale 

metabolic computational method is constraints-based flux balance analysis [12]. It allows 

determination of optimal reaction flux (i.e. maximal cell growth, maximal product formation or 

minimal precursor dissipation) by searching for a linear space constrained by stoichiometry-based 

mass balance equations and prescribed physio-biochemical boundaries. More importantly, 

possible flux distributions solved by linear or quadratic programming can be ranked and chosen 

to prioritize the implementation of genetic interventions. For example, strain optimization 

procedures such as OptORF [68], RobustKnock [69] and CiED [70,71] have enabled efficient use 

of FBA as a tool to predict gene overexpression and/or gene deletion targets. The ever-increasing 

size of biochemical data has motivated the use of algorithms that incorporate layers of 

information to further constrain flux space and achieve more accurate predictions. For example, 
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transcriptional regulatory network [72], chemical reaction thermodynamics [73], RNAseq data 

[74], flux measurement data [75] and kinetic constraints [76] have been incorporated into FBA 

framework to identify and optimize metabolic states in various organisms. Recently, genetic 

interventions predicted by OptForce have been successfully applied to improve intracellular 

malonyl-CoA and the resulting strain demonstrated around 5-fold increase in flavonoid 

production in E. coli [23]. These achievements demonstrate that constraint-based flux balance 

models are powerful tools for strain design and improvement. 

2.4 Synthetic pathway construction 

Synthetic biology is characterized by a constructive approach to understand and manipulate 

biological systems [77]. As the cost of commercial synthesis of genes is declining, our ability to 

physically construct complex biological devices/pathways from basic DNA parts is becoming a 

critical hurdle in implementing the vision of synthetic biology [78]. These limitations can become 

prohibitive when constructing multi-gene metabolic pathways and complex regulatory circuits. 

For example, strain development through metabolic engineering leading to valuable NPs typically 

involves the manipulation of a dozen of precursor pathways or rate-limiting enzymes [5,6]. 

Conventional pathway construction approaches, which largely rely on smart design to assemble 

multi-gene fragments in operon form, are limited in terms of automation and context-independent 

pathway output. Therefore, synthetic metabolic engineering requires efficient tools that allow 

precise and concerted assembly of multiple gene fragments, leading to programmable or 

predictable pathway output customized for strain optimization. 
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Figure 2. 4. DNA assembly tools for synthetic pathway construction [209]. (a) Parallel gene assembly tools 

provide an efficient approach to construct directional multi-gene pathways from synthesized or PCR-based 

gene fragments with 30+ bp overlap region. SLIC (sequence and ligation independent cloning) and Gibson 

isothermal assembly are based on in vitro homologous recombination and single-strand annealing. DNA 

assembler is based on yeast in vivo homologous recombination. (b) CPEC (circular polymerase extension 

cloning) technique for gene assembly. Complementary overhangs attached to insertion gene fragment 

anneal to linearized vector and can be circularized into an intact vector by PCR extension.       

Last decades’ advancement in synthetic biology has led to the emergence of several robust gene 

assembly platforms that are suited for metabolic pathway construction and optimization. These 

gene assembly tools allow us to efficiently construct directional multi-gene pathways from 

synthesized or PCR-based gene fragments with 30+ bp overlap region (Figure 2. 4.). For 

example, Sequence and ligation-independent cloning (SLIC) [79,80] and Gibson isothermal 

assembly [81] rely on in vitro homologous recombination and single-strand annealing. SLIC has 

been recently modified to allow one-step assembly of multiple medium-size DNA fragments [82] 

and large genomic DNA fragment (up to 28 kb) [83] using in vitro single-strand overlapping 

annealing. In vivo assembly tools based on yeast  homologous recombination have also been 

developed for assembling large DNA fragments encoding an entire biochemical pathway [84] or 

iteratively integrating multi-gene pathways into yeast chromosome [85]. Coupled with yeast in 

vivo recombination, Gibson isothermal assembly has been used to assemble a self-replicating 
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synthetic M. genitalium genome (1.08 Mb) [86] and high G+C genomic DNA fragment (454 kb) 

containing Synechococcus elongatus PCC 7942 photosynthetic gene clusters [87]. Circular 

polymerase extension cloning (CPEC) has been developed for one-step assembly of multi-gene 

pathways and combinatorial DNA libraries using complementary fragment annealing and PCR 

overlap extension [88].  

Compared with conventional DNA cloning protocols, these advanced DNA assembly tools offer 

an efficient approach to construct multi-gene pathways in a one-step, scar-less and sequence-

independent manner. The downside of these assembly tools is the terminal flanking homology 

sequence of each DNA fragment must be specifically designed for each assembly junction, which 

tends to be laborious and error-prone [89]. Assembly of gene fragments with identical homology 

terminus (such as repeated promoters, repeated ribosome binding site and repeated terminators) 

can be problematic, as this can lead to constructs with missing, extra or rearranged gene 

fragments in the wrong order. As such, these advanced cloning tools are not amenable to refine 

the regulatory control elements of each of the expression cassettes if identical regulatory 

sequences (such as promoters, operators, ribosome binding sites and terminators) are used. In 

addition, due to the pre-determined fragment context specified by the overlap sequence, these 

gene assembly tools are not scalable for diversifying pathway configurations and shuffling gene 

orders in the final construct [90]. As a result, synthetic biology calls for new gene assembly tools 

adept at hierarchical pathway construction and generation of pathway diversities in a 

combinatorial manner. 

2.5 Synthetic pathway optimization 

Recently, synthetic biology principles have been extensively applied in optimizing metabolic 

pathways for the production of biofuels [91,92] and pharmaceuticals [5] in genetically tractable 

organisms. One of the major challenges for heterologous expression of multi-gene pathways is to 
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orchestrate the expression level of each of the enzymes among the selected pathways and achieve 

optimal catalytic efficiency. Towards this goal, a number of synthetic biology approaches have 

been applied to metabolic pathway optimization including modification of plasmid copy number 

[67], promoter strength [93] and gene codon usage [94]. In addition, delicate molecular control 

elements or regulatory circuits have been designed and integrated into cell chassis to implement 

novel biological functions. By doing so, host strain can smartly make dicisions and adjust cellular 

functions when environmental stimuli is introduced. For example, engineering promoter 

architecture has achieved tunable gene expression in both E. coli [95] and yeast [96]; engineered 

metabolite-responsive riboswitches [97] and synthetic ribosome binding sites [98] can be used to 

precisely control protein translation; engineering genetic timers based on mutually repressible 

toggle switches have been used to control the timing of yeast sedimentation [99].  

However, engineering microbial overproduction phenotypes remains a daunting task as it usually 

involves the manipulation of a handful of precursor or rate-limiting pathways that are subjected to 

tight cellular regulation. For example, precursor flux improvement by overexpression of 

heterologous pathways may not be accommodated by downstream pathways; accumulated or 

depleted intermediates may compromise cell viability and pathway productivity [21]. As an 

attempt to address these issues, combinatorial transcriptional engineering has been proposed to 

optimize the expression level of each of the gene involved in a multi-gene pathway. Central to 

this endeavor is an approach called ‘multivariate modular metabolic engineering’ (Figure 2. 5. a), 

which aims at debottlenecking pathway limitations and optimizing a pathway’s potential through 

systematic investigation of pathway input variables [100]. For example,  strategies including 

combinatorially tuning promoter strength, plasmid copy numbers and translational initiation rate, 

have been deployed for optimizing the biosynthesis of important metabolites, such as taxadiene 

[6]  and free fatty acids [101]. It is important to note here that delicately designed statistical 

experiments such as response surface methodology [102] can be used to screen main effects and 
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optimize pathway output instead of performing a full factorial search. Combined with synthetic 

promoter libraries  [95] or synthetic ribosome binding sites [98], the multivariate modular 

metabolic engineering strategies provide a generalized approach to optimizing cell factories for 

valuable metabolites production. 

 

Figure 2. 5. Synthetic pathway optimization through static and spatial regulatory control [209]. (a) Schemes 

of multivariate modular pathway engineering to balance cell metabolism and improve production titer. 

Customized promoters and ribosome binding sites were combinatorially used to remove pathway 

bottlenecks by tuning gene expression at both transcriptional and translational level. Right panel shows 

delicately-designed statistical experiments (Response Surface Methodology) can be used to search optimal 

expression pattern for a two gene pathway. (b) Co-localization of pathway enzymes on synthetic protein 

scaffold to channel carbon flux from substrate to product. (c) Spatial display of functionally-related 

metabolic enzymes on yeast cell surface.  
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In nature, functionally related enzymes are often organized in close proximity by noncovalent 

interactions or membrane-tethered anchor proteins. This spatial colocalization strategy enables 

products formed from one enzyme to be efficiently translocated to another enzyme, prevents the 

accumulation of toxic intermediates and minimizes the loss of reactive intermediates due to 

diffusion (Figure 2. 5. b and 2. 5. c). Recently, a number of scaffold-based approaches that mimic 

this substrate channeling effect have been developed to optimize the metabolic flux through a 

target pathway. For example, heterologous enzymes involved in mevalonate biosynthetic pathway 

have been tethered on specifically designed synthetic protein scaffolds at stoichiometric ratio 

[103]. This spatial control has led to a 77-fold improvement in product titer at low enzyme 

expression levels. The same strategy has been applied to improve the production of glucaric acid 

in E. coli [104]. Yeast cell surface displayed with engineered minihemicellulosome that 

assembles cellulose-degrading enzymes has enabled ethanol production directly from plant 

biomass xylan [105]. Potentially, these substrate channeling strategies could be applied to other 

systems for the modular control over metabolic flux. 

2.6 Specific aims 

The overall goal of this study is to develop versatile and efficient synthetic biology platforms for 

the production of phytochemicals and fuel molecules in E. coli. Specific aims of this research 

include, 

(1) Identification of gene targets to be manipulated for improving malonyl-CoA through 

computational and systems biology approach. Specifically, genome-scale stoichiometry-

based flux balance model will be used to predict the engineering targets that can lead to 

improved intracellular acetyl-CoA and malonyl-CoA. Identified engineereing targets will 

be experimentally validated in a flavonoid biosynthetic pathway. 
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(2) Development of versatile gene assembly platform for expressing multi-gene pathways and 

fine-tuning gene expression in E. coli. The developed platform should be amenable to 

modular pathway engineering and speed up the process of pathway construction and 

optimization. 

(3) Balancing the formation and consumption of essential precursors acetyl-CoA and malonyl-

CoA to improve fatty acids production in E. coli. This objective will be fulfilled through 

combinatorial optimization of gene expression levels in the multi-gene fatty acids 

pathway. 

(4) Development of malonyl-CoA sensors to dynamically tune metabolic flux in E. coli. This 

objective will be achieved by engineering a transcriptional-regulator-sensor system and 

identifying promoters that can be regulated by this sensor-regulator system. 

Transcriptional activities of synthetic sensors comprising with different promoters, 

operators and transcriptional repressors will be tested and screened based on their 

responsiveness to malonyl-CoA. 
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3. OptForce directed Escherichia coli genetic modifications to improve 

cellular malonyl-CoA and its application to flavonoids production     

3.1 Introduction 

In both E. coli and yeast the intracellular availability of malonyl-CoA is limited [106] due to its 

direct association with cell growth and synthesis of phospholipids and fatty acids [107]. With the 

introduction of new genes in the biosynthetic cascade, it is essential to engineer the bacteria so 

that a metabolic balance can be achieved between the requirement of malonyl-CoA for cell 

growth and product synthesis. Hence, efficiently harnessing malonyl-CoA in E. coli continues to 

be one of the largest obstacles for producing natural products such as polyketides and flavanones. 

Metabolic engineering efforts aimed at improving intracellular malonyl-CoA based on metabolic 

network inspection have resulted in tuning pathways that are closer in proximity to malonyl-CoA 

synthesis [22]. For example, overexpression of acetyl-CoA carboxylase [47,108] that leads to the 

formation of malonyl-CoA and deleting enzymes involved in its depletion, such as acetate kinase 

and alcohol dehydrogenase [109], have been reported. While genetic manipulations implemented 

in these studies have significantly improved the synthesis of malonyl-CoA, numerous metabolic 

engineering possibilities are yet to be explored.  

Computational strain design procedures in the past have predicted interventions away from target 

pathways that propagate carbon flux through the stoichiometry to further boost yield. In this 

regard, optimization procedures such as OptKnock [110,111], OptReg [112], OptORF [68], 

RobustKnock [69] and CiED [70] have enabled efficient use of flux balance analysis (FBA) as a 

tool to predict genetic interventions for strain redesign. The ever-increasing size and complexity 

of genome-scale metabolic models for host microorganisms such as E. coli [113] and yeast 

                                                           
 This chapter previously appeared as: Xu P, Ranganathan S, Fowler Z, Maranas CD and Koffas MA: 
Genome-scale metabolic network modeling results in minimal interventions that cooperatively force 
carbon flux towards malonyl-CoA. Metab Eng 2011, 13:578-587. 



25 

 

[114,115] complicate the task of identifying interventions and motivate the use of algorithms that 

can address both the complexity and the problem of combinatorial explosion that arises when 

numerous interventions are attempted. In general, most existing approaches rely on surrogate 

biological fitness functions (e.g. maximization of biomass or minimization of metabolic 

adjustments [116] to predict metabolic flux rearrangement following a genetic modification. 

Despite the presence of a large and fast growing collection of metabolic flux data [117-119] that 

largely pinpoint the physiological state of the wild-type strain, this information is not utilized at 

its fullest for the successful re-engineering of the production host. Recently, the OptForce 

procedure [75,120] was introduced to directly make use of flux measurements available for the 

wild-type strain. The procedure is designed to identify the changes in reaction fluxes that must 

take place in the metabolic network by contrasting the maximum range of flux variability for the 

wild-type strain against the ones consistent with a prespecified overproduction target. In this 

study, we demonstrate the utility of OptForce in predicting genetic interventions resulting in 

significantly improved yields that are far away from the target pathways. OptForce procedure 

identifies the complete set of minimal genetic intervention strategies using a Boolean description 

consistent with an overproduction target. Here, we first characterize the wild-type strain of E. 

coli, BL21 StarTM based on available flux measurements and then identify computationally the 

interventions that cooperatively force carbon flux towards malonyl-CoA while at the same time 

preventing the drain towards byproducts. We combinatorially analyzed the impact of gene 

knockouts and overexpression strategies and demonstrate the sequential aggregation of beneficial 

interventions. The combined use of computations and experiments to increase the availability of 

malonyl-CoA is demonstrated for the synthesis of the flavanone molecule naringenin in E. coli.  



3.2 Materials and methods

3.2.1. Computational procedure

The essence of OptForce procedure is to compare and contrast the maximal range of flux 

variability for a wild-type strain (or a base strain) against the ones consistent with a prespecif

overproduction objective. As outlined in our earlier efforts 

type strain can be elucidated by iteratively maximizing and minimizing each flux in the network 

[121,122] subject to constraints pertaining to stoichiometry, uptakes and environmental 

conditions (i.e. regulation) and MFA data. The flux measurements used in this procedure can be 

either exact values or ranges.  

Figure 3. 1. An outline of the OptForce procedure to identify the minimal set of genetic interventions that 

guarantee the imposed yield [23]

outlines the plot between the yield of the produ

OptForce.  

By superimposing the flux ranges one

original ranges in the face of overproduction (MUST sets). We extend this classification 

procedure by considering sums and differences of two, three or more fluxes and arrive at a 

collective set of flux changes that must happen in the network for overproduction. The MUST 

sets represent the set of all changes that must happen in the network. We su
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minimal subset(s) of these reactions that suffice in guaranteeing the required bioengineering 

objective (i.e., FORCE sets).  

We make use of a max-min bi-level optimization problem (Figure 3. 1.) to identify the minimal 

set of engineering interventions that forces the yield of the product to the target value. As 

depicted in Figure 3.1., the OptForce procedure identifies metabolic interventions that guarantee 

the imposed yield even when the network fights against these interventions. Modeled as a worst-

case optimization problem, we iteratively solve this problem by increasing the number of direct 

manipulations (k) in each step until the target yield is achieved. OptForce first identifies the 

interventions that have the largest contribution towards meeting the overproduction target thus 

providing a way to prioritize the implementation of genetic interventions. We have found that 

when k is increased, genetic interventions found before are largely conserved. In addition, at the 

optimal yield, the use of integer cuts allows for the identification of alternate optimal solutions 

that can serve as alternate genetic intervention choices.  

Table 3. 1. New reactions added to the E. coli metabolic model for overproducing flavanone. 

Reaction Equations from iAF1260 metabolic model Encoded enzymes 

4CL ATP + 4-coumarate + CoA <==> AMP + Pi + 4-coumaroyl-CoA 4-coumaroyl ligase 

CHS 3 malonyl-CoA + 4-coumaroyl-CoA ==> 4 CoA + chalcone + 3 CO2 chalcone synthase 

CHI chalcone <==> flavanone chalcone isomerase 

 

In this paper, we have deployed OptForce to identify the minimal set of genetic manipulations to 

improve the malonyl-CoA availability for flavanone synthesis. We have used wild-type flux 

measurements [123,124] for E. coli strain BL21 StarTM. The latest genome-scale metabolic model 

for E. coli [113] was used to perform computations. The reactions in the flavanone synthesis 
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pathways added to the model are shown in Table 3. 1. All other metabolite and reaction 

abbreviations used in this paper are consistent with the iAF1260 model.  

3.2.2. Strains and media 

Strains and plasmids used in this work are listed in Table 3. 2. All recombinant plasmid 

construction was performed using E. coli XL1-Blue (Stratagene) as a host strain following 

standard cloning protocols and BL21 StarTM (DE3) (Invitrogen) was used for flavanone 

production. Plasmids pKD4, pKD46 and pCP20 for gene knockout construction were obtained 

from the E. coli Genetic Resource Center, Yale University. The duet vectors pCoLA-Duet and 

pCDF-Duet (Novagen) were used for cloning and subcloning. Restriction enzymes and T4 DNA 

ligase were purchased from New England Labs. Genomic DNA was prepared using PureLink 

genomic DNA purification kit (Invitrogen), and colony PCR was performed using GoTaq 

HotStart DNA polymerase (Promega); all other PCRs were performed using Phusion High 

Fidelity Master Mix (Finnzymes). Plasmid DNA preparation and fragment DNA recovery were 

conducted using the Zyppy miniprep kit and Zymoclean gel revovery kit (Zymo Research), 

respectively.  

Table 3. 2. Strains and plasmids used in this study. 

Plasmids/Strains Description Source 

pCoLA-Duet pCoLA-Duet vector with 2 MCS and kanamycin resistance marker Invitrogen 

pCDF-Duet pCDF-Duet vector with 2 MCS and Streptomycin marker Invitrogen 

pKD46 Arabinose inducible, temperature sensitive red recombinase plasmid 
Yale 

University 

pKD4 
Plasmid used for generating FRT-flanked kanamycin resistance 

cassette 

Yale 

University 
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pCP20 Flippase recombination plasmid, ampicillin resistance 
Yale 

University 

pET-PhCHS-MsCHI pET-Duet with Petunia X hybrida CHS and Medicago sativa CHI This study 

pCDF-Pc4CL2 pCDF-Duet with Petroselinum crispum 4CL This study 

pCDF-EcPGK-Pc4CL2 pCDF-Duet with E. coli PGK and Petroselinum crispum 4CL This study 

pCoLA-EcGAPA pCoLA-Duet with E. coli GAPA This study 

pCoLA-EcPGK pCoLA-Duet with E. coli PGK This study 

pCoLA-EcPGK-

EcGAPA 
pCoLA-Duet with E. coli PGK and E. coli GAPA This study 

pCoLA-EcPDH pCoLA-Duet with E. coli lpdA, aceE and aceF This study 

pACYC-PlACC pACYC-Duet with Photorhabdus luminescens ACC This study 

XL-1 Blue endA1 gyrA96(nalR) thi-1 recA1 relA1 lac glnV44 F' Stratagene 

BL21 StarTM (DE3) F– ompT gal dcm rne131 lon hsdSB (rB
- mB

-) λ(DE3) Invitrogen 

BL∆acnA BL21 StarTM (DE3)∆acnA::FRT This study 

BL∆acnB BL21 StarTM (DE3)∆acnB::FRT This study 

BL∆mdh BL21 StarTM (DE3)∆mdh::FRT This study 

BL∆fumB BL21 StarTM (DE3)∆fumB::FRT This study 

BL∆fumC BL21 StarTM (DE3)∆fumC::FRT This study 

BL∆sucC BL21 StarTM (DE3)∆sucC::FRT This study 

BL∆mdh∆sucC BL21 StarTM (DE3)∆mdh::FRT ∆sucC::FRT This study 
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BL∆fumB∆fumC BL21 StarTM (DE3)∆fumB::FRT ∆fumC::FRT This study 

BL∆fumB∆sucC BL21 StarTM (DE3)∆fumB::FRT ∆sucC::FRT This study 

BL∆fumC∆sucC BL21 StarTM (DE3)∆fumC::FRT ∆sucC::FRT This study 

BL∆fumB∆fumC∆sucC BL21 StarTM (DE3)∆fumB::FRT ∆fumC::FRT ∆sucC::FRT This study 

 

Luria-Bertani (LB) broth (Sigma) and M9 minimal salts (Difco) were routinely used for culture 

growth and flavanone production. Recombinant cultures were grown in media containing the 

appropriate antibiotics: ampicillin (70 µg/ml), streptomycin (40 µg/ml), kanamycin (40 µg/ml) 

and chloramphenicol (20 µg/ml). Culture glucose levels were measured using a Wako 

LabAssayTM Glucose kit (B-Bridge) purchased from Japan. All chemicals were purchased from 

Sigma unless otherwise specified.  

3.2.3. Cloning and pathway construction 

All PCR primers used for gene overexpression and knockout are listed in Table 3. 3. E. coli K-12 

(MG1655) genomic DNA was used as a template for amplification of pgk, gapA, aceE, aceF and 

lpdA genes using the forward and reverse primers specified in Table 3. 3. Subsequently, the pgk 

and gapA PCR products were double digested, gel purified and cloned into the BamHI/SacI and 

BglII/Xho1 restriction sites of pCoLA-Duet vector, respectively. The pgk fragment was then 

subcloned into the BamHI/SacI sites of pCoLA-gapA or pCDF-4CL2, to form pCoLA-pgk-gapA 

or pCDF-pgk-4CL2 constructs. For overexpression of pyruvate dehydrogenase multienzyme 

complex, three rounds of cloning were performed. First, the lpdA and aceF gene were inserted 

into the BamHI/EcoRI and BglII/XhoI restriction sites of pCoLA-Duet vector, forming plasmids 

pCoLA-lpdA and pCoLA-aceF, respectively. Then the T7-aceF fragment was amplified and 

cloned into the SalI/NotI restriction site of pCoLA-lpdA to form pCoLA-lpdA-T7aceF, using 
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pCoLA-aceF as template. Finally, aceE fragment was cloned into the MfeI/XhoI restriction sites 

of pCoLA-lpdA-T7aceF to form recombinant plasmid pCoLA-PDH; each of the three subunits 

(lpdA, aceE and aceF) was under the control of a separate T7 promoter. All clones were screened 

by restriction digestion analysis and subsequently verified by gene sequencing. 

Table 3. 3. Primers used in this study. 

No.  Primers 
Nucleotide sequence (5’ >3’), restriction sites and homologous regions were 

underlined 

1 pgk_BamH1_Fw GGGATCCGGGGATGTCTGTAATTAAGATGACCG 

2 pgk_Sac1_Rv CGAGCTCCTATTACTTCTTAGCGCGCTCTTC 

3 gapA_Bgl2_Fw GCAGATCTGGGGATGACTATCAAAGTAGGTATC 

4 gapA_Xho1_Rv CCTCGAGCTATTATTTGGAGATGTGAGCGAT 

5 lpdA_BamH1_Fw GCGCCCGGATCCGATGAGTACTGAAATCAAAACTC 

6 lpdA_EcoR1_Rv GAGCCCGAATTCTTACTTCTTCTTCGCTTTCGGG 

7 aceF_Bgl2_Fw GCCGCCAGATCTGATGGCTATCGAAATCAAAGTACCGG 

8 aceF_Xho1_Rv ACCTTTCTCGAGTTACATCACCAGACGGCGAA 

9 Sal1_T7_Fw GAAGCCGTCGACCGGCCGCATAATCGAAATTAATACG 

10 aceF_Not1_Rv CAATTTGCGGCCGCTTACATCACCAGACGGCGAATGTCAG 

11 aceE_Mfe1_Fw CGGCCCCAATTGGATGTCAGAACGTTTCCCAAATG 

12 aceE_Xho1_Rv AACTTTCTCGAGTTACGCCAGACGCGGGTTAAC 

13 acnA_Del_Fw ATGTCGTCAACCCTACGAGAAGCCAGTAAGGACACGTTGCAGCGATTGTG
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TAGGCTGGAG 

14 acnA_Del_Rv 
TTACTTCAACATATTACGAATGACATAATGCAAAATGCCGACGGCTGACAT

GGGAATTAG 

15 acnA_Chk_Fw AGCAGAAGCCGCAATGTTAG 

16 acnA_Chk_Rv CCCCGACCTTGTAGATATCG 

17 acnB_Del_Fw 
GTGCTAGAAGAATACCGTAAGCACGTAGCTGAGCGTGCCGAGCGATTGTG

TAGGCTGGAG 

18 acnB_Del_Rv 
TTAAACCGCAGTCTGGAAAATCACCCCATCGGCTTTCTCGACGGCTGACAT

GGGAATTAG 

19 acnB_Chk_Fw GAACATGGGCGACGTGATTG 

20 acnB_Chk_Rv TCCGCGATCATCCACTTCAG 

21 mdh_Del_Fw 
ATGAAAGTCGCAGTCCTCGGCGCTGCTGGCGGTATTGGCCAGCGATTGTGT

AGGCTGGAG 

22 mdh_Del_Rv 
TTACTTATTAACGAACTCTTCGCCCAGGGCGATATCTTTCACGGCTGACAT

GGGAATTAG 

23 mdh_Chk_Fw CTGTTAAAAACCCAACTGCC 

24 mdh_Chk_Rv TATCCAGCATACCTTCCAGC 

25 sucC_Del_Fw 
ATGAACTTACATGAATATCAGGCAAAACAACTTTTTGCCCGCATTACACGT

CTTGAGCGA 

26 sucC_Del_Rv 
TTATTTCCCCTCCACTGCGGCAACAACCTGCTGAGCTGCAAGGAACACTTA

ACGGCTGAC 

27 sucC_Chk_Fw GGCGTTGATCGAAATCAAC 

28 sucC_Chk_Rv TTATTTCCCCTCCACTGCGG 
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29 fumA_Del_Fw 
ATGTCAAACAAACCCTTTCATTATCAGGCTCCTTTTCCACAGCGATTGTGT

AGGCTGGAG 

30 fumA_Del_Rv 
TTATTTCACACAGCGGGTGCATTGTGTGAGTTGTATCTGCACGGCTGACAT

GGGAATTAG 

31 fumA_Chk_Fw ACAACAGGTGGCCGACATTC 

32 fumA_Chk_Rv ACTTCCCTGCGCCAATACAG 

33 fumB_Del_Fw 
ATGTCAAACAAACCCTTTATCTACCAGGCACCTTTCCCGAAGCGATTGTGT

AGGCTGGAG 

34 fumB_Del_Rv 
TTACTTAGTGCAGTTCGCGCACTGTTTGTTGACGATTTGCACGGCTGACAT

GGGAATTAG 

35 fumB_Chk_Fw CCTGCGCTATTCACAGAATG 

36 fumB_Chk_Rv ATTGCAGCAGATCCACGTAG 

37 fumC_Del_Fw 
ATGAATACAGTACGCAGCGAAAAAGATTCGATGGGGGCGAAGCGATTGTG

TAGGCTGGAG 

38 fumC_Del_Rv 
TTAACGCCCGGCTTTCATACTGCCGACCATCTGTTCTGGCACGGCTGACAT

GGGAATTAG 

39 fumC_Chk_Fw AGAGAAAGCGAGCGCCATTC 

40 fumC_Chk_Rv TCGGTTCAATACCCACTGCG 

 

Gene deletions were performed using the red recombinase based chromosomal gene inactivation 

protocol developed by Datsenko and Wanner [125]. Deletion primers (Table 3. 3.) with 40 nt 

homologous regions were used to create the FRT-flanked kanamycin resistance cassette from 

pKD4, which was then transformed into the red-recombinase expressing BL21 StarTM (DE3) 
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strain by electroporation. Positive knockout strains were screened by colony PCR and verified by 

gDNA PCR using the genomic DNA as template. Finally, the resistance marker was eliminated 

by expressing the flippase recombination enzyme from pCP20. 

3.2.4. Flavanone fermentation 

Flavanone production was performed based on a two-step fermentation protocol. Strains were 

first cultivated in 40 ml LB broth at 37 °C with orbital shaking. Induction of heterologous 

pathway expression was performed during the mid-exponential phase of cultivation 

(approximately OD 0.6-0.8) by addition of 1 mM IPTG and the cultures were allowed to grow at 

30 °C for an additional 6-8 hours. After induction, the bacterial pellet was harvested by 

centrifugation and suspended with 16 ml M9 modified medium (1 × M9 salts, 8 g/L glucose, 1 

mM MgSO4, 0.1 mM CaCl2, 6 µM biotin, 10 nM thiamine, 2.6 mM p-coumaric acid, 1 mM 

IPTG). Fermentation was performed in 250 ml batch flasks with orbital shaking at 300 rpm and 

30 °C. 4 g/L glucose (0.4%) was supplemented once the glucose was completely exhausted 

(approximately at 12 hour and 20 hour of cultivation). Flavanones were extracted with 50% 

ethanol after 24 hours of fermentation, then the E. coli pellet was removed by ultracentrifugation 

and the supernatant was analyzed for flavanone quantification. Fermentation kinetics was 

investigated every 2 or 3 hours by measuring biomass concentration, glucose and p-coumaric acid 

consumption and flavanone production throughout the 40-hour fermentation process. Cell growth 

rate, glucose consumption rate and flavanone production rate were obtained by analyzing the 

steady state fermentation kinetic curves (usually achieved for the first 10 hours fermentation) 

using linear progression, with a correlation coefficient more than 0.95 used as the selection 

criteria.  
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3.2.5. Analytical procedures 

Flavanones were analyzed by the Agilent 1100 HPLC system equipped with a ZORBAX SB-C18 

column (5µm, 4.6 × 150 mm) kept at 25 °C and a diode array detector (DAD).  The mobile phase 

contains 35% acetonitrile (with 0.1% formic acid) and 65% water (with 0.1% formic acid). The 

retention time for p-coumaric acid and naringenin were around 2.6 min and 6.9 min, respectively. 

Extraction and quantification of coenzyme A compounds were performed according to the 

procedures as previously described [70]. 

3.3 Results 

3.3.1. Genetic interventions predicted by OptForce procedure 

In this section, we describe all genetic interventions identified by OptForce for improving the 

intracellular malonyl-CoA levels. Calculations were based on wild-type flux measurements 

[123,124] for E. coli strain BL21 StarTM. A fixed glucose uptake flux at 100 µmol/gDW/hr and a 

yield of 40 µmol/gDW/hr for naringenin while allowing for 50% yield on biomass were imposed 

as constraints and targets, respectively. Figure 3. 2. illustrates the results for the FORCE set of 

genetic interventions. 

Based on the above, it is important to note that the naringenin pathway requires the synthesis of 

two important precursors natively produced in E. coli - 1) acetyl-CoA that is produced at the end 

of glycolysis and pyruvate metabolism, and 2) malonyl-CoA which is derived from the 

carboxylation of acetyl-CoA by acetyl-CoA carboxylase (ACCOAC). Acetyl-CoA serves as a key 

branching metabolite in redistributing resources to the citric acid cycle, fermentative byproducts 

and towards fatty acid and amino acid metabolism. On the other hand, malonyl-CoA participates 

in biomass formation directly as a reactant and through phospholipid biosynthesis and the 

synthesis of acyl carrier protein (ACP). However, the molar conversion ratio between glucose and 

malonyl-CoA is 1:1 under the assumption that half of the acetyl-CoA flux goes into TCA cycle. 
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The requirements for malonyl-CoA are constrained by the allowances for cell growth, which in 

turn restricts the availability of malonyl-CoA for naringenin. Furthermore, the availability of 

malonyl-CoA imposes a restriction on the consumption of p-coumaric acid.  

OptForce suggested the up-regulation of glycolytic reactions, namely glyceraldehyde-3-

phosphate dehydrogenase (GAPD) and phosphoglycerate kinase (PGK) that would result in an 

increased flux towards pyruvate produced through glycolysis. In addition, up-regulation of 

pyruvate dehydrogenase (PDH) and acetyl-CoA carboxylase (ACCOAC) increase the pool of 

precursors acetyl-CoA and malonyl-CoA. In contrast, down-regulation of reactions in the citric 

acid cycle, namely malate dehydrogenase (MDH), fumarase (FUM) and aconitase (ACONTa/b), 

were suggested by OptForce to reduce the drain of carbon towards TCA cycle products. In order 

to allow for biomass production yield at 50% of the theoretical maximum, OptForce suggested 

reducing the activity of TCA reactions instead of completely eliminating them. Interestingly, 

OptForce predicted knockouts for the reactions succinyl-CoA synthetase (SUCOAS) and 

propionyl-CoA:succinyl-CoA transferase (PPCSCT) that consume coenzyme A as a cofactor 

leading to the formation of succinyl-CoA. It is to be noted that the oxidation of pyruvate to 

acetyl-CoA by pyruvate dehydrogenase using coenzyme A is one of the key precursor reactions 

in the biosynthesis of malonyl-CoA. While the up-regulation of pyruvate dehydrogenase and 

acetyl-CoA carboxylase increase the utilization of coenzyme A towards the formation of 

malonyl-CoA, the remaining amount of coenzyme A is not sufficient for other parts of the 

metabolism. Notably, the wild-type flux values for reactions propionyl-CoA: succinyl-CoA 

transferase and succinyl-CoA synthetase indicate that a considerable amount of coenzyme A is 

utilized as a cofactor in the formation of succinyl-CoA and methylmalonyl-CoA. Hence, 

OptForce suggested completely eliminating these reactions in order to provide the maximum 

quantity of coenzyme A for the synthesis of malonyl-CoA.  



Figure 3. 2. Metabolic interventions predicted using OptForce procedure for overproducing naringenin in 

E. coli [23]. In the metabolic map, reactions from the flavanone pathway are shown in light green and 
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3.3.2. Experimental procedures to implement OptForce predicted interventions 

The interventions suggested by OptForce are at the metabolic flux level. In order to implement 

these interventions at the genetic level, it is essential to identify the genes encoding each one of 

these reactions. Using the gene-protein-reaction (GPR) associations provided with the iAF1260 

metabolic model, we identified all genes (isozymes and subunits) encoding these reactions 

(Figure 3. 2.). We selected the genes that were not regulated under our experimental conditions. 

For instance, fumA, fumB and fumC are three biochemically distinct fumarases (FUM) that 

catalyze the interconversion of fumarate to malate in the TCA cycle. Expression of these three 

isozymes in E. coli is controlled in a hierarchical manner depending on the environmental oxygen 

level [126]. Under our experimental conditions (see Methods part), RT-PCR profiling revealed 

that there is no detectable fumA expression, which is consistent with the findings that fumA 

expression can only be activated under strict anaerobic conditions [126]. Similarly, the succinyl-

coA synthetase of E. coli is encoded by two polycistronic genes, sucC (β subunit) and sucD (α 

subunit), which are synthetic lethal pairs [127,128]. After thoroughly scrutinizing the gene 

regulation under the experimental conditions and GPR associations, we selected the targets for 

genetic interventions for subsequent experiments.  

3.3.3. Impact of TCA cycle disruptions on cell growth and flavanone biosynthesis 

Acetyl-CoA, is the first flux control point for polyphenol biosynthesis and is also an important 

metabolic intermediate connecting the central metabolic pathways involved in glycolysis, the 

TCA cycle and fatty acid biosynthesis. Under normal physiological conditions, the majority of 

acetyl-CoA flux will be driven into TCA cycle due to the relatively high affinity of citrate 

synthase (Km= 0.07 mM) [129]. As such, down-regulation of TCA cycle can be regarded as a 

strategy to shunt the acetyl-CoA flux towards flavanone synthesis as proposed by the OptForce 

framework. While antisense RNA based gene silencing technology has been attempted for down-

regulating post-transcriptional gene expression in recent years [130], achieving the anticipated 
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down-regulation efficacy is difficult due to the lack of refined genetic circuits (gene expression 

control element) and the unstable nature of the RNA duplexes (i.e. terminal unpaired region, loop 

or hairpin degree) [131]. For this reason we decided to investigate only gene knockouts with no 

provisions for down-regulations. 

Chromosomal inactivation of TCA cycle genes was carried out to identity flavanone-

overproducing mutants with least effect on cell growth (Figure 3. 3.). Results shown here indicate 

that single knockouts of sucC, fumB or fumC increased the production of naringenin, a common 

flavanone, by 30% compared to the wild type strain, whereas knockouts of mdh, acnA or acnB 

decreased naringenin production by up to 30-50% (note that OptForce suggested down-regulation 

rather than the knockouts for these TCA metabolic enzymes).  However, specific naringenin 

production in the mdh and acnA/B mutant strains still outperformed the production achieved by 

the parental strain (23.9 mg/L/OD). It was also observed that naringenin production was 

positively coupled with cell density, demonstrating that the naringenin production objective was 

partially coincidental with the biomass objective, as acetyl-CoA/malonyl-CoA was a shared 

precursor for both biomass formation and product synthesis. Not surprisingly, naringenin 

production was significantly compromised due to the low biomass yield in these sub-optimal 

knockout mutants. On the other hand, supplementation of TCA intermediates (i.e. succinate or α-

keto glutarate) partially restored cell biomass and naringenin production in the mdh or acnA/B 

mutant strains (Figure 3. 4. and 3. 5.), which correlated well with the flux balance model that 

culture conditions can be a crucial factor in determining cellular metabolic state [132].  
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Figure 3. 3. Flavanone production and cell growth influenced by single gene knockout involved in 

Tricarboxylic Acid (TCA) cycle [23]. Green bars represent naringenin production and red ones represent 

cell density. Error bars represent standard deviation of triplicate data points. 

 

 

Figure 3. 4.  Supplementation of succinate, α-ketoglutarate and aspartic acid could partially restore cell 

growth rate in the TCA mutant strain (∆mdh or ∆mdh∆ sucC) [23]. 
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Figure 3. 5. Supplementation of succinate and  α-ketoglutarate improved the final naringenin titer in the 

TCA mutant strains (∆mdh or ∆mdh∆ sucC or ∆acnB mutants) [23]. 

Knockouts of TCA metabolic enzymes suggested by OptForce revealed considerably large 

tradeoffs between cell growth and flavanone biosynthesis. The reduced cell growth in sub-

optimal mutant strains (∆mdh and ∆acnA/B) can possibly be attributed to the unbalanced 

metabolism, such as the inability of NAD+/NADH regeneration in mdh knockout mutants and the 

impaired glyoxylate shunt pathway in acnA/B knockout mutants, which is unlikely to occur in the 

optimal knockouts (∆fumB/C). These results suggest that partially impairing the TCA activity by 

deletion of fumB/C or sucC can successfully redirect acetyl-CoA flux towards flavanone synthesis 

while maintaining an acceptable cell growth, which can serve as a guideline for the optimization 

of the biosynthesis of other acetyl-CoA-derived compounds. 

3.3.4. Increased flavanone production by precursor pathway augmentation 

Due to the highly evolved regulatory network and the interconnectivity of cellular metabolism, 

fluxes leading to essential metabolite biosynthesis (such as CoA derivative biosynthesis) are 

usually maintained at a constant level and the cell will not commit to overproducing recombinant 

molecules derived from such essential metabolites [133].  For this reason, the fluxes leading to 
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the biosynthesis of the two precursors of flavanone biosynthesis, namely acetyl-CoA and 

malonyl-CoA, were considered as the optimization objectives in OptForce. Overexpression of 

phosphoglycerate kinase (pgk), glyceraldehyde-3-phosphate dehydrogenase (gapA) and pyruvate 

dehydrogenase multienzyme complex (aceE, aceF and lpdA) were predicted by the OptForce 

procedure as strategies that would augment the precursor acetyl-CoA. On the other hand, acetyl-

CoA carboxylase was also suggested as an overexpression target, in accordance with previous 

findings [47,53].  

Here we show that co-expression of acetyl-CoA carboxylase (ACC) with either phosphoglycerate 

kinase (PGK) or glyceraldehyde-3-phosphate dehydrogenase (GAPD), and pyruvate 

dehydrogenase (PDH) can lead to about 220% increase in naringenin production compared to the 

wild type strain (Figure 3.6.). It is to be noted that OptForce predicted these are three most 

important interventions in overproducing malonyl-CoA. Up-regulation of glyceraldehyde-3-

phosphate dehydrogenase (gapA) and phosphoglycerate kinase (pgk) can maximize the 

conversion of glucose to pyruvate while preventing the accumulation of glyceraldehyde-3-

phosphate, which would otherwise be channeled into the pentose phosphate pathway (PP) or 

methylerythritol phosphate (MEP) pathway. Subsequently, up regulation of pyruvate 

dehydrogenase multienzyme complex (PDH) increases the amount of acetyl-CoA available for 

conversion into malonyl-CoA and at the same time reduces the formation of toxic by-products 

(e.g. lactate, ethanol and acetate) (data not shown).  
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Figure 3. 6. Maximum detected levels of flavanone naringenin produced from E. coli BL21 StarTM (DE3) 

mutant strains expressing combinations of precursor pathway gene in batch fermentations [23]. Plus or 

minus signs indicate presence or absence of the corresponding genetic intervention. Each column 

represents a specific genotype engineered for naringenin production. The first column in the absence of any 

genetic modifications corresponds to the parental wild type strain. Error bars represent standard deviation 

of duplicate data points. 

3.3.5. Construction of flavanone-overproducing strain by combinatorial gene knockout and 

overexpression strategies 

In this section, we analyze the cumulative effect of multiple genetic manipulations [134,135] by 

combining the beneficial knock-out mutants together with overexpression targets. The use of 

OptForce resulted in the prediction of several combinatorial recombinant strains (Figure 3.2.), 
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here we investigate the production potential of the best strains out of the several alternative 

genetic interventions proposed. We study the performance of these strains to test the model-

derived predictions and derive a better understanding of the underlying mechanisms that govern 

the flavanone recombinant pathway. As shown in Figure 3. 6., the two double mutants 

∆fumB∆sucC and ∆fumC∆sucC, are promising combinations for the improvement of flavanone 

synthesis, while other double mutants including model-identified combinations (i.e. ∆mdh∆sucC) 

and intuitively inferred combinations (i.e. ∆fumB∆fumC) are less promising. Strains 

overexpressing acetyl-CoA carboxylase (ACC), phosphoglycerate kinase (PGK) and pyruvate 

dehydrogenase (PDH) in the ∆fumC∆sucC double mutant background led to the maximum final 

volumetric production of 474 mg/L of naringenin, which is a 5.6-fold increase compared with the 

parental strain (85 mg/L). It was interesting to find that combinations of top single knockouts can 

result in suboptimal strains (i.e. ∆fumB∆fumC double mutant strain) that yielded as low as 2/3 of 

the flavanone production level obtained from the best producer. Similarly, any additional 

modifications failed to further increase naringenin production compared with the fumC and sucC 

double mutant strain, probably due to the unbalanced metabolism between cell growth and 

product formation.  

3.3.6. Enhanced cellular malonyl-CoA level in constructed strains 

Cells tend to maintain a relatively constant level of acetyl-CoA and malonyl-CoA, something that 

severely limits their flavanone production potential [70,133]. In order to verify our hypothesis 

that the constructed recombinant and mutant strains produced flavanones more efficiently due to 

higher levels of intracellular acetyl-CoA and malonyl-CoA, we measured the intracellular 

concentrations of these two cofactors in the engineered strains. Results shown here summarize the 

acetyl-CoA and malonyl-CoA levels in the engineered E. coli strain without expressing the 

flavanone pathway (Figure 3. 7.) at different post-induction time points. Strains carrying acetyl-

CoA carboxylase (ACC), phosphoglycerate kinase (PGK) and pyruvate dehydrogenase (PDH) 
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overexpression in the fumC and sucC double mutant background were found to contain the 

highest levels of both malonyl-CoA and acetyl-CoA, which is consistent with the naringenin 

production profile (Figure 3. 6.). Furthermore, the model-identified optimal strains (fumC and 

sucC double mutants) exhibit a relatively high level of acetyl-CoA (~11.6 µmol/gDW) and 

malonyl-CoA (~10.4 µmol/gDW), roughly a 4-fold increase over the wild type strain, indicating 

that the TCA cycle was severely impaired and the carbon flux was successfully rerouted to the 

acetyl-CoA and malonyl-CoA synthesis compared with the single knockout or wild type strain. 

Moreover, for the suboptimal strains (∆acnB and ∆mdh∆sucC mutants), the changing pattern of 

malonyl-CoA levels at different post-induction phase resembled the ones from the wild type 

strain, indicating that other possible limiting factors, such as lack of precursor availability, 

unbalanced NAD+/NADH ratio or impaired glyoxylate shunt pathway,  may cancel the beneficial 

effects of these genetic interventions. As mentioned before, reduced cell growth associated with 

these interventions is a genuine factor that may affect the malonyl-CoA level. 

Malonyl-CoA availability has been shown to be a rate-limiting factor for an array of ATP 

dependent chain initiation and elongation reactions involved in fatty acid, flavonoid and 

polyketide biosynthesis [11,42,109]. As such, significant metabolic engineering efforts have been 

dedicated to cellular malonyl-CoA improvement. It should be noted that the downstream 

malonyl-CoA competing pathway, malonyl-CoA:ACP transacetylase (encoded by fabD) which 

catalyzes the committed step for fatty acids synthesis,  was excluded as a knock-out target  

because knockout of fabD results in a nonviable phenotype [136].  
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Figure 3. 7. Intracellular malonyl-CoA and acetyl-CoA accumulated in engineered E. coli strain without the 

expression of flavanone pathway at different post-induction phase. Color bars represent malonyl-CoA level 

(µmol/gDCW); uncolored sparse bars represent acetyl-CoA level (µmol/gDCW). Post induction time points 

are also indicated by different color or sparse pattern. 

3.4 Discussion 

3.4.1. Validating computational predictions from OptForce 

In this work, we have successfully validated computational predictions from OptForce [75,120] 

by designing a strain of E. coli with increased levels of intracellular malonyl-CoA. In essence, by 

implementing a minimal number of direct metabolic interventions (i.e. FORCE sets), we were 

able to alter the wild-type metabolic network of the microbe towards meeting the changes 

(encoded within the MUST sets) that conform to our overproduction objective. The set of 

alternative interventions predicted by OptForce enabled us to avoid genetic interventions that are 

more difficult to perform or less viable under the experimental conditions. By exhaustively 

exploring all alternative optimal solutions, FORCE sets can be represented in the form of 

decision-tree where some interventions can be substituted with others. For example, as shown in 

Figure 3. 2, the knockouts for propionyl-CoA:succinyl-CoA transferase can be substituted by the 
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deletion of succinyl-CoA synthetase. Additionally, interventions predicted by OptForce are rank-

ordered based on their quantitative impact towards satisfying the overproduction target. For 

example, when only three modifications were allowed, OptForce chose the upregulation of 

acetyl-CoA carboxylase, pyruvate dehydrogenase and glycolytic reactions that collectively 

resulted in a yield of 33% of the target yield. As shown in Figure 3. 8., the absolute yields for 

naringenin increase by about 200% from the wild-type by just including up-regulations for the 

genes accA and gapA or pgk. For five interventions (k = 5), the original upregulations were 

conserved and in addition OptForce predicted knockouts for succinyl-CoA synthetase and down 

regulations in the TCA cycle that enabled meeting the imposed target. Knockouts for genes mdh 

and acnA severely compromised the formation of biomass and naringenin. Note that OptForce 

suggested down-regulating as opposed to completely eliminating the activity of these reactions. 

However, as we stated earlier, we exclusively implemented knockouts whenever OptForce 

suggested either reaction eliminations or down-regulations. In addition, products of these 

reactions are closely associated with the formation of biomass. For this reason, we decided to 

investigate alternative gene knockouts (i.e. fumB and fumC) proposed by OptForce. Furthermore, 

knockouts for fumC and sucC in combination with overexpression of three subunits enzyme 

pyruvate dehydrogenase further boosted the yield of naringenin to 113.6 mM/M of glucose 

(Figure 3. 8.).  
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Figure 3. 8. Plot between naringenin yield and the number of genetic interventions (k) that were predicted 

by OptForce procedure [23]. Overexpressions are shown in green and knockouts are shown in red. 

3.4.2. Synergistic effect of gene knockout and overexpression on the yields  

Impact of independent genetic interventions on cellular phenotype can be additive due to the 

interactions among the interconnected pathways. Here we introduce a simple analysis method that 

would allow the assessment of gene interactions and their impact on a specific cellular phenotype 

on the pathway level. First, naringenin yield coefficient from glucose was experimentally 

determined from the steady state naringenin formation rate and glucose consumption rate (Figure 

3. 9.A, B and C). A relative yield change when comparing the parental wild type strain to the 

strains harboring overexpression or knockout modifications can be calculated according to the 

proposed equation in the supplemental files (Table 3. 4.). Then a synergistic coefficient φ can be 

extracted for evaluating to which extent the investigated genes coupled together to affect a 

prescribed phenotype. Generally, the impact of multiple genetic interventions on production can 

follow two patterns: additive effects (φ = 0) which essentially reflect two entirely unrelated 

pathways; and synergistic effects (φ ≠ 0) which reflect two closely related or interconnected 

pathways (such as the native glycolysis and TCA pathway).  
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Figure 3. 9. Dynamic profile of naringenin production (A), p-coumaric acid (B) and glucose (C) 

consumption from the engineered BL21 strain during the 60-hour batch fermentation [23]. Only ten 

representative strains are shown here. 

It was found that the impact of multiple genetic interventions identified by OptForce on 

naringenin yield change is more complex than the simple additive contribution of the single 

genetic interventions (Figure 3. 10.). For example, combinations of positive genetic interventions 

result in a yield change much higher than the sum of the individual contributions (φ > 0); on the 
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contrary, combinations of positive and negative genetic interventions lead to a yield change much 

lower than the sum of the individual contributions (φ < 0). This observation clearly indicates that 

there is no additive effect but rather a synergistic effect (positive or negative cooperativity) 

among the model-predicted modifications. The negative coefficient indicates one or several of the 

investigated genes negatively dominate the prescribed phenotype, which should be excluded for 

combinatorial consideration (i.e. the mdh and acnB mutant strain in Figure 3. 10.). The larger of 

this coefficient, the stronger synergistic effect can be found in the investigated gene clusters on 

the production phenotype, which can serve as a guideline for selecting combinatorial genetic 

interventions for strain optimization. However, this conclusion apparently does not apply to the 

intuitively inferred strains (i.e. ∆fumB∆fumC double mutant, Figure 3. 10.), which were 

constructed by stacking together the top single knockouts predicted by OptForce (as will be 

discussed later). Quantitative description of multiple genetic interventions on cell phenotype is 

therefore important for investigating genotype-phenotype interactions motivating the use of 

computational tools such as OptForce for strain optimization.  

Table 3. 4. Steady state naringenin formation rate and glucose consumption rate can be used for calculating 

the naringenin yield coefficient. Steady state can usually be achieved in the first 10 hours’s fermentation 

(Figure 3.9). A correlation coefficient above 0.95 was further used as a criterion for linear progression 

fitting. Alpha (α) represents the relative yield change caused by gene knockout or overexpression.  

Equations Description 

dt

dP
rP =  Naringenin formation rate 

dt

dS
rS −=  Substrate (glucose or p-coumaric acid) consumption rate 
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Figure 3. 10. Mapping the synergistic effects of gene knockout and overexpression on the relative yield 

change of naringenin from glucose [23]. Color-coded stacking columns represent the cumulative yield 

change resulting from single gene overexpression or knockout; the relative yield change corresponding to 

each genetic modification has been indicated by the specific number following each colored label (For 

example, overexpression of ACC can lead to a 79.8% increase). Each color bar represents a single genetic 

intervention. The sparse bar represents the total yield change resulting from combinations of genetic 

interventions compared to wild type strain, as specified by the value on top of the corresponding column. 

Synergistic coefficient φ for each of the intervention combinations are also indicated underneath the 

corresponding column in this Figure. A color version of this figure can be found online. 

3.4.3. Exploration of flavanone phenotype phase plane under combinatorial gene knockout 

and overexpression constraints 

Phenotype phase planes (Figure 3. 11.) constructed by linking the closely-related kinetic 

information with a specific phenotype (such as flavanone flux distribution), can be used for more 

quantitative investigation of cell metabolism and identification of unknown issues associated with 

genetic interventions [137]. As shown in Figure 3. 11, the  fumC and sucC double mutant strain 
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carrying overexpressions of ACC, PGK and PDH, resulted in a flux through the flavanone 

recombinant pathway of 146.1 µmol/gDW/h, a 5.4 times increase compared to the wild type 

strain (27.3 µmol/gDW/h). In addition, most of the optimal and suboptimal candidate strains 

share similar phenotypes such as higher cell growth rate and moderate glucose consumption rate 

compared with the wild type strain, which might be crucial for balancing growth requirements on 

one hand and heterologous pathway expression on the other. However, the triple knockout strain 

∆fumB∆fumC∆sucC exhibits a much higher glucose consumption rate but lower cell growth rate, 

indicating that cellular metabolism is severely impaired as a result of either a futile TCA cycle or 

toxic compound accumulation due to the complete disruption of TCA cycle, as evidenced that a 

significantly higher level of acetate (more than 30 mM) has been detected in this triple knockout 

strain. 

 

Figure 3. 11. Characterization of the flavanone flux distribution resulting from combinatorial gene 

knockout and overexpression in the phenotype phase plane [23]. Flavanone flux (µmol/gDW/h) was 

determined based on steady state flavanone production rate and cell density increase in 36-hour shake-flask 

fermentation. The circular area represents the relative naringenin flux distribution of the engineered E. coli 

strain. Part of the representative strain genotypes has been color-labeled. A color version of this figure can 

be found online. 
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3.5 Conclusion 

In this study, we have described an integrated computational and experimental approach for 

enhancing carbon flux towards malonyl-CoA in E. coli, a key precursor in natural product 

biosynthesis such as flavonoids and polyketides. Unlike previous work on this topic, the 

metabolic engineering strategy developed and applied in this manuscript is based on the real 

metabolic flux data that largely pinpoint the physiological state of the host strain. This genome-

scale computational approach to metabolic networks takes into consideration the complex 

interconnectivity of cellular metabolism and allows the prediction of minimal set of genetic 

interventions that guarantee a prescribed phenotype, which are not obvious to predict by network 

inspection. Even more, it allows the identification of optimal combinations of gene knockouts and 

overexpressions which can prioritize the implementation of genetic interventions. We have 

successfully identified the interventions that cooperatively force carbon flux towards malonyl-

CoA and demonstrated the sequential aggregation of beneficial interventions, which in turn 

resulted in a 560% increase in the volumetric flavanone production (474 mg/L) from a 

recombinant E. coli strain. Genetic interventions for improving cellular malonyl-CoA and acetyl-

CoA level highlight the potential not only for flavonoid biosynthesis but other commercially-

important compounds like fatty acids, polyketides and biodiesels.  
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4. Development of versatile gene assembly platforms for engineering 

metabolic pathway in E. coli         

4.1 Introduction 

As an emerging discipline, synthetic biology is becoming increasingly important to design, 

construct and optimize metabolic pathways leading to desired phenotypes such as overproduction 

of biofuels [11,91,92] and pharmaceuticals [138,139] in genetically tractable organisms. One of 

the major challenges for heterologous expression of multi-gene pathways is to orchestrate the 

expression level of each of the enzymes among the selected pathways and achieve optimal 

catalytic efficiency. Thus, delicately designed molecular control elements have been integrated 

into cell chassis so that the host strain can precisely respond to environmental stimuli and adjust 

cell functioning. For example, engineering promoter architecture has achieved tunable gene 

expression in both E. coli [140] and yeast [96] at transcriptional levels; engineered metabolite-

responsive riboswitches [141] and synthetic ribosome binding sites [98] can be used to precisely 

control protein expression at the translational level;  metabolic flux channeling by spatial 

recruitment of desired metabolic enzymes at stoichiometric ratio on a synthetic protein scaffold 

can efficiently prevent the loss of intermediates due to diffusion and has resulted in a 77-fold 

improvement in production titer [142]. As witnessed by these endeavors, the advances in 

synthetic biology have greatly speeded up our ability to design and construct cell factories for 

metabolic engineering application. 

                                                           
 Portions of this chapter is to appear in: Xu P and Koffas MA: Assembly of multi-gene pathways and 
combinatorial pathway libraries through ePathBrick vectors. Methods in Molecular Biology: Synthetic 
Biology 2013. Humana Press, New Jesery, USA. 
 This chapter previously appeared as: Xu P, Vansiri A, Bhan N and Koffas MA: ePathBrick: A synthetic 
biology platform for engineering metabolic pathways in E. coli. ACS Synth Biol 2012, 1:256–266. 
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To date, a number of synthetic biology approaches have been applied to metabolic pathway 

optimization including modification of plasmid copy number [67], promoter strength [93,143] 

and gene codon usage [94] . However, most of these approaches are not modular and require 

time-consuming work tweaking the individual pathway components until the desired performance 

is achieved, which greatly compromises our ability to unlock the metabolic potential of host 

metabolism. From an engineering perspective, we need a more efficient approach that allows us 

to streamline the process of pathway construction and engineering of biological systems much 

easier and faster. Despite the availability of advanced cloning tools such as the DNA assembler 

[84,144], sequence and ligation-lndependent cloning (SLIC) [79] and Gibson isothermal 

assembly [81], these tools largely rely on site-specific homologous recombination and are limited 

in terms of automation and the number of DNA fragments that can be assembled for pathway 

optimization [145]; in particular, these advanced cloning tools are not amenable to very short 

genetic elements such as promoter, ribosome binding site, operator and other regulatory control 

elements [146]. Hence, there exists a pressing need to develop efficient molecular assembly tools 

customized for metabolic pathway optimization. 

Assembly of biological standard parts that conform to the BioBrickTM paradigm is being adopted 

rapidly and is becoming a standard practice in metabolic pathway engineering [147] and genetic 

circuit design [148,149]. This technical standard was first described by Knight [150] and further 

developed by Endy and coworkers [151,152]. The BioBrickTM standards take advantage of the 

isocaudamer pairs XbaI and SpeI, which generate compatible cohesive ends and upon ligation 

result in a scar sequence which cannot be cleaved by either of the original restriction enzyme 

pairs. Basic molecular components flanked with these isocaudamer pairs can be assembled 

together by iterative restriction enzyme digestion and ligation. Several groups have developed 

similar biological part assembly vectors (BglBricks) which utilize the BglII and BamHI 

compatible cohesive ends and can be used for engineering fusion proteins and express multiple 
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operons from different plasmids varying in promoter strength, inducers and plasmid copy number 

[145,153]. Nevertheless, we envision that further development in synthetic biology tools for 

metabolic pathway engineering will depend on more efficient molecular assembly tools which 

support tunable gene expression, modular assembly of muti-gene pathways and generation of 

pathway diversities in a combinatorial manner. 

Here we present the development of a set of robust, yet flexible standard vectors (so called 

ePathBricks) compatible with the BioBrickTM standards and its application in metabolic pathway 

engineering. Despite sharing the same advantages as BioBrickTM standards (BBF RFC10) in 

terms of part reuse and standardization, the engineered ePathBrick vectors are designed to address 

several of the critical challenges faced by metabolic engineers and synthetic biologists such as 

lack of efficient tools for fine-tuning gene expression and construction of pathways with multiple 

gene components. The ePathBrick vectors feature in four isocaudamer pairs (AvrII, XbaI, SpeI 

and NheI) and support the modular assembly of a number of molecular components including 

regulatory signal elements (promoters, operators, ribosome binding sites and terminators) and 

multi-gene pathways. In addition, ePathBricks provide a platform for optimizing pathway 

configurations (i.e. how individual genes are connected with each other) and efficient generation 

of pathway diversities. To demonstrate the in vivo functionality and compatibility, we have 

successfully integrated multiple transcriptional activation and repression signals into the 

regulatory region of the engineered vectors. Furthermore, we have assembled and tested the 

production potential of a three-configuration flavonoid pathway. We show that a three gene 

flavonoid pathway can be easily diversified to 54 pathway variations through modular pathway 

engineering, simply by varying pathway configuration and gene order. At the end, we showcase 

the efficient assembly of a seven-gene heterologous pathway (around 9 Kb) on one single 

ePathBrick vector. The ePathBrick standard assembly method presented here allows the user to 
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rapidly construct and optimize multi-gene pathways with different regulatory control elements 

and gene configurations as well as generation of pathway diversities.  

4.2 Materials and methods 

4.2.1. ePathBrick vectors construction  

Plasmid construction and DNA manipulations were performed following standard molecular 

cloning protocols. Strains and plasmids used in this study are listed in Table 4. 1. All PCR 

primers used for site-directed mutagenesis and gene amplification are listed in Table 4. 2. Plasmid 

maintenance and propagation were performed using E. coli DH5α strain. Site-directed 

mutagenesis was performed in E. coli BW27784 using QuikChange II Site-Directed Mutagenesis 

Kits from Agilent. The five duet vectors pET-Duet, pCDF-Duet, pACYC-Duet, pCoLA-Duet and 

pRSF-Duet were purchased from Novagen. Seven rounds of DNA manipulations were performed 

in order to create pETM6. Specifically, NdeI was inserted before NcoI on pET-Duet resulting in 

plasmid pETM0 using site-directed (SD) primers Nde_IF and Nde_IR. Next, the NdeI digestd 

pETM0 was self-ligated (note here pETM0 contains two NdeI sites) to excise multi-cloning site I 

resulting in plasmid pETM1. The AvrII site on pETM1 was eliminated to give pETM2 using SD 

primers Avr_RF and Avr_RR. The NheI site was inserted after the T7 terminator on pETM2 to 

give pETM3 using SD primers Nhe_IF and Nhe_IR. The SalI site was inserted between the NheI 

site and f1 origin on pETM3 to give pEM4 using SD primers Sal_IF and Sal_IR. The AvrII site 

was inserted before the T7 promoter on pETM4 to give pETM5 using SD primers Avr_IF and 

Avr_IR. Finally, the SpeI site was inserted into pETM5 to give pETM6 using SD primers Spe_IF 

and Spe_IR. To create pCDM4, the native NheI site on pCDF-Duet was eliminated to give 

pCDM1 using SD primers Nhe_CdF and Nhe_CdR. The SalI site was inserted after the T7 

terminator on pCDM1 to give pCDM2 using SD primers Sal_CdF and Sal_CdR. An ApaI-SalI 

digested fragment from pETM5 was ligated into ApaI-SalI digested pCDM2 to give pCDM3. An 

ApaI-SalI digested fragment from pETM6 was ligated into ApaI-SalI digested pCDM2 to give 
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pCDM4. The construction of pACM4, pCOM4 and pRSM3 is described in detail in the 

supplementary files. All clones were screened by restriction digestion analysis and verified by 

gene sequencing. 

Table 4. 1. Strains and plasmids used in this study. 

Plasmid or strain Relevant properties or genotype 
Source or 

reference 

Plasmid   

pETDuet-1 ColE1(pBR322), Ampr Novagen 

pCDFDuet-1 CloDF13, Strr Novagen 

pACYCDuet-1 P15A(pACYC184), Cmr Novagen 

pCOLADuet-1 ColA, Kmr Novagen 

pRSFDuet-1 RSF1030, Kmr Novagen 

pETM6 ColE1(pBR322), Ampr, with ePathBrick feature This study 

pCDM4 CloDF13, Strr, with ePathBrick feature This study 

pACM4 P15A(pACYC184), Cmr, with ePathBrick feature This study 

pCOM4 ColA, Kmr, with ePathBrick feature This study 

pRSM3 RSF1030, Kmr, with ePathBrick feature This study 

pETM6-eGFP pETM6 carrying eGFP This study 

pCDM4-eGFP pCDM4 carrying eGFP This study 

pACM4-eGFP pACM4 carrying eGFP This study 
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pCOM4-eGFP pCOM4 carrying eGFP This study 

pRSM3-eGFP pRSM3 carrying eGFP This study 

pIDTBlue-UAS-eGFP pIDTBlue carrying UAS-eGFP, Ampr, synthesized from IDT This study 

pETM6-1X[UAS]-

eGFP 
pETM6 carrying 1X[UAS]-eGFP This study 

pETM6-2X[UAS]-

eGFP 
pETM6 carrying 2X[UAS]-eGFP This study 

pETM6-3X[UAS]-

eGFP 
pETM6 carrying 3X[UAS]-eGFP This study 

pETM6-1X[lacO]-

eGFP 
pETM6 carrying 1X[lacO]-eGFP This study 

pETM6-2X[lacO]-

eGFP 
pETM6 carrying 2X[lacO]-eGFP This study 

pETM6-4X[lacO]-

eGFP 
pETM6 carrying 4X[lacO]-eGFP This study 

pET-PhCHS-MsCHI pETDuet-1 carrying chs from P. hybrida, chi from Medicago sativa [54] 

pCDF-4CL2 pCDFDuet-1 carrying 4cl-2 from Petroselinum crispum [54] 

pACYC-PlACC pACYCDuet-1 carrying accABCD from P. luminescens [54] 

pMSD8 pMSD carrying accABCD from E. coli [154] 

pETM6-Pc4CL pETM6 carrying 4cl-2 from P. crispum This study 

pETM6-PhCHS pETM6 carrying chs from P. hybrida This study 

pETM6-MsCHI pETM6 carrying chi from Medicago sativa This study 
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pETM6-Pc4CL-

oPhCHS-oMsCHI 

pETM6 carrying 4cl-2 from P. crispum, chs from P. hybrida, chi from 

Medicago sativa, CHS and CHI were organized in operon form 
This study 

pETM6-Pc4CL-

pPhCHS-pMsCHI 

pETM6 carrying 4cl-2 from P. crispum, chs from P. hybrida, chi from 

Medicago sativa, CHS and CHI were organized in pusudo-operon form 
This study 

pETM6-Pc4CL-

mPhCHS-mMsCHI 

pETM6 carrying 4cl-2 from P. crispum, chs from P. hybrida, chi from 

Medicago sativa, CHS and CHI were organized in operon form 
This study 

pETM6-Flvavonoid 

pathway library 

pETM6 carrying plant-derived  three- gene (4cl-2, chs and chi) flavonoid 

pathway libraries, differing in gene configuration and gene order, detailed 

library please refer to supplentary Table S3 

This study 

pETM6-Pc4CL-

PhCHS-MsCHI-

accDCBA 

pETM6 carrying 4cl-2 from P. crispum, chs from P. hybrida, chi from 

Medicago sativa and four subunits accDCBA from E. coli 
This study 

Strains   

E. coli BL21*  
F– ompT gal dcm lon hsdSB(rB

- mB
-) λ(DE3[lacI lacUV5-T7 gene 1 ind1 

sam7 nin5]) 
Invitrogen 

E. coli DH5α 
F- endA1 glnV44 thi-1 recA1 relA1 gyrA96 deoR nupG Φ80dlacZ∆M15 

∆(lacZYA-argF)U169, hsdR17(rK
- mK

+), λ– 
Koffas stock 

E. coli K-12 Type strain Koffas stock 

E. coli BW 27784 
F-∆(araD-araB)567, ∆lacZ4787(::rrnB-3), λ-, ∆(araH-araF)570(::FRT), 

∆araEp-532::FRT, φPcp18araE533, ∆(rhaD-rhaB)568, hsdR514 
Yale, CGSC 

 

Four rounds of DNA manipulations were performed to create pACM4. The native NheI site on 

pACYC-Duet was eliminated to give pACM1 using SD primers ACY_NheF and ACY_NheR. 

SalI site was inserted after T7 terminator on pACM1 to give pACM2 using SD primers 

ACY_SalF and ACY_SalR. ApaI and SalI digested fragment from pETM5 was ligated to ApaI 
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and SalI digested pACM2 to give pACM3; ApaI and SalI digested fragment from pETM6 was 

ligated to ApaI and SalI digested pACM2 to give pACM4.  

Four rounds of DNA manipulations were performed to create pCOM4. The native NheI site on 

pCOLA-Duet was eliminated to give pCOM1 using SD primers COL_NheF and COL_NheR. 

SalI site was inserted after T7 terminator on pCOM1 to give pCOM2 using SD primers 

COL_SalF and COL_SalR. ApaI and SalI digested fragment from pETM5 was ligated to ApaI 

and SalI digested pCOM2 to give pCOM3; ApaI and SalI digested fragment from pETM6 was 

ligated to ApaI and SalI digested pCOM2 to give pCOM4.  

Three rounds of DNA manipulations were performed to create pRSM3. SalI site was inserted 

after T7 terminator on pRSF-Duet to give pRSM1 using SD primers RSF_SalF and RSF_SalR. 

ApaI and SalI digested fragment from pETM5 was ligated to ApaI and SalI digested pRSM1 to 

give pRSM2; ApaI and SalI digested fragment from pETM6 was ligated to ApaI and SalI 

digested pRSM1 to give pRSM3.  

Table 4. 2.  Primers and oligoes used in the present study. 

No. Primer name Nucleotide sequence (5’ >3’) 

1 Nde_IF CTTTAAGAAGGAGATATACATATGCCATGGGCAGCAGCCATCACC 

2 Nde_IR GGTGATGGCTGCTGCCCATGGCATATGTATATCTCCTTCTTAAAG 

3 Avr_RF GCAGCTTAATTAACCTAAACTGCTGCCACCGCTGAG 

4 Avr_RR CTCAGCGGTGGCAGCAGTTTAGGTTAATTAAGCTGC 

5 Nhe_IF CTTGAGGGGTTTTTTGCTAGCGAAAGGAGGAACTATATCC 

6 Nhe_IR GGATATAGTTCCTCCTTTCGCTAGCAAAAAACCCCTCAAG 
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7 Sal_IF GCTAGCGAAAGGAGGAGTCGACTATATCCGGATTGG 

8 Sal_IR CCAATCCGGATATAGTCGACTCCTCCTTTCGCTAGC 

9 eGFP_NdeF TATACATATGGTGAGCAAGGGCGAGGAGC 

10 eGFP_KpnR CGTCGGTACCCTATTACTTGTACAGCTCGTC 

11 4Cl_NdeF GAACATATGGGAGACTGTGTAGCACCC 

12 4Cl_KpnR GACGGTACCCTATTATTTGGGAAGATCACCG 

13 CHS_NdeF GAGCATATGGTGACAGTCGAGGAGTATC 

14 CHS_KpnR GGAGGTACCCTATTAAGTAGCAACACTGTGG 

15 CHI_NdeF GGACATATGGCTGCATCAATCACCGCAATC 

16 CHI_KpnR GGCGGTACCCTATCAGTTTCCAATCTTGAAAG 

17 Avr_IF GTCCGGCGTAGCCTAGGATCGAGATC 

18 Avr_IR GATCTCGATCCTAGGCTACGCCGGAC 

19 Nhe_CdF GAAAAATAAACAAATAGCCAGCTCACTCGGTCGCTACG 

20 Nhe_CdR CGTAGCGACCGAGTGAGCTGGCTATTTGTTTATTTTTC 

21 Sal_CdF GAGAAGCACACGGTCGACACTGCTTCCGGTAG 

22 Sal_CdR CTACCGGAAGCAGTGTCGACCGTGTGCTTCTC 

23 ACY_NheF CGGACATCAGCGCAAGCGGAGTGTATAC 

24 ACY_NheR GTATACACTCCGCTTGCGCTGATGTCCG 
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25 ACY_SalF GACCCTGCCCTGAACCGTCGACCGGGTCGAATTTG 

26 ACY_SalR CAAATTCGACCCGGTCGACGGTTCAGGGCAGGGTC 

27 COL_NheF CAAATAGGCATGCAAGCGCAGAAACG 

28 COL_NheR CGTTTCTGCGCTTGCATGCCTATTTG 

29 COL_SalF CTGCCCTGAACCGTCGACAAGCTGAC 

30 COL_SalR GTCAGCTTGTCGACGGTTCAGGGCAG 

31 RSF_SalF CTGCCCTGAACCGTCGACAAGCTGAC   

32 RSF_SalR GTCAGCTTGTCGACGGTTCAGGGCAG 

33 CHS_SpeF GTCTTTTGCACAACCAGTGGTGTGGACATG 

34 CHS_SpeR CATGTCCACACCACTGGTTGTGCAAAAGAC 

35 Spe_IF2 GGACTCGTCTACTAGTCGCAGCTTAATTAAC 

36 Spe_IR2 GTTAATTAAGCTGCGACTAGTAGACGAGTCC 

37 lacO_NheF GGACGCTAGCAATTGTGAGCGGATAACA 

38 UAS_NheF CGGAGGCTAGCACTATTAGTACCTAGTCT 

39 AccA_NdeF GGGCGCATATGAGTCTGAATTTCCTTG 

40 AccA_XhoR ATGGGCTCGAGTTACGCGTAACCGTAGCTC 

41 AccB_NdeF CGGGGCATATGGATATTCGTAAG 

42 AccB_XhoR GGGCTCTCGAGTTACTCGATGACGACC 
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43 AccC_NdeF GCGCCCATATGCTGGATAAAATTG 

44 AccC_XhoR GGCGGCTCGAGTTATTTTTCCTGAAGACC 

45 AccD_NdeF GGCTCCATATGAGCTGGATTGAACG 

46 AccD_XhoR GGATTCTCGAGTCAGGCCTCAGGTTCCTG 

 

4.2.2. Reporter plasmid construction.  

A randomly chosen upstream activation sequence [155] (UAS) attached with eGFP was 

synthesized by Integrated DNA Technologies (IDT). Detailed sequence and gene context 

information is provided in Figure 4. 1. eGFP was PCR amplified from pIDTBlue-UAS-eGFP 

using primers eGFP_NdeF and eGFP_KpnR. Next, NdeI/KpnI digested PCR products were 

inserted into the NdeI and KpnI site of pETM6, pCDM4, pACM4, pCOM4 and pRSM3 to give 

construct pETM6-eGFP, pCDM4-eGFP, pACM4-eGFP, pCOM4-eGFP and pRSM3-eGFP, 

respectively. To incorporate UAS into the regulatory region of pETM6, UAS-eGFP fragment was 

PCR amplified from pIDTBlue-UAS-eGFP using primer pairs UAS_NheF and eGFP_KpnR. 

Next, NheI/KpnI digested PCR products were inserted to the XbaI/KpnI site of pETM6 to give 

pETM6-1X[UAS]-eGFP. The original XbaI site on pETM6 was destroyed upon XbaI and NheI 

ligation and the resulting pETM6-1X[UAS]-eGFP contains another copy of XbaI, which can be 

used for iterative integration of multiple copies of UAS in a tandem manner. For incorporation of 

additional copies of lacO into the regulatory region, detailed experimental procedures are 

provided in supplementary files. All clones were screened by restriction digestion analysis and 

verified by gene sequencing. 
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4.2.3 Incorporation of multiple copies of lacO 

To incorporate additional copies of lacO into the regulatory region of pETM6, lacO-eGFP 

fragment was PCR amplified from pETM6-eGFP using primer pairs lacO_NheF and 

eGFP_KpnR. Then NheI/KpnI digested PCR products were inserted to the XbaI/KpnI site of 

pETM6 to give pETM6-2X[lacO]-eGFP. Note here pETM6 contains a built-in lacO right after T7 

promoter. The original XbaI site on pETM6 was destroyed upon XbaI and NheI ligation and the 

resulting pETM6-2X[lacO]-eGFP contains another copy of XbaI, which can be used for iterative 

integration of multiple copies of lacO in a tandem manner. 

 

 

Figure 4. 1. Sequence for UAS-eGFP and plasmid map for pIDTBlue-UAS-eGFP. Restriction sites for 

NheI, XbaI, NdeI and KpnI are underlined. Sequence in red color is UAS and sequence in green color is 

eGFP. 

4.2.4. Assay of gene expression.  

Fluorescence signal intensity was used to characterize the promoter activity among the 

engineered ePathBrick vectors. Host cell BL21*(DE3) transformed with reporter plasmids was 

grown overnight in LB at 37 °C, 250 rpm. The next morning, 10 ml fresh LB was inoculated with 

gctagcactattagtacctagtcttaattgtccggtctagaaataattttgttt

aactttaagaaggagatatacatatggtgagcaagggcgaggagctgttc
accggggtggtgcccatcctggtcgagctggacggcgacgtaaacggcca

caagttcagcgtgtccggcgagggcgagggcgatgccacctacggcaagc
tgaccctgaagttcatctgcaccaccggcaagctgcccgtgccctggccca

ccctcgtgaccaccctgacctacggcgtgcagtgcttcagccgctaccccga
ccacatgaagcagcacgacttcttcaagtccgccatgcccgaaggctacgt

ccaggagcgcaccatcttcttcaaggacgacggcaactacaagacccgcg
ccgaggtgaagttcgagggcgacaccctggtgaaccgcatcgagctgaag
ggcatcgacttcaaggaggacggcaacatcctggggcacaagctggagta
caactacaacagccacaacgtctatatcatggccgacaagcagaagaacg

gcatcaaggtgaacttcaagatccgccacaacatcgaggacggcagcgtg
cagctcgccgaccactaccagcagaacacccccatcggcgacggccccgt
gctgctgcccgacaaccactacctgagcacccagtccgccctgagcaaag
accccaacgagaagcgcgatcacatggtcctgctggagttcgtgaccgccg
ccgggatcactctcggcatggacgagctgtacaagtaatagggtacc 

 
 

 

pIDTBlue-UAS-eGFP

3807 bp

Amp

UAS

eGFP

f1 origin

Cla I (661)

Kpn I (1534)

Nde I (805)

Xba I (765)

Nhe I (730)
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8% (v/v) overnight culture in 50 ml corning tubes and grown at 37 °C, 250 rpm for approximately 

2.5 hours (OD of 0.4 in 96 well plate). Subsequently, 240 µl cell culture was transferred to 

Greiner Bio-one 96-well fluorescence plate (Bio-Greiner, chimney black, flat clear bottom) with 

Eppendorf multi-channel pipette. At the same time, 10 µl of stock IPTG solution was added to 

make a gradient concentration ranging from 1/16 µM to 1 mM. Fluorescence plate was covered 

and sealed with parafilm to prevent any volume loss due to evaporation. Cells in fluorescence 

plate were grown at 30 °C with shaking at 220 rpm on a benchtop plate shaker (Labnet 

VorTemp™ 56 shaker incubator). Cell optical density and expression of green fluorescence 

protein were simultaneously detected every 30 to 45 minutes using a Biotek® Synergy 4 

microplate reader. Optical density was read at 600 nm and the excitation and emission 

wavelengths for eGFP were set at 485 ± 20 nm and 528 ± 20 nm, respectively. All experiments 

were performed in triplicates.  

4.2.5. Flavanone pathway assembly.  

4-Coumaroyl-CoA ligase (4CL), chalcone synthase (CHS) and chalcone isomerase (CHI) gene 

fragments were PCR amplified from either pET-PhCHS-MsCHI or pCDF-4CL[54] using primer 

pairs 4Cl_NdeF/4Cl_KpnR, CHS_NdeF/CHS_KpnR and CHI_NdeF/CHI_KpnR, respectively. 

NdeI/KpnI digested PCR fragments were cloned into the NdeI and KpnI site of pETM6 to give 

constructs pETM6-Pc4CL, pETM6-PhCHS and pETM6-MsCHI, respectively. SpeI site within 

CHS was silently mutated by site-directed mutagenesis with primer pairs CHS_SpeF and 

CHS_SpeR, allowing for the built-in SpeI site to be unique and be used for the future assembly 

step.  accA, accB, and accC gene fragments were PCR amplified from plasmid pMSD8 provided 

by Prof. Cronan [154] using primer pairs AccA_NdeF/AccA_XhoR, AccB_NdeF/AccB_XhoR 

and AccC_NdeF/AccC_XhoR, respectively. accD fragment was PCR amplified from E. coli K-

12 genomic DNA (prepared by Purelink genomic DNA kits) using primer pair 

AccD_NdeF/AccD_XhoR. NdeI/XhoI digested PCR fragments were cloned into the NdeI and 
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XhoI site of pETM6 to give constructs pETM6-accA, pETM6-accB, pETM6-accC and pETM6-

accD respectively. Gene assembly was performed based on these individual constructs. Briefly, 

operon configuration was achieved by ligating the XbaI/SalI digested donor construct with the 

SpeI/SalI digested receiver construct; pseudo-operon configuration was achieved by ligating the 

AvrII/SalI digested donor construct with the SpeI/SalI digested receiver construct; monocistronic 

configuration was achieved by ligating the AvrII/SalI digested donor construct with the NheI/SalI 

digested receiver construct. Multi-fragment assembly can be performed in parallel and in rare 

cases, high affinity ApaI site on lacI gene was used (instead of SalI) to improve ligation 

efficiency. 

4.2.6. Flavanone fermentation and analysis.  

Flavanone production was performed based on a two-step fermentation protocol [23]. Overnight 

cultures were used to inoculate 40 ml fresh LB supplemented with 0.2% glucose at 37 °C with 

shaking at 300 rpm. Heterologous gene expression was induced during the mid-exponential phase 

(approximately OD 0.6-0.8) by addition of 1 mM IPTG and the cultures were allowed to grow at 

30 °C for an additional 6-8 hours. After induction, the bacterial pellet was harvested by 

centrifugation and suspended with 16 ml M9 modified medium (1 × M9 salts, 8 g/L glucose, 1 

mM MgSO4, 0.1 mM CaCl2, 6 µM biotin, 10 nM thiamine, 2.6 mM p-coumaric acid, 1 mM 

IPTG). Fermentation was performed in 250 ml flasks with orbital shaking at 300 rpm and 30 °C. 

Flavanones were extracted with 50% ethanol after 24 hours of fermentation, then the E. coli pellet 

was removed by centrifugation (14,000 rpm for 5 min) and the supernatant was analyzed for 

flavanone quantification. Flavanones were analyzed by the Agilent 1260 HPLC system equipped 

with a ZORBAX SB-C18 column (5µm, 4.6 × 150 mm) kept at 25 °C and a diode array detector 

(DAD).  The mobile phase contained 35% acetonitrile (with 0.1% formic acid) and 65% water 

(with 0.1% formic acid). The retention time for p-coumaric acid and naringenin were around 1.9 

min and 5 min, respectively. All experiments were performed in triplets. 
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4.3. Results 

4.3.1. Design and characterization of ePathBrick vectors 

Strain development through metabolic engineering leading to biofuel and pharmaceutical 

molecules typically involves the manipulation of a handful of precursor or rate-limiting pathways, 

as illustrated in the recent example of biobutanol production from non-fermentative pathway 

[7,156] and the heterologous production of taxol [143] and arteminisin [157] precursors in E. coli. 

One popular approach to express multi-gene pathways is to use the Novagen Duet vectors which 

carry compatible replication origins (ColE, CloDF13, P15A, CoLA and RSF1030) and 

independent antibiotic markers (Am, Sm, Cm, Km), allowing for effective propagation and 

maintenance of four plasmids and simultaneous expression of up to eight genes in a single cell 

[158]. The Duet vector sets have been successfully applied to engineering a number of pathways 

for synthesizing hydroxybutyrate [159], biofuels [160,161], phenylpropanoids [23,54], 

isoprenoids [162] and polyketides [163]. Despite these achievements, the Duet vector sets are not 

innate to modular pathway engineering and tunable gene expression, eclipsing its major features 

such as versatile plasmid copy number, broad host spectrum as well as independent antibiotic 

marker. To expand its applicability in metabolic pathway engineering, we engineered the Duet 

vectors in order to make them conform to the basic principles of synthetic biology. 
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Figure 4. 2.  Basic configuration and functional analysis of the engineered ePathBrick vectors [90]. (a) 

Compatible sticky ends can be generated by four isocaudamer pairs (AvrII, NheI, SpeI and XbaI) with 

unique DNA recognition sequence. The resulting sticky ends can be re-joined together upon simple ligation 

thereby nullifying the old restriction sites. (b) The basic configuration of engineered ePathBrick vectors. (c) 

The dose response of promoter activity to inducer IPTG using eGFP as a reporter among the five 

engineered ePathBrick vectors harbored by E. coli BL21*(DE3) in LB media at 30 °C.  

We have taken a retrosynthetic approach to design the original Duet vectors. The four 

isocaudamer pairs (AvrII, XbaI, SpeI and NheI) were chosen mainly because they are compatible 

with the BioBrickTM standards and they cut with high efficiency generating four letter high-

affinity cohesive ends (CTAG, Figure 4. 2. a) and are rarely affected by dam or dcm methylation 

(Note, only XbaI have dam overlapping methylation when TC comes with it). Based on the basic 

principles of synthetic biology [151,164], the four isocaudamers were arranged in such a way that 

the different molecular control or structural elements can be easily reused and standardized. AvrII 

was inserted upstream of the T7 promoter, XbaI was inserted between the operator (lacO) and 

ribosome binding site (RBS), SpeI was in between the multiple-cloning site (MCS) and T7 

terminator, and NheI was placed downstream of the T7 terminator. SalI and the native ApaI on 

the lacI gene was designed for easy cloning with any of the four isocaudamers. Following this 

principle, we have made 6, 4, 4, 4 and 3 modifications to the original pET-Duet, pCDF-Duet, 

pACYC-Duet, pCOLA-Duet and pRSF-Duet vectors, respectively. The resulting vectors, 

pETM6, pCDM4, pACM4, pCOM4 and pRSM3 are collectively named ePathBrick vectors. A 
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representative vector configuration is shown in Figure 4. 2. b. Detailed sequence information in 

Genbank format can be found in the website. 

To test the functionality of engineered ePathBrick vectors, enhanced fluorescence protein (eGFP) 

was used as a reporter and inserted at the same loci of multi-cloning sites among the five 

ePathBrick vectors to eliminate any restriction sites-associated translational inhibition [165]. We 

observed that green fluorescence linearly increased with time after a short time window (about 90 

minutes) in all the tested five constructs (Figure 4. 3.). The rate of fluorescence change 

normalized with cell density and culture volume was used to characterize the promoter activity. 

Results shown here indicate that the dynamic range of tested promoters spanned over three orders 

of magnitude towards IPTG and the same promoter behaved distinctly in different genetic 

contexts (Figure 4. 2. c).  

As Figure 4. 2. c shows, the saturation promoter activity in pETM6 is about 6 times stronger than 

that in pCOM4. The promoter activity observed in three of the ePathBrick vectors (pETM6, 

pCDM4 and pACM4) correlated well with their reported plasmid copy number (Figure 4. 2. c) 

except for pCOM4, which is not unexpected as the DNA quantity of pCOM4 isolated from an E. 

coli culture was the lowest, possibly due to the low stability of the pCOLA-derived vectors as 

reported by Kroll [166]. Both pCOM4 and pRSM3 vectors share almost the same genetic context 

except for the origin of replication region, which can account for the relatively low promoter 

activity in pRSM3 as the specific promoter activity (promoter activity normalized by plasmid 

copy number) in pRSM3 was comparable with that in pCOM4. These data suggests that all the 

redesigned ePathBrick vectors are functional and the promoter activity tested in E. coli 

Bl21*(DE3) is ranked in the following order: pETM6 > pRSM3 > pCDM4 > pACM4 > pCOM4. 

Given that one single cell is able to harbor four compatible plasmids, the broad range of promoter 

activity should be an invaluable tool to coordinate the expression of multi-gene pathways for 

metabolic engineering application. 
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Figure 4. 3.   Fluorescence signal accumulated as a function of time at differnt concentration of inducer 

(IPTG) among the five ePathBrick vectors [90]. E. coli BL21* harboring the corresponding plasmids were 

grown in 250 µl Lb supplemented with different concentrations of inducer IPTG at 30 °C, 220 rpm. Error 

bars show the the standard deviations of three replicate results with 95% confidence interval. 
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4.3.2. Tunable gene expression with expandable regulatory elements 

Promoter architecture with defined activator or repressor binding site is directly correlated with 

the output of promoter activity [140]. Thus, engineering of hybrid promoters is an effective 

approach to transcriptional fine-tuning with various applications, especially in the metabolic 

engineering area [96,167]. Here we have developed a standardized method for modular 

integration of repetitive tandem copies of transcriptional activation or repression signals into the 

operator region of the ePathBrick vectors. Specifically, by using the isocaudamer pairs XbaI and 

NheI, the NheI-flanked PCR products can be easily incorporated into the regulatory region of the 

engineered ePathBrick vectors. Since the PCR products contained another XbaI site which can be 

reused, multiple copies of a regulatory signal can be integrated on the same ePathBrick vector in 

a tandem manner (Figure 4. 4. a), thus providing a way for modifiable transcription output.  

 

Figure 4. 4.    Fine-tuning gene expression by expanding the regulator control elements on engineered 

ePathBrick vectors [90]. (a) Incorporation of repetitive tandem copies of regulatory elements (X) using 

XbaI site on ePathBrick vectors and NheI-flanked PCR products. The PCR product contains another XbaI 

site and can be reused for iterative integration of multiple regulatory elements on ePathBrick vectors. X is 

any regulatory sequence which could potentially interact with the open/closed form of promoter-RNA 

polymerase complex thereby activating or repressing gene expression from the downstream reporter gene. 

(b) Characterization of promoter activity arising from multiple copies of upstream activation sequence 
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products 
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(UAS) and lactose repressor binding site (lacO) on pETM6 harbored by BL21*(DE3) growing in LB media 

at 30 °C. 

 

Figure 4. 5.   Fluorescence signal accumulated as a function of time at different concentration of inducer 

(IPTG) in the context of pETM6-eGFP with modified regulatory region [90]. E. coli BL21* harboring the 

corresponding plasmids were grown in 200 µl Lb supplemented with different concentrations of inducer 
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IPTG at 30 °C, 220 rpm. Error bars show the the standard deviations of three replicate results with 95% 

confidence interval. 

As a case study, we chose a random upstream activation sequence (UAS) [155] and the native lac 

promoter repression signal (lacO) as a transcriptional modulator and evaluated how they impact 

the promoter activity. By iterative digestion and ligation, we have been able to incorporate up to 

three copies of UAS and four copies of repression sequence (lacO) into the operator region of 

pETM6. The time course analysis of fluorescence change (Figure 4. 5.) demonstrated that the 

resulting synthetic promoters exhibited tunable activity ranging from 81% to 122% of the 

activities of the unmodified promoter (Figure 4. 4b). In order to characterize the underlying 

mechanisms associated with promoter-RNA polymerase (RNAP) interaction, inducer and 

promoter input-output correlations were fitted to a phenomenological Hill equation [168,169] of 

the form: 

������ � ��	
 � ���� � ��	
�
���


�
 � ���

 

Where [I] is the inducer concentration; Pmin is the basal level of promoter activity due to leakage; 

Pmax is the maximal promoter activity due to saturation induction; n is hill coefficient that 

determines the sensitivity (cooperativity) of repressor-promoter-RNAP interactions; and K is 

apparent dissociation constant related to the half saturation concentration of inducer when 

promoter activity reaches half of the maximum output.  
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Table 4. 3.  The best fit of the characterized promoter activity using modified regulatory control elements. 

Construct Pmin (a.u.) Pmax (a.u.) K (µM) n R2 

pETM6-1X[UAS]-eGFP 19.42 ±  9.53 653.54 ± 13.32 17.20 ±  1.38 1.17 ±  0.10 0.9950 

pETM6-2X[UAS]-eGFP 16.74 ±  8.08 715.62 ± 10.63 15.34 ±  0.91 1.23 ±  0.08 0.9971 

pETM6-3X[UAS]-eGFP 21.95 ±  8.39 659.40 ± 10.29 13.74 ±  0.86 1.40 ±  0.11 0.9960 

pETM6-1X[lacO]-eGFP 22.00 ±  7.75 592.90 ± 12.01 19.43 ±  1.54 1.01 ±  0.08 0.9962 

pETM6-2X[lacO]-eGFP 22.49 ±  4.91 522.55 ±  7.03 18.11 ±  0.96 1.17 ±  0.07 0.9978 

pETM6-4X[lacO]-eGFP 19.62 ±  6.04 481.67 ±  8.84 19.82 ±  1.39 1.25 ±  0.10 0.9958 

Data shown here indicate the simulated parameters of Hill equation. a. u., arbitrary units (fluorescence unit per minute 

per OD per milliliter). 

As summarized in Table 4. 3, the half saturation constant (K value) was decreased with increasing 

number of upstream activation sequence (UAS) used, indicating that the incorporation of UAS 

into the operator region did contribute to the formation of transcriptionally competent promoter-

RNAP complexes; thus the transcription output was improved compared with the native 

counterpart (native one is pETM6-1X[lacO]-eGFP in Table 4. 3.). At the same time, the promoter 

responded more sensitively towards IPTG, as evidenced by the hill coefficient (n) that increased 

with increasing number of UAS used, suggesting increased cooperativity among the repressor-

promoter-RNAP complex. When multiple copies of lacO were used, the half saturation constant 

(K) did not change while the cooperative interaction among repressor-promoter-RNAP increased 

(n increased) thereby resulting in more stringent control over promoter output. This data 

illustrates that the operator context in the engineered vectors has a profound impact on the 

transcription output, and the modular approach presented here can be directly translated to other 

ePathBrick vectors for fine-tuning gene expression. 
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4.3.3. Multi-gene pathway can be assembled in three configurations 

Prokaryotic cells like E. coli tend to organize metabolic enzymes in operon form, where the 

functionally-related pathways are arranged in gene clusters and are under the control of a single 

regulatory signal. It is estimated that about 50% of the structural genes are organized in operon 

form in E. coli [170]. Gene co-transcription and co-regulation provide an evolutionary advantage 

since various proteins synthesized from a single mRNA transcript could facilitate the spatial and 

temporal coordination of gene expression to build up multi-enzyme complexes often at the right 

subunit ratio. Using a synthetic operon comprising of three fluorescence reporter genes as a 

model system, Lim et al found that the expression of a given gene increased with the length of the 

operon, as increased transcription distance provided more time for translation to occur during 

transcription [171]. In terms of metabolic pathway reconstruction, a fundamental question is how 

individual pathways are assembled and which genetic organization or configuration is adopted for 

optimal pathway output. For example, an artificial operon carrying all the necessary genes (atoB, 

hbd, crt, ter and adhE2) for conversion of acetyl-CoA to butanol along with the optimization of 

NADH driving force has led to the production of butanol at a titer of 30 g/l in E. coli [156]; 

heterologous production of resveratrol favored the operon configuration of two plant enzymes, A. 

thaliana 4-coumaroyl-CoA ligase and V. vinifera stilbene synthase, resulting in the highest 

resveratrol production of around 2.3 g/l in E. coli [22]. Hence, it’s of vital importance to develop 

efficient tools that allow us to organize mutli-gene pathways in different configurations, thereby 

possibly exploiting the full potential of cell metabolism. 
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Figure 4. 6.     Easy pathway configuration engineering by modular assembly using different isocaudamer 

pairs [90]. (a) A three gene pathway was assembled in operon form, in which a cluster of genes was under 

the control of a single regulatory signal (one promoter, one terminator). Operon configuration can be 

achieved by digesting the donor vector (pETM6-CHS) with restriction enzyme pairs XbaI (X)/SalI (L) and 

ligating it to the SpeI (S)/SalI (L) digested destination vector (pETM6-4CL). SpeI site was retained and can 

be reused for iterative assembly of downstream genes. (b) A three gene pathway was assembled in pseudo-

operon or artificial operon form. Pseudo-operon configuration can be achieved by digesting the donor 

vector (pETM6-CHS) with restriction enzyme pairs AvrII (A)/SalI (L) and ligating it to the SpeI (S)/SalI 

(L) digested destination vector (pETM6-4CL). SpeI site was retained and can be reused for iterative 

assembly of another gene. (c) A three gene pathway was assembled in monocistronic form. Monocistronic 

configuration can be achieved by digesting the donor vector (pETM6-CHS) with restriction enzyme pairs 

AvrII (A)/SalI (L) and ligating it to the NheI (N)/SalI (L) digested destination vector (pETM6-4CL). NheI 

site was retained and can be reused for iterative assembly of downstream genes. Black box and arrow: T7 
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promoter and lacO operator; orange box: ribosome binding site; green box with arrow: open reading frame; 

red box: T7 terminator; bla: ampicillin resistance gene; lacI: lactose repressor gene; A: AvrII; X: XbaI; S: 

SpeI; N: NheI; and L: SalI. 

Pathway configuration engineering was a built-in feature for ePathBrick vectors, where individual 

pathway components can be assembled and organized in three different configurations. Using a 

three gene heterologous flavonoid pathway, we have been able to integrate 4-coumaroyl-CoA 

ligase (from Petroselinum crispum), chalcone synthase (from Petunia hybrida) and chalcone 

isomerase (from Medicago sativa) into pETM6 with three configurations by modular pathway 

engineering (Figure 4. 6.). Specifically, each of the pathway components can be organized either 

in operon (Figure 4. 6.a), pseudo-operon (Figure 4. 6. b) or monocistronic (Figure 4.6. c) 

configuration using different isocaudamer pairs. The difference is that in the operon form, all the 

genes were transcribed and regulated together (Figure 4. 6. a, one promoter and one terminator); 

in pseudo-operon form, each of the pathway genes was under the control of an independent 

promoter but all mRNA transcripts shared the same terminator (Figure 4. 6. b, multiple promoters 

but one terminator); for monocistronic form, each of the functional unit was under the control of 

an independent regulatory signal (Figure 4. 6. c, multiple promoters, multiple terminators). 

 

Figure 4. 7. Impact of pathway configuration on the production potential of a three gene flavonoid pathway 

in BL21*(DE3) growing in basic M9 media supplemented with p-coumaric acid as substrate at 30 °C [90]. 
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We then tested the production potential of these three distinct flavonoid pathways in Bl21*(DE3) 

strain. As shown in Figure 4. 7., the pathway with the pseudo-operon configuration led to the 

highest flavonoid production of 36.7 mg/l; whereas the pathway with the operon form showed the 

lowest production of 1.2 mg/l, representing only 3.3% of the production obtained from the 

pseudo-operon form. The pathway with the monocistronic form showed slightly lower production 

compared with the pseudo-operon form, presumably due to the unintended interaction between 

the adjacent promoter and terminator. It is speculated here that the strong secondary structure 

(usually stem-loop hairpin structure) in the terminator region would sterically interact with the 

adjacent promoter and repress transcription, which is unlikely to happen in the operon or pseudo-

operon configurations. Malonyl-CoA, an essential precursor in the flavonoid biosynthesis,  has 

been proven to be a limiting factor for their production [54]. By overexpressing a putative four 

subunit acetyl-CoA carboxylase (ACC from P. luminescens) to provide sufficient amount of 

malonyl-CoA, flavonoid production was significantly increased but still followed the same 

pattern as the pathways without ACC overexpression, suggesting that intrinsic genetic 

configuration plays an important role in determining pathway output regardless of whether 

precursors are supplied.  

4.3.4. Combinatorial generation of pathway diversities 

While pathway configuration has a direct impact on the pathway output, other context-dependent 

genetic factors need to be considered when designing and optimizing a target metabolic pathway. 

One such genetic context is the order of the genes present in the pathway architecture. Studies 

have shown that rearrangement of gene order could lead to balanced turnover constant among 

investigated genes in a three-gene operon [172]. However, advanced gene assembly tools like 

overlap-PCR, SLIC, In-FusionTM PCR (Clontech) and Gibson isothermal cloning are not 

sufficiently efficient in terms of rearranging gene order or configuration due to the pre-

determined fragment context specified by the overlap sequence [78]. Each of the overlapping 
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fragments is added through synthesized gene or customer-designed primers that overlap with the 

neighboring fragment, an approach that is not scalable for the construction of pathway libraries 

with variations in pathway configuration and gene order. For example, it would require 600 

versions of primers or gene cassettes to assemble 10 overlapping DNA fragments in every 

possible arrangement and configuration. As a result, it is desirable to develop new tools adept at 

combinatorial assembly that would result in a library of possible pathway equivalents differing in 

pathway configuration and gene order.  

Here we demonstrate that, with ePathBrick vectors, a three gene flavonoid pathway library with 

54 constructs could be efficiently assembled by three rounds of cloning in one week, when 

considering both pathway configuration and gene order (Table 4. 4.). Specifically, for the first 

round of cloning, three constructs with single pathway entities were assembled; for the second 

round of cloning, eighteen constructs with double pathway entities were assembled based on the 

first round of cloning (3C
1×2C

1×3 = 18; note here double pathway entities could take six different 

orders out of the three gene pools and the second pathway entity could take three distinct 

configurations); for the third round of cloning, fifty-four constructs with triple pathway entities 

were assembled based on the second round of cloning (note here that the third pathway entity 

could take three distinct configuration). A detailed process about generation of pathway 

diversities is shown in Table 4. 5. Since all the DNA manipulations are performed at the sub-

cloning level, post-assembly sequence verification is optional thereby the turnaround time for 

pathway assembly is greatly reduced and the whole process streamlined. By screening using 

double digestion, we successfully obtained all the 54 constructs (Table 4. 4.) in one week, and 

digestion patterns for all the 54 pathways can be found in Figure 4. 8. To our knowledge, 

ePathBrick vectors are the first synthetic biology tools that allow metabolic engineers to 

manipulate pathway configurations and generate pathway diversities at the individual gene level 
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(subunit level), which would afford a promising approach in strain design and pathway 

optimization with practical applications in metabolic engineering. 

 

Table 4. 4.    Flavonoid pathway libraries generated by ePathBricks-directed combinatorial assembly. 

pETM6-Pc4CL-   

[ ] PhCHS- [ ] 

MsCHI  

pETM6-Pc4CL-   

[ ] MsCHI- [ ] 

PhCHS 

pETM6-PhCHS 

-[ ] Pc4CL- [ ] 

MsCHI  

pETM6-

PhCHS- [ ] 

MsCHI- [ ] 

Pc4CL 

pETM6-

MsCHI- [ ] 

Pc4CL- [ ] 

PhCHS 

pETM6-

MsCHI- [ ] 

PhCHS-[ ] 

Pc4CL 
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o, p o, p o, p o, p o, p o, p 

m, o m, o m, o m, o m, o m, o 

m, m m, m m, m m, m m, m m, m 

m, p m, p m, p m, p m, p m, p 

p, o p, o p, o p, o p, o p, o 

p, m p, m p, m p, m p, m p, m 

p, p p, p p, p p, p p, p p, p 

*Pc4CL, 4-coumaroyl-CoA ligase from Petroselinum crispum; PhCHS, chalcone synthase from Petunia 

hybrida; MsCHI, chalcone isomerase from Medicago sativa. O denotes the neighboring genes are 

organized in operon configuration; m denotes the neighboring genes are organized in monocistronic 

configuration; and p denotes the neighboring genes are organized in pseudo-operon or artificial operon 

configuration.  
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  Table 4. 5.    Pipeline for construction of three-gene flavonoid pathway library in this study. 

First round of cloning Second round of cloning Third round of cloning Pathway No. 

pETM6-Pc4CL 

pETM6-Pc4CL-oPhCHS 

pETM6-Pc4CL-oPhCHS-oMsCHI 1 

pETM6-Pc4CL-oPhCHS-pMsCHI 2 

pETM6-Pc4CL-oPhCHS-mMsCHI 3 

pETM6-Pc4CL-pPhCHS 

pETM6-Pc4CL-pPhCHS-oMsCHI 4 

pETM6-Pc4CL-pPhCHS-pMsCHI 5 

pETM6-Pc4CL-pPhCHS-mMsCHI 6 

pETM6-Pc4CL-mPhCHS 

pETM6-Pc4CL-mPhCHS-oMsCHI 7 

pETM6-Pc4CL-mPhCHS-pMsCHI 8 

pETM6-Pc4CL-mPhCHS-mMsCHI 9 

pETM6-Pc4CL-oMsCHI 

pETM6-Pc4CL-oMsCHI-oPhCHS 10 

pETM6-Pc4CL-oMsCHI-pPhCHS 11 

pETM6-Pc4CL-oMsCHI-mPhCHS 12 

pETM6-Pc4CL-pMsCHI 

pETM6-Pc4CL-pMsCHI-oPhCHS 13 

pETM6-Pc4CL-pMsCHI-pPhCHS 14 

pETM6-Pc4CL-pMsCHI-mPhCHS 15 

pETM6-Pc4CL-mMsCHI 

pETM6-Pc4CL-mMsCHI-oPhCHS 16 

pETM6-Pc4CL-mMsCHI-pPhCHS 17 
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pETM6-Pc4CL-mMsCHI-mPhCHS 18 

pETM6-PhCHS 

pETM6-PhCHS-oPc4CL 

pETM6-PhCHS-oPc4CL-oMsCHI 19 

pETM6-PhCHS-oPc4CL-pMsCHI 20 

pETM6-PhCHS-oPc4CL-mMsCHI 21 

pETM6-PhCHS-pPc4CL 

pETM6-PhCHS-pPc4CL-oMsCHI 22 

pETM6-PhCHS-pPc4CL-pMsCHI 23 

pETM6-PhCHS-pPc4CL-mMsCHI 24 

pETM6-PhCHS-mPc4CL 

pETM6-PhCHS-mPc4CL-oMsCHI 25 

pETM6-PhCHS-mPc4CL-pMsCHI 26 

pETM6-PhCHS-mPc4CL-mMsCHI 27 

pETM6-PhCHS-oMsCHI 

pETM6-PhCHS-oMsCHI-oPc4CL 28 

pETM6-PhCHS-oMsCHI-pPc4CL 29 

pETM6-PhCHS-oMsCHI-mPc4CL 30 

pETM6-PhCHS-pMsCHI 

pETM6-PhCHS-pMsCHI-oPc4CL 31 

pETM6-PhCHS-pMsCHI-pPc4CL 32 

pETM6-PhCHS-pMsCHI-mPc4CL 33 

pETM6-PhCHS-mMsCHI 

pETM6-PhCHS-mMsCHI-oPc4CL 34 

pETM6-PhCHS-mMsCHI-pPc4CL 35 

pETM6-PhCHS-mMsCHI-mPc4CL 36 
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pETM6-MsCHI 

pETM6-MsCHI-oPc4CL 

pETM6-MsCHI-oPc4CL-oPhCHS 37 

pETM6-MsCHI-oPc4CL-pPhCHS 38 

pETM6-MsCHI-oPc4CL-mPhCHS 39 

pETM6-MsCHI-pPc4CL 

pETM6-MsCHI-pPc4CL-oPhCHS 40 

pETM6-MsCHI-pPc4CL-pPhCHS 41 

pETM6-MsCHI-pPc4CL-mPhCHS 42 

pETM6-MsCHI-mPc4CL 

pETM6-MsCHI-mPc4CL-oPhCHS 43 

pETM6-MsCHI-mPc4CL-pPhCHS 44 

pETM6-MsCHI-mPc4CL-mPhCHS 45 

pETM6-MsCHI-oPhCHS 

pETM6-MsCHI-oPhCHS-oPc4CL 46 

pETM6-MsCHI-oPhCHS-pPc4CL 47 

pETM6-MsCHI-oPhCHS-mPc4CL 48 

pETM6-MsCHI-pPhCHS 

pETM6-MsCHI-pPhCHS-oPc4CL 49 

pETM6-MsCHI-pPhCHS-pPc4CL 50 

pETM6-MsCHI-pPhCHS-mPc4CL 51 

pETM6-MsCHI-mPhCHS 

pETM6-MsCHI-mPhCHS-oPc4CL 52 

pETM6-MsCHI-mPhCHS-pPc4CL 53 

pETM6-MsCHI-mPhCHS-mPc4CL 54 

*Detailed digestion pattern for all the 54 pathways can be found in supplementary Fig. S4. 
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Figure 4. 8. Digestion pattern of combinatorial pathway libraries 1-54 [90]. Pathway 1 to 36 were digested 

with ApaI and KpnI and pathway 37 to 54 were digested with AvrII and KpnI. Pseudo-operon 

configurations are 80 bases longer than operon configurations and monocistronic configurations are 96 

bases longer than pseudo-operon configurations. 

4.3.5. Modular assembly of multi-gene pathways on a single ePathBrick vector 

The construction of multi-gene pathways, complex genetic circuits and redesign of existing 

biological systems require the precise and concerted assembly of multiple gene cassettes of 

various sizes [173]. Sophisticated assembly tools based on yeast  homologous recombination 
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have been developed for assembling large DNA fragments encoding an entire biochemical 

pathway [84] or  iteratively integrating multi-gene pathways into yeast chromosome [85]. 

Nevertheless, these tools are not amenable to E. coli cells due to the low recombination efficiency 

in most of the lab strains; and more importantly, current assembly tools are not flexible enough to 

support further modification of each of the expression cassette with elegantly-designed regulatory 

control elements.  From a pathway engineering perspective, it is of pressing importance to 

develop such tools that allow quick and reliable DNA assembly leading to programmable or 

predictable pathway output for strain optimization. 

 

Figure 4. 9.  Efficient multi-gene pathway assembly on one single ePathBrick vector [90]. (a) A seven gene 

construct with plant-derived flavonoid pathway and E. coli four subunits acetyl-CoA carboxylase.  accA, 

960 bp; accB, 471 bp; accC, 1350 bp; and accD, 915 bp; Pc4CL, 4 coumaroyl-CoA ligase from 

Petroselinum crispum, 1635 bp; PhCHS, chalcone synthase from Petunia hybrida, 1170 bp; and MsCHI, 

chalcone isomerase from Medicago sativa, 669 bp. bla: ampicillin resistance gene; lacI: lactose repressor 

gene. (b) Digestion pattern for seven-gene construct pETM6-Pc4CL-PhCHS-MsCHI-accDCBA with ApaI 

and XhoI. First lane, 1Kb plus ladder; second lane, digested plasmid (note CHS gene contains an intergenic 

XhoI site). (c) Digestion pattern for seven-gene construct pETM6-Pc4CL-PhCHS-MsCHI-accDCBA with 

ApaI and NdeI. First lane, 1Kb plus ladder; second lane, digested plasmid. Figure 4. 10. contains a detailed 

plasmid map with labeled restriction sites.  
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To demonstrate the applicability of the engineered ePathBrick vectors for rapid biosynthetic 

pathway assembly, a seven gene recombinant pathway comprising of the E. coli four subunit 

acetyl-CoA carboxylase (encoded by accA, 960 bp; accB, 471 bp; accC, 1350 bp; and accD, 915 

bp) and plant-derived three gene flavonoid pathway (4 coumaroyl-CoA ligase Pc4CL, 1635 bp; 

chalcone synthase PhCHS, 1170 bp; and chalcone isomerase MsCHI, 669 bp), were assembled in 

pETM6 vector (Figure 4. 9. a). Assembly of this seven-gene pathway (~9Kb including regulatory 

region) required three rounds of cloning in one week and intermediary sub-pathway constructs 

such as pETM6-Pc4CL-PhCHS-MsCHI and pETM6-accD-accC-accB-accA were assembled in 

parallel, thus the assembly efficiency was greatly increased. Elegantly selected restriction 

enzymes were used to verify the final construct, and the digested plasmid showed the correct 

fragment pattern (Figure 4. 9. b and Figure 4. 9. c). Plasmids isolated from five out of seven 

randomly picked colonies were positive constructs, representing more than 70% assembly 

efficiency, which is comparable to the efficiency reported in yeast when using the homologous 

recombination-based DNA assembler method [84]. Tested in Bl21*(DE3) strain, this seven gene 

pathway led to a slightly lower flavonoid production (61.2 mg/l) compared with the strain 

carrying individual flavonoid biosynthetic pathway encoding genes and acetyl-CoA carboxylase 

encoding genes on two separate vectors (68.6 mg/l, Figure 4. 7.), suggesting that this seven-gene 

pathway was functional. 
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Figure 4. 10.   Plasmid map for pETM6-Pc4CL-PhCHS-MsCHI-accDCBA with restriction digestion sites 

(ApaI, NdeI and XhoI) [90]. 
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4.4 Discussion and conclusion 

As the cost of commercial synthesis of genes is declining, our ability to physically construct 

complex biological devices/pathways from basic DNA parts is becoming a limiting factor in 

implementing the vision of synthetic biology. Though last decades’ advancement in synthetic 

biology has led to a variety of strategies to tackle DNA constructs, a robust platform specifically 

for metabolic pathway construction and optimization has yet to be developed. Here we present 

the development of a set of standard vectors customized for modular pathway design and 

optimization. The engineered ePathBrick vectors extend the BioBrickTM paradigm in terms of part 

reuse and standardization. By strategically engineering four isocaudamer pairs (AvrII, XbaI, SpeI 

and NheI) into Novagen Duet vectors, the resultant ePathBrick vectors encompass several unique 

features allowing for tunable transcription output, combinatorial generation of pathway diversities 

and modular assembly of multi-gene pathways (~ 9 Kb on one vector). In addition, ePathBricks 

have retained the major advantages as the original Duet vectors (Table 4. 6.), such as versatility in 

promoter strength and plasmid copy number, compatible replication origin and independent 

antibiotic marker. Since four compatible plasmids can be used simultaneously, it’s estimated that 

a total size of 36 Kb pathway can be easily assembled, which is sufficient for expressing a typical 

secondary metabolic pathway.  

Perhaps the most prominent feature for the engineered ePathBrick vector is that expression 

cassettes and individual regulatory elements like promoter, operator, ribosome binding sites and 

terminators can be combinatorially swapped and rearranged in any order and any configuration. 

Indeed, combinatorial transcription control through modification of the regulatory element has 

offered tremendous opportunities for fine-tuning gene expression and generating digital-like 

genetic circuits [148,168]. With ePathBrick vectors, hybrid promoters with complex regulatory 

architecture can be easily composed through iterative incorporation of transcriptional activation 

or repression signals, representing a powerful tool for coordinating gene expression among the 
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investigated pathways. Another challenge faced by synthetic biologists is the ability to 

combinatorially generate pathway diversities [78]. As an attempt to address this challenge, a 

three-gene flavonoid pathway with three distinct configurations was successfully constructed and 

further diversified to fifty-four pathway equivalents differing in pathway configuration and gene 

order; coupled with high-throughput screening techniques, we envision that this combinatorial 

strategy would greatly improve our ability to exploit the full potential of microbial cell factories 

for recombinant metabolite production. 

Table 4. 6.  Major features of ePathBrick vectors. 

Vector 

name 
Promoter 

Promoter 

strength* 

Size 

(bp) 

Replication 

origin  

Resistance 

marker  

Antibiotic 

(µg/ml) 

pETM6 T7 1.00 5203 ColE1 Ampicillin 80 

pCDM4 T7 0.38 3810 CloDF13 Streptomycin 50 

pACM4 T7 0.29 3956 P15A Chloramphenicol 25 

PCOM4 T7 0.14 3667 CoLA Kanamycin 50 

pRSM3 T7 0.52 3777 RSF1030 Kanamycin 50 

* Promoter strength reported here was the relative promoter activity compared to pETM6. 

* Full sequence for each vector in Genbank format can be found in the supplementary file. 

 

In light of the past two decades’ achievements, metabolic engineering has remained a collection 

of elegant demonstrations instead of becoming a state-of-the-art discipline. The primary reason 

behind this dilemma is that many of the tools adopted for pathway engineering are only specific 

to certain pathways or hosts [174]. An ambitious goal for a synthetic biologist is to develop 

generalizable tools and techniques that are universally applicable to all microbial hosts and 
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pathways. Central to this endeavor is an approach called ‘multivariate modular metabolic 

engineering’ (MMME), which aims at debottlenecking pathway limitations and optimizing a 

pathway’s potential through systematic investigation of pathway input variables. Several 

excellent examples, such as tuning promoter strength and plasmid copy numbers, have been 

presented for optimizing the biosynthesis of important metabolites, such as taxol [143] and 

artemisinin [93] precursors. However, the whole engineering process associated with the MMME 

optimization is tedious and time-consuming as it usually involves the assembly of several dozens 

of pathway constructs for a small-scale pathway (< 10 genes). With ePathBrick vectors, the 

process of pathway construction is streamlined and thus the assembly efficiency can be greatly 

increased. It is important to note here that delicately designed statistical experiments can be used 

to screen main effects for identifying pathway limitations instead of performing a full factorial 

experiment. Pathway performance can be directly tested based on sophisticated statistical design. 

Combined with synthetic promoter libraries [175] or synthetic ribosome binding sites [98], the 

ePathBrick vectors provide a robust tool for rapid design, construction and optimization of multi-

gene pathways in E. coli. Taken together, the ePathBrick vectors presented here provide a flexible 

platform for engineering metabolic pathways in E. coli with a variety of applications in biofuels, 

fine chemicals and pharmaceuticals production. 
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5. Modular optimization of multi-gene pathways for fatty acids 

production in E. coli     

5.1 Introduction 

Global energy demand, rising petroleum prices and environmental concerns have stimulated 

increased efforts to develop more sustainable and cost-effective fuels that could replace 

traditionally used fossil fuels. Exploitation of the diverse microbial pathways based on metabolic 

engineering and synthetic biology frameworks provides a promising solution to de novo synthesis 

of drop-in transportation fuels directly from microbial cells [11]. Among all the fuel molecules 

produced from living organisms, fatty acids and their derivatives have the highest volumetric 

energy density as the long hydrocarbon chain contains mostly reduced carbons [51]. With 

physicochemical properties closely resembling those of petroleum-based fuels, fatty acid-based 

fuels offer some unique advantages as compared with other fuel supplements (ethanol or butanol) 

such as lower hygroscopicity, miscibility with diesel fuels, lower downstream purification costs 

and compatibility with existing infrastructure [176]. Therefore, a number of fatty-acid-derived 

fuel molecules including free fatty acids [40], alkane/alkene hydrocarbons [177,178], fatty 

alcohols [8] and alkyl ketones [179] have been produced from the fatty acid biosynthetic 

pathway. For instance, manipulation of precursor malonyl-CoA availability along with the 

expression of specific plant acyl-ACP thioesterases have resulted in fatty acids production at 2.5 

g/L in E. coli [20,40]. A consolidated bioprocess combined fatty acids pathway with xylan-

utilization pathway led to FAEEs (fatty acids ethyl ester) production at 11.8 mg/L [180]. Using 

ionic liquid-pretreated switchgrass as substrate, the same group has achieved FAEEs production 

                                                           
 This chapter previously appeared as: Xu P, Gu Q; Wang W, Wong L, Bower A, Collins CH and Koffas 
MA: Modular optimization of multi-gene pathway for fatty acids production in E. coli. Nat Comm 
2013, 4:1409. 
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at 70 mg/L [94]. Engineering the reversal of β-oxidation pathway coupled with endogenous 

dehydrogenases and thioesterases have been used to produce fatty acids at 6.9 g/L in E. coli [8].  

Despite these exciting achievements, there exists a pressing need to develop economically viable 

processes with high yield and productivity. However, engineering microbial overproduction 

phenotypes remains a daunting task as it usually involves the manipulation of a handful of 

precursor or rate-limiting pathways that are subjected to tight cellular regulation. For example, 

precursor flux improvement by overexpression of heterologous pathways may not be 

accommodated by downstream pathways; accumulated or depleted intermediates may 

compromise cell viability and pathway productivity [21]. As an attempt to address these issues, 

combinatorial transcriptional engineering coupled with efficient gene assembly tools has offered 

tremendous opportunities for customized optimization of multi-gene pathways. Excellent 

examples include creation of yeast xylose pathways by promoter shuffling [181], heterologous 

production of anti-cancer taxol precursors in E. coli [143] and rapid assembly and screening of 

multi-gene mutant pathway libraries in E. coli and yeast [15,182].  

In the present work, we describe modular pathway engineering strategies to optimize a multi-gene 

pathway for fatty acid production in E. coli. By re-casting E. coli’s central carbon metabolic 

network as a collection of distinct modules, we have assessed and eliminated pathway bottlenecks 

at both transcriptional and translational levels. Specifically, a total of 15 essential genes were 

selected and arranged into three modules to partition the complete fatty acid metabolic pathway 

into acetyl-CoA formation, acetyl-CoA activation and malonyl-ACP consumption pathways. 

Combinatorially tuning pathway expression by altering plasmid copy number led to balanced 

precursor distribution between the acetyl-CoA-producing pathway and acetyl-CoA/malonyl-CoA 

consumption pathways. Tuning translational efficiency by allocating customized ribosome 

binding sites to both the precursor pathway and fatty acid synthase pathway enabled further fatty 

acid production improvement. Under controlled culture conditions, the engineered strains 
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produced up to 8.6 g/L fatty acids with the highest productivity (0.124 g/L/h) reported to date. 

The present work highlights the importance of systematic optimization of multi-gene pathways to 

enable an efficient microbial production of fuels.  

5.2 Materials and methods 

Plasmid construction and DNA manipulations were performed following standard molecular 

cloning protocols. Molecular kits including plasmid mini-preparation and gel extraction were 

purchased from QIAGEN. Strains and plasmids used in this study are listed in Table 5.1. All PCR 

primers used for chromosomal gene inactivation, gene amplification and site-directed 

mutagenesis are listed in Table 5.2. Plasmid maintenance and propagation were performed using 

E. coli DH5α strain. Genomic DNA was purified using PureLink genomic DNA kit from 

Invitrogen. PCR amplifications were performed using Phusion High Fidelity DNA polymerase 

from New England Biolabs (NEB). Site-directed mutagenesis was performed in E. coli BW27784 

using QuikChange II Site-Directed Mutagenesis Kits from Agilent. Fast Digestion restriction 

endonuclease and DNA ligase were purchased from Fermentas and NEB, respectively. Detailed 

pathway construction procedure including gene deletion, FAS module, GLY module, ACA 

module and GLY/FAS module with RBS variants can be found in this section. 

Table 5. 1. Strains and plasmids used in this study. 

Plasmid or strain Relevant properties or genotype 
Source or 

reference 

Plasmid   

pETM6 ColE1(pBR322), Ampr, with ePathBrick feature [90] 

pCDM4 CloDF13, Strr, with ePathBrick feature [90] 

pACM4 P15A(pACYC184), Cmr, with ePathBrick feature [90] 
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pCOM4 ColA, Kmr, with ePathBrick feature [90] 

pRSM3 RSF1030, Kmr, with ePathBrick feature [90] 

pKD46 Arabinose inducible, temperature sensitive red recombinase plasmid 

Yale, 

CGSC 

pKD4 Plasmid used for generating FRT-flanked kanamycin resistance cassette 

Yale, 

CGSC 

pCP20 Flippase recombination plasmid, ampicillin resistance 

Yale, 

CGSC 

pCoLA-EcPGK-

EcGAPA pCoLA-Duet with E. coli PGK and E. coli GAPA 
[23] 

pCoLA-EcPDH pCoLA-Duet with E. coli lpdA, aceE and aceF [23] 

pMSD8 pMSD carrying accABCD from E. coli [154] 

pCDM4-pgk pCDM4 carrying E. coli pgk gene 
This 

study 

pCDM4-gapA pCDM4 carrying E. coli gapA gene 
This 

study 

pRSM3-aceE pRSM3 carrying E. coli aceE gene 
This 

study 

pRSM3-aceF pRSM3 carrying E. coli aceF gene 
This 

study 

pRSM3-lpdA pRSM3 carrying E. coli lpdA gene 
This 

study 

pETM6-fabD pETM6 carrying E. coli fabD gene 
This 

study 
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pETM6-fabD* pETM6 carrying E. coli fabD* gene, with internal SalI site eliminated 
This 

study 

pETM6-accA pETM6 carrying E. coli accA gene 
This 

study 

pETM6-accB pETM6 carrying E. coli accB gene 
This 

study 

pETM6-accC pETM6 carrying E. coli accC gene 
This 

study 

pETM6-accD pETM6 carrying E. coli accD gene 
This 

study 

pUC57-BnFatA 
pUC57 carrying codon-optimized Brassica napus fatA (Gene ID: 

X73850.1), Ampr, synthesized from GenScript 

This 

study 

pUC57-CnfatB2 
pUC57 carrying codon-optimized Cocos nucifera fatB2 (Gene ID: 

JF338904.1), Ampr, synthesized from GenScript 

This 

study 

pIDTsmart-EGTE 

pIDTsmart carrying codon-optimized Elaeis guineensis fatty acyl-ACP 

thioesterase (Gene ID: AF110462.1), Ampr, synthesized from Integrated 

DNA Technologies 

This 

study 

pUC57-fabH* 
pUC57 carrying codon-optimized E. coli fabH, Ampr, synthesized from 

GenScript 

This 

study 

pETM6-tesA’ 
pETM6 carrying E. coli truncated tesA’ gene, with N terminal signal 

peptide (25 amino acids) removed 

This 

study 

pETM6-BnFatA 
pETM6 carrying codon-optimized Brassica napus fatA (Gene ID: 

X73850.1) 

This 

study 

pETM6-CnFatB2 
pETM6 carrying codon-optimized Cocos nucifera fatB2 (Gene ID: 

JF338904.1) 

This 

study 

pETM6-EGTE pETM6 carrying codon-optimized Elaeis guineensis fatty acyl-ACP This 
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thioesterase (Gene ID: AF110462.1) study 

pETM6-fabA pETM6 carrying E. coli fabA gene 
This 

study 

pETM6-fabH pETM6 carrying codon-optimized E. coli fabH gene 
This 

study 

pETM6-fabG pETM6 carrying E. coli fabG gene 
This 

study 

pETM6-fabI pETM6 carrying E. coli fabI gene 
This 

study 

pETM6-accABCD pETM6 carrying E. coli four subunits acetyl-CoA carboxylase accABCD  
This 

study 

pACM4-accABCD pACM4 carrying E. coli four subunits acetyl-CoA carboxylase accABCD 
This 

study 

pRSM3-PDH 
pRSM3-PDH carrying E. coli three subunits pyruvate dehydrogenase 

multi-enzyme complex aceE, aceF, lpdA 

This 

study 

pCDM4-pgk-gapA pCDM4 carrying E. coli glycolytic pathway gene pgk, gapA 
This 

study 

pRSM3-GLY 
pRSM3 carrying E. coli glycolytic pathway gene pgk, gapA, aceE, aceF, 

lpdA 

This 

study 

pCDM4-GLY 
pCDM4 carrying E. coli glycolytic pathway gene pgk, gapA, aceE, aceF, 

lpdA 

This 

study 

pETM6-ACA 
pETM6 carrying E. coli fabD* and four subunits acetyl-CoA carboxylase 

accABCD  

This 

study 

pACM4-ACA 
pACM4 carrying E. coli fabD* and four subunits acetyl-CoA carboxylase 

accABCD  

This 

study 
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pCDM4-FAS pCDM4 carrying C. nucifera fatB2 and E. coli fabAHGI 
This 

study 

pACM4- FAS pACM4 carrying C. nucifera fatB2 and E. coli fabAHGI 
This 

study 

pRSM3- FAS pRSM3 carrying C. nucifera fatB2 and E. coli fabAHGI 
This 

study 

pETM6- FAS pETM6 carrying C. nucifera fatB2 and E. coli fabAHGI 
This 

study 

pCOM4- FAS pCOM4 carrying C. nucifera fatB2 and E. coli fabAHGI 
This 

study 

pETM6-eGFP pETM6 carrying  eGFP [90] 

pETM6-[RBS-29]-eGFP 
pETM6 carrying [RBS-29]-eGFP, RBS29 from MIT Registry of Standard 

Biological parts (BBa_B0029) 

This 

study 

pETM6-[RBS-30]-eGFP 
pETM6 carrying [RBS-30]-eGFP, RBS30 from MIT Registry of Standard 

Biological parts (BBa_B0030) 

This 

study 

pETM6-[RBS-31]-eGFP 
pETM6 carrying [RBS-31]-eGFP, RBS31 from MIT Registry of Standard 

Biological parts (BBa_B0031) 

This 

study 

pETM6-[RBS-32]-eGFP 
pETM6 carrying [RBS-32]-eGFP, RBS32 from MIT Registry of Standard 

Biological parts (BBa_B0032) 

This 

study 

pCDM4-[RBS-29]-GLY 
pCDM4 carrying E. coli glycolytic pathway gene pgk, gapA, aceE, aceF 

and lpdA under the control of RBS-29 

This 

study 

pCDM4-[RBS-32]-GLY 
pCDM4 carrying E. coli glycolytic pathway gene pgk, gapA, aceE, aceF 

and lpdA under the control of RBS-32 

This 

study 

pETM6-[ RBS-29]- FAS 
pETM6 carrying C. nucifera fatB2 and E. coli fabAHGI under the control 

of RBS-29 

This 

study 
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pETM6-[ RBS-32]- FAS 
pETM6 carrying C. nucifera fatB2 and E. coli fabAHGI under the control 

of RBS-32 

This 

study 

Strains   

E. coli BL21*  
F– ompT gal dcm lon hsdSB(rB

- mB
-) λ(DE3[lacI lacUV5-T7 gene 1 ind1 

sam7 nin5]) 
Invitrogen 

E. coli BL21*∆fadD E. coli BL21* with chromosomal fadD deleted (fadD::FRT) 
This 

study 

E. coli DH5α 
F- endA1 glnV44 thi-1 recA1 relA1 gyrA96 deoR nupG Φ80dlacZ∆M15 

∆(lacZYA-argF)U169, hsdR17(rK
- mK

+), λ– 

Koffas 

stock 

E. coli K-12 Type strain 
Koffas 

stock 

E. coli BW 27784 
F-∆(araD-araB)567, ∆lacZ4787(::rrnB-3), λ-, ∆(araH-araF)570(::FRT), 

∆araEp-532::FRT, φPcp18araE533, ∆(rhaD-rhaB)568, hsdR514 

Yale, 

CGSC 

 

 

Table 5. 2.   Primers and oligoes used in this study. 

No. Primer name Nucleotide sequence (5’ >3’) 

1 fadD_delFwd 
GGGGTTGCGATGACGACGAACACGCATTTTAGAGGTGAAGAAACACGTCTTGAGC

GATTGTG 

2 fadD_delRvs 
AAAAAACGCCGGATTAACCGGCGTCTGACGACTGACTTAACGCGGGAATTAGCCA

TGGTCCAT 

3 fadD_chkFwd TTGCGATGACGACGAACACG 

4 fadD_chkRvs ATGTTTCGCTTGGTGGTCGA 
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5 tesA'_NdF ATATGGCATATGGCAGCGGACACGTTATTG 

6 tesA'_XhR TCTCGCCTCGAGTTATGAGTCATGATTTAC 

7 FabD_NdF GGAGGCATATGACGCAATTTGCATTTG 

8 FabD_KpnR ATTAGGGTACCTTAAAGCTCGAGCGCCGCTG 

9 FabD_SaF CGAAACGCATTGTGGACACCCTGACC 

10 FabD_SaR GGTCAGGGTGTCCACAATGCGTTTCG 

11 AccA_NdeF GGGCGCATATGAGTCTGAATTTCCTTG 

12 AccA_XhoR ATGGGCTCGAGTTACGCGTAACCGTAGCTC 

13 AccB_NdeF CGGGGCATATGGATATTCGTAAG 

14 AccB_XhoR GGGCTCTCGAGTTACTCGATGACGACC 

15 AccC_NdeF GCGCCCATATGCTGGATAAAATTG 

16 AccC_XhoR GGCGGCTCGAGTTATTTTTCCTGAAGACC 

17 AccD_NdeF GGCTCCATATGAGCTGGATTGAACG 

18 AccD_XhoR GGATTCTCGAGTCAGGCCTCAGGTTCCTG 

19 pgk_NdF GGAGGCATATGTCTGTAATTAAGATGACCG 

20 pgk_XhR TTCTTCTCGAGTTACTTCTTAGCGCGCTCT 

21 gapA_NdF GGAGGCATATGACTATCAAAGTAGGTATCAACGG 

22 gapA_XhR TTCAGCTCGAGTTATTTGGAGATGTGAGCGATC 

23 AE_AsF GGACGATTAATGTCAGAACGTTTCCCAAATGAC 
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24 AE_XhR AAGAACTCGAGCTATTACGCCAGACGCGGGTTAA 

25 AF_NdF GGAGGCATATGGCTATCGAAATCAAAGTACC 

26 AF_XhR GAAGTCTCGAGTTACATCACCAGACGGCG 

27 lpd_NdF GGAGGCATATGAGTACTGAAATCAAAACTCAGG 

28 lpd_XhR AGGAGCTCGAGTTACTTCTTCTTCGCTTTCGG 

29 FabA_NdF GGGCACATATGGTAGATAAACGCGAATCC 

30 FabA_XhR GGACTCTCGAGTCAGAAGGCAGACGTATCC 

31 FabG_NdF GGCGGCATATGAATTTTGAAGGAAAAATCGC 

32 FabG_XhR AATCGCTCGAGTCAGACCATGTACATCCCGC 

33 FabI_NdF GGACACATATGGGTTTTCTTTCCGGTAAGC 

34 FabI_XhR GGAGGCTCGAGTTATTTCAGTTCGAGTTCGTTC 

35 eGFP_NdeF TATACATATGGTGAGCAAGGGCGAGGAGC 

36 RBS29_XbaF CCAGTCTAGAGTTCACACAGGAAACCTACCATATGGTGAGCAAGGGCGAG 

37 RBS30_XbaF CCAGTCTAGAGATTAAAGAGGAGAAATACCATATGGTGAGCAAGGGCGAG 

38 RBS31_XbaF CCAGTCTAGAGTCACACAGGAAACCTACCATATGGTGAGCAAGGGCGAG 

39 RBS32_XbaF CCAGTCTAGAGTCACACAGGAAAGTACCATATGGTGAGCAAGGGCGAG 

40 eGFP_KpnR CGTCGGTACCCTATTACTTGTACAGCTCGTC 
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5.2.1. FAS module construction 

Brassica napus fatty acyl-ACP thioesterase BnfatA (Gene ID: X73850.1), Cocos nucifera fatty 

acyl-ACP thioesterase CnfatB2 (Gene ID: JF338904.1), Elaeis guineensis fatty acyl-ACP 

thioesterase EGTE (Gene ID: AF110462.1), and E. coli β-ketoacyl-ACP synthase III fabH 

(Ecocyc Accession Numbers: EG10277) were codon-optimized and synthesized by GenScript. 

Detailed sequence information is provided in the appendix file. BnFatA, CnFatB2, EGTE and 

fabH were subcloned into pETM6 to give pETM6-BnFatA, pETM6-CnFatB2, pETM6-EGTE and 

pETM6-fabH respectively.  

E. coli β-hydroxy acyl-ACP dehydrase fabA, β-ketoacyl-ACP reductase fabG, enol acyl-ACP 

reductase fabI and multifunctional thioesterase tesA’ gene fragments were PCR amplified from E. 

coli K-12 genomic DNA using primer pairs FabA_NdF/FabA_XhR, FabG_NdF/FabG_XhR, 

FabI_NdF/FabI_XhR and tesA’_NdF/tesA’_XhR, respectively. NdeI/XhoI digested PCR 

fragments were ligated to the NdeI and XhoI digested pETM6 to give constructs pETM6-fabA, 

pETM6-fabG, pETM6-fabI and pETM6-tesA’, respectively. ePathBrick directed gene assembly 

was performed based on these individual constructs [90]. Briefly, pseudo-operon configuration 

was achieved by ligating the AvrII/SalI digested donor construct with the SpeI/SalI digested 

receiver construct. Multi-fragment assembly can be performed in parallel and in rare cases, high 

affinity ApaI site on lacI gene was used (instead of SalI) to balance the insertion and vector size 

and therefore improve the ligation efficiency. Iterative assembly was performed and the final 

construct pETM6-CnFatB2-fabAHGI was named pETM6-FAS. The large fragment of AvrII and 

SalI digested pETM6-FAS was ligated to the AvrII and SalI digested pACM4, pCDM4, pCOM4 

and pRSM3 to give constructs pACM4-FAS, pCDM4-FAS, pCOM4-FAS and pRSM3-FAS, 

respectively. All constructs were screened by restriction enzyme digestion and verified by gene 

sequencing. 
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5.2.2. GLY module vonstruction 

Two rounds of cloning were used to create pCDM4-pgk-gapA. Genes pgk and gapA were PCR 

amplified from pCoLA-EcPGK-EcGAPA using primer pairs pgk_NdF/pgk_XhR and 

gapA_NdF/gapA_XhR, respectively. NdeI and XhoI digested PCR products were ligated to the 

NdeI and XhoI digested pCDM4 to give constructs pCDM4-pgk and pCDM4-gapA, respectively. 

ePathBrick directed gene assembly were used to assemble these two gene fragments [65]. 

Specifically, the small fragment of AvrII and SalI digested pCDM4-gapA was ligated to the SpeI 

and SalI digested pCDM4-pgk to give construct pCDM4-pgk-gapA. 

Three rounds of cloning were used to create pRSM3-PDH. Genes aceE, aceF and lpdA were PCR 

amplified from pCoLA-EcPDH using primer pairs AE_AsF/AE_XhR, AF_NdF/AF_XhR and 

lpd_NdF/lpd_XhR, respectively. NdeI (AseI for aceE) and XhoI digested PCR products were 

ligated to the NdeI and XhoI digested pRSM3 to give constructs pRSM3-aceE, pRSM3-aceF and 

pRSM3-lpdA, respectively. ePathBrick directed gene assembly were used to assemble these three 

gene fragments [65]. Specifically, the small fragment of AvrII and SalI digested pRSM3-lpdA 

was ligated to the SpeI and SalI digested pRSM3-aceF to give construct pRSM3-aceF-lpdA. In 

the same way, AvrII and SalI digested pRSM3-aceF-lpdA was ligated to SpeI and SalI digested 

pRSM3-aceE to give construct pRSM3-aceE-aceF-lpdA. The final construct pRSM3-aceE-aceF-

lpdA was called pRSM3-PDH. 

To construct pCDM4-GLY, the large fragment of AvrII and SalI digested pRSM3-PDH was 

ligated to SpeI and SalI digested pCDM4-pgk-gapA to give construct pCDM4-pgk-gapA-PDH. 

This new construct was renamed pCDM4-GLY. The large fragment of AvrII and SalI digested 

pCDM4-GLY was ligated to the AvrII and SalI digested pRSM3 to give pRSM3-GLY. All the 

five genes in the GLY module were constructed in pseudo-operon conformation. All constructs 

were screened by restriction enzyme digestion and verified by gene sequencing. 
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5.2.3 ACA module construction 

Malonyl-CoA: ACP transacylase gene fabD was PCR amplified from E. coli K-12 genomic DNA 

(prepared by Purelink genomic DNA kits) using primer pair FabD_NdF/FabD_KpnR. NdeI/KpnI 

digested PCR fragments were ligated to the NdeI and KpnI digested pETM6 to give constructs 

pETM6-fabD. SalI site within fadD was silently mutated by site-directed mutagenesis with 

primer pairs FabD_SaF and FabD_SaR to give construct pETM6-fabD*, allowing for the built-in 

SalI site to be unique and be used for the future assembly step.  accA, accB, and accC gene 

fragments were PCR amplified from plasmid pMSD8 provided by Prof. Cronan[133] using 

primer pairs AccA_NdeF/AccA_XhoR, AccB_NdeF/AccB_XhoR and AccC_NdeF/AccC_XhoR, 

respectively. accD fragment was PCR amplified from E. coli K-12 genomic DNA using primer 

pair AccD_NdeF/AccD_XhoR. NdeI/XhoI digested PCR fragments were cloned into the NdeI 

and XhoI site of pETM6 to give constructs pETM6-accA, pETM6-accB, pETM6-accC and 

pETM6-accD respectively. ePathBrick directed gene assembly was performed based on these 

individual constructs [65]. Briefly, pseudo-operon configuration was achieved by ligating the 

AvrII/SalI digested donor construct with the SpeI/SalI digested receiver construct. Multi-

fragment assembly can be performed in parallel and in rare cases, high affinity ApaI site on lacI 

gene was used (instead of SalI) to balance the insertion and vector size and therefore improve the 

ligation efficiency. Iterative assembly was performed and the final construct pETM6-fabD*-

accABCD was named pETM6-ACA. The large fragment of AvrII and SalI digested pETM6-

ACA was ligated to the AvrII and SalI digested pACM4 to give construct pACM4-ACA. 

Intermediate construct pETM6-accABCD and pACM4-accABCD were renamed pETM6-ACC 

and pACM4-ACC, respectively. All constructs were screened by restriction enzyme digestion and 

verified by gene sequencing. 
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5.2.4 Gene deletion 

Gene deletions were performed using the red recombinase based chromosomal gene inactivation 

protocol described by Datsenko and Wanner [187]. Deletion primers (fadD_delFwd and 

fadD_delRvs) with ~45 nt homologous regions were used to PCR-amplify the FRT-flanked 

kanamycin resistance cassette from pKD4. The resulting PCR fragment was then gel-purified and 

transformed into the red-recombinase expressing BL21*(DE3) strain by electroporation. Positive 

knockout strains were screened by colony PCR and verified by gDNA PCR using primer pairs 

fadD_chkFwd and fadD_chkRvs. Finally, the resistance marker was eliminated by expressing the 

flippase recombination enzyme from pCP20. 

5.2.5 GLY and FAS modules with different RBSs 

Standard ribosome binding elements were chosen from MIT Registry of Standard Biological 

Parts and used for primer design (Supplementary Table 2). RBS29-eGFP, RBS30-eGFP, RBS31-

eGFP and RBS32-eGFP were PCR amplified from pETM6-eGFP using primers 

RBS29_XbaF/eGFP_KpnR, RBS30_XbaF/eGFP_KpnR, RBS31_XbaF/eGFP_KpnR and 

RBS32_XbaF/eGFP_KpnR, respectively. Next, XbaI/KpnI digested PCR products were inserted 

into the XbaI and KpnI site of pETM6 to give constructs pETM6-[RBS-29]-eGFP, pETM6-

[RBS-30]-eGFP, pETM6-[RBS-31]-eGFP and pETM6-[RBS-32]-eGFP, respectively. Following 

the pathway construction and gene assembly as described above, the GLY and FAS module were 

subcloned into pETM6-[RBS-29]-eGFP and pETM6-[RBS-32]-eGFP to give constructs pETM6-

[RBS-29]-GLY, pETM6-[RBS-29]-FAS, pETM6-[RBS-32]-GLY and pETM6-[RBS-32]-FAS, 

respectively. Then the AvrII and SalI digested pETM6-[RBS-29]-GLY and pETM6-[RBS-32]-

GLY fragments were ligated to the AvrII and SalI digested pCDM4 to give constructs pCDM4-

[RBS-29]-GLY and pCDM4-[RBS-32]-GLY, respectively. 
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5.2.6 Assay of RBS strength 

Fluorescence signal intensity was used to characterize the RBS strength among the selected 

ribosome binding sites. Host cell BL21*(DE3) transformed with reporter plasmids (pETM6-

[RBSi]-eGFP, i = 1, 2, 3, 4) was grown overnight in LB at 37 °C, 250 rpm. The next morning, 10 

mL fresh LB was inoculated with 8% (v/v) overnight culture in 50 mL corning tubes and grown 

at 37 °C, 250 rpm for approximately 2.5 hours (OD of 0.4 in 96 well plate). Subsequently, 240 µL 

cell culture was transferred to Greiner Bio-one 96-well fluorescence plate (Bio-Greiner, chimney 

black, flat clear bottom) with Eppendorf multi-channel pipette. At the same time, 10 µL of stock 

IPTG solution was added to make a gradient concentration ranging from 0.0128 µM to 5 mM. 

Cells in fluorescence plate were grown at 30 °C with shaking at 220 rpm on a benchtop plate 

shaker (Labnet VorTemp™ 56 shaker incubator). Fluorescence plate was covered and sealed with 

parafilm to prevent any volume loss due to evaporation. Cell optical density and expression of 

green fluorescence protein were simultaneously detected every 30 to 45 minutes using a Biotek® 

Synergy 4 microplate reader. Optical density was read at 600 nm and the excitation and emission 

wavelengths for eGFP were set at 485 ± 20 nm and 528 ± 20 nm, respectively. All experiments 

were performed in triplicates.  

5.2.7 Fatty acids shake-flask fermentation 

Fatty acids production was performed based on a two-step fermentation protocol. A fresh colony 

was picked up from agar plates and inoculated to 3 mL LB with appropriate antibiotics and grown 

at 37 °C overnight. The next morning, overnight cultures were used to inoculate 50 mL fresh LB 

(with appropriate antibiotics) supplemented with 0.2% glucose at 37 °C with orbital shaking at 

250 rpm in 250 mL Erlenmeyer flasks. Gene expression was induced during the mid-exponential 

phase (approximately OD=0.6 in 1cm cuvette) by addition of 1 mM IPTG and the cultures were 

allowed to grow at 30 °C for additional 4 to 6 hours. After induction, the bacterial pellet was 

harvested by centrifugation in 50 mL Corning tubes at 5000×g for 10 min  and gently 
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resuspended with modified M9 medium (1 × M9 salts, 8 g/L glucose, 1 mM MgSO4, 0.1 mM 

CaCl2, 6 µM biotin, 10 nM thiamine, 1 mM IPTG and appropriate antibiotics) to create a culture 

with OD about 15. Antibiotics were added at levels: Ampicillin (70 µg/mL), Chloramphenicol 

(20 µg/mL), streptomycin (40 µg/mL) and kanamycin (40 µg/mL). Fermentation was performed 

in 250 mL flasks with orbital shaking at 250 rpm and 30 °C for 24 hours. All flask culture 

experiments were performed in duplicates. 

5.2.8. Fatty acid fed-batch fermentation 

A detailed fermentation procedure of the fatty acids shake-flask experiments can be found in the 

Supplementary files. For 20-L fed-batch fermentation, strain BL21(DE3) ∆fadD with pCDM4-

[RBS29]-GLY, pACM4-ACA and pETM6-FAS was used to test the fatty acid production 

potential. Frozen stocks were used to inoculate 10 mL MK media (13.5 g/L KH2PO4, 4.0 g/L 

(NH4)2HPO4, 1.7 g/L citric acid, 20 g/L glucose and 10 g/L yeast extract, 10 mL/L trace metals 

and pH adjusted to 6.8 by sodium hydroxide) with appropriate antibiotics in 50 mL corning tubes 

and allowed to grow at 37 °C for 12 hours. Trace metal solution consisted of (per liter of 5M 

HCl) 10.0 g FeSO4·7H2O, 2.0 g CaCl2, 2.2 g ZnSO4·7H2O, 0.5 g MnSO4·4H2O, 1.0 g 

CuSO4·5H2O, 0.1 g (NH4)6Mo7O24·4H2O, and 0.02 g Na2B4O7·10H2O [183]. 10 mL of seed 

culture was inoculated to 200 mL MK media (pH 6.8, with trace metal and appropriate 

antibiotics) and grown at 37 °C for 6 hours. Then 400 mL of seed culture was used to inoculate 

9.6 L MK media (pH 6.8, with trace metal and appropriate antibiotics) in a 20 L BioFlo4500 

Bioreactor (New Brunswick). The bioreactor was controlled at batch mode in the first 8 hours and 

then switched to fed-batch mode by feeding 5 N ammonia hydroxide and 40% glucose (w/w). pH 

was maintained at 6.8 by feeding NH4OH and glucose was fed at a constant flow rate of 1.235 

mL/min with two independently controlled peristaltic pumps. Induction of protein expression was 

performed by adding 2.4 g IPTG and switching the cultivation temperature to 34 °C at 8 hour of 

fermentation (OD = 13). Dissolved oxygen, pH and the amount of glucose fed were collected 
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every 10 seconds using a BioCommand software. Samples were taken every 4 to 6 hours to 

measure cell density, fatty acid production and residual glucose level. 

5.2.9. Fatty acids extraction and analytical procedure 

Free fatty acids were extracted following a modified protocol as described by Voelker [184]. 

Detailed extraction protocol can be found in this section. For quantification, both intracellular and 

extracellular fatty acids were analyzed by GC-MS. 

1 mL of liquid culture was acidified with 100 µL of acetic acid, spiked with 5 µL 10 mg/mL of 

pentadecanoic acid as an internal standard, and partitioned with 3 mL of CHCl3-CH3OH (1:1 by 

volume) in a 6 mL glass vial at room temperature overnight. 0.6 mL of the organic (lower) layer 

was evaporated to dryness using a SpeedVac. The resulting crude fatty acids can be used either 

for HPLC analysis or GC-MS analysis.  

For extracellular fatty acids extraction, 1 mL cell culture was centrifuged at 12,000 rpm for 5 min 

and the supernatant was extracted following the same procedure described above for GC-MS 

analysis. For intracellular fatty acids extraction, 1 mL cell culture was centrifuged at 12,000 rpm 

for 5 min and the cell pellet was resuspended with 1 mL DI water and was extracted following the 

same procedure described above for GC-MS analysis.  

For HPLC analysis, crude fatty acids were mixed with 150 µL 10 mg/mL triethylamine (wt/v, 

acetone solution) and 150 µL 10 mg/mL phenacyl bromide (wt/v, acetone solution). The reaction 

mixture was incubated in a 50 oC water bath for 4 hours. Using pentadecanoic acid as an internal 

standard, the resulting fatty acids phenacyl esters were analyzed at 254 nm by a Agilent 1260 

HPLC system [168] equipped with a ZORBAX SB-C18 column (5µm, 4.6 × 150 mm) kept at 25 

oC and a diode array detector (DAD). The elution profile was 0 to 5 min with 35% acetonitrile 

(ACN), 6 to 10 min with 50% ACN, 11 to 14 min with 85% ACN and 15 to 25 min with 100% 

ACN.  
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For GC-MS analysis, crude fatty acids were re-dissolved in 300 µL 5% (vol/vol) H2SO4 in 

methanol, and incubated in a sealed vial at 80 oC for 4 hours. 300 µL 0.9% (wt/vol) NaCl was 

added to the reaction mixture and the resulting fatty acid methyl esters were extracted with 200 

µL of n-hexane. 1.5 µL of the hexane layer was directly injected to a Shimadzu QP5050-

Quadrupole Gas Chromatograph-Mass Spectrometer for analysis. The temperature profile was 60 

oC for 2.5 min, ramp at a rate of 20 oC/min to 250 oC, ramp at a rate of 10 oC/min to 325 oC and 

hold at 325 oC for 5.5 min. Injection temperature was set at 250 oC and MS scan speed was 2000 

u/sec. GC column was Agilent DB-5 ms with film thickness 0.25 µm, diameter 0.25 mm and 

length 30 m. 

Nile red assay was performed following a modified protocol as described by Cooksey [188] and 

Hoover [189]. 1 mL of cell culture was added to a 1.5 mL microcentrifuge tube and centrifuged at 

16,000×g for ten minutes. The supernatant was decanted and excess media removed via pipetting. 

The cell pellet was gently resuspended in 1 mL of 1x M9 salts. 195 µL of the suspension was 

added to a black, clear-bottomed 96-well plate. Cell density (600 nm) and background 

fluorescence (510 nm excitation, 600 nm emission) was measured in an Envision multilabel plate 

reader (Perkin Elmer). 5 µL of 0.25 mg/mL Nile red in dimethyl sulfoxide was added and mixed 

via pipetting. The mixture was allowed to sit for five minutes and the fluorescence was measured 

as before.  

Residual glucose was analyzed by an Agilent 1260 HPLC system equipped with a ZORBAX 

Carbohydrate column (5µm, 4.6 × 150 mm) kept at 30 °C and a Refractive Index Detector 

(Agilent RID 1260).  The mobile phase contained 50% acetonitrile and 50% water with a flow 

rate of 1 mL/min. Samples were centrifuged at 12,000 rpm for 3 min and 10 µL of supernatant 

was directly injected to HPLC for analysis. The retention time for glucose was around 2.7 min. 
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5.3 Results 

5.3.1. Engineering the fatty acid biosynthetic pathway in E. coli 

A common metabolic engineering strategy to improve product yield is to overexpress bottleneck 

enzymes and knock out competing pathways in order to increase carbon flux towards a pathway 

of interest. As an initial attempt to increase fatty acid production in E. coli, we sought to delete 

the fatty acyl-CoA synthetase (fadD) pathway with two aims: (i) block the fatty acid degradation 

pathway and (ii) relieve the allosteric inhibion of acetyl-CoA carboxylase by the accumulated 

fatty acyl-CoAs [185].  However, the engineered strain yielded only a minor increase in fatty acid 

production (Figure 5.1. b), suggesting that other rate-limiting factors needed to be addressed. 

Coupled with the overexpression of the four subunit acetyl-CoA caboxylase (ACC encoded by 

accABCD) from E. coli to increase carbon flux towards the precursor malonyl-CoA, the modified 

strain demonstrated a 3-fold increase in fatty acid production (Figure 5.1. b).  Indeed, improved 

cellular concentration of malonyl-CoA by expression of E. coli or heterologous ACC has proven 

to be an effective approach to increase the production titer of a range of malonyl-CoA-derived 

compounds including flavonoids [186], polyketides [163] and fatty acids [40,154].  
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Figure 5. 1. Engineering E. coli fatty acid metabolic pathway [14]. (a) E. coli fatty acid biosynthetic 

pathway. Overexpression targets are shown in green color and knockout targets in red. Dash arrows 

represent multiple reaction steps. gapA: glyceraldehyde-3-phosphate dehydrogenase; pgk: 

phosphoglycerate kinase; aceEF and lpdA: pyruvate dehydrogenase multi-enzyme complex; accABCD: 

acetyl-CoA carboxylase; fabD: malonyl-CoA: ACP transacylase; fabH: β-ketoacyl-ACP synthase III; fabG: 

β-ketoacyl-ACP reductase; fabA: β-hydroxy acyl-ACP dehydrase; fabI: enol acyl-ACP reductase; tesA’: 

truncated multifunctional fatty acyl-CoA thioesterase; and fadD: fatty acyl-CoA synthetase. (b) Fatty acid 

production in E. coli BL21∆fadD expressing four subunits of acetyl-CoA carboxylase and plant fatty acyl-

ACP thioesterase quantified by GC-MS and Nile red assay. Bars show fatty acid production analyzed by 
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GC-MS; red star shows fatty acid production analyzed by Nile red assay. BnFatA: Brassica napus fatty 

acyl-ACP thioesterase (Gene ID: X73850.1); CnFatB2: Cocos nucifera fatty acyl-ACP thioesterase (Gene 

ID: JF338904.1); EGTE: Elaeis guineensis fatty acyl-ACP thioesterase (Gene ID: AF110462.1). (c) HPLC 

profile of fatty acids phenacyl esters from engineered strains expressing different thioesterases. 

Further steps to improve fatty acid production in E. coli include cytosolic expression of 

multifunctional fatty acyl-CoA synthetase (tesA’) [40] and plant-derived fatty acyl-ACP 

thioesterases [178] to alleviate the feedback inhibition of β-keto-acyl ACP synthase by the 

accumulated fatty acyl-ACPs [187]. Crude fatty acids were extracted, derivatized and analyzed by 

GC-MS (a representative chromatographic profile can be found in Figure 5.2.). Table 5.3 

summarizes the major fatty acid methyl esters identified from the engineered cell culture. These 

were the methyl ester derivatives of myristic acid (C14:0), palmitoleic acid (C16:1ω7), palmitic 

acid (C16:0), vaccenic acid (C18:1ω7) and stearic acid (C18:0). By expressing a truncated tesA’, 

the fatty acid production was increased by 90% compared with the parental strain (Figure 5.1. b). 

Expression of three different codon-optimized plant fatty acyl-ACP thioesterases (BnFatA, 

CnFatB2 and EGTE) led to the identfication of BnFatA as the best thioesterase to be expressed in 

order to further improve fatty acid production (Figure 5.1. b), albeit at moderate levels. 

Interestingly, we found that the fatty acid composition was dramatically changed as a result of 

expressing different fatty acyl-ACP thioesterases (Figure 5.1. c). Expressing the E. coli native 

thioesterase (tesA’) shifted the fatty acid profile to medium-chain myristic acid (C14:0); whereas 

expressing the Cocos nucifera fatty acyl-ACP thioesterase (CnFatB2) shifted the major fatty 

acids to palmitic acid (C16:0) compared with the parental strain. Detailed fatty acid composition 

can be found in Figure 5.3. As an attempt to develop a rapid fatty acid detection protocol, we also 

compared the quantification results obtained from the GC-MS analysis with those obtained from 

a Nile red assay. The Nile red data shows a very strong correlation with the GC-MS data 

(R2=0.925, Figure 5.1b and Figure 5.4), indicating such an assay could potentially be used as a 

high-throughput screen for identifying the next generation of fatty acid-overproducing mutants. 
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Figure 5. 2.   Representative GC-MS profile of fatty acids methyl esters from metabolically engineered E. 

coli [14]. 

 

Table 5. 3.  GC-MS profile of fatty acids methyl esters from metabolically engineered E. coli. 

Composition Structure 
Retention 
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Lauric acid methyl 

ester 
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Myristic acid methyl 

ester 
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4-

28% 
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methyl ester* 
 11.041 74, 256 / 

9-Hexadecenoic acid 

methyl ester 
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4-
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ester 
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acid methyl ester 16% 

Stearic acid methyl 

ester 
 

12.525 74,298 
14-

22% 

*Pentadecanoic acid is used as internal standard for total fatty acids quantification.  

 

 

 

Figure 5. 3.    Fatty acids composition in E. coli BL21(DE3) expressing the native fatty acyl-CoA 

thioesterase (tesA’) and plant fatty acyl-ACP thioesterase [14]. 
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Figure 5. 4. Standard curve for Nile red assay [14]. Black error bars show standard deviation for Nile red 

assay; blue error bars show standard deviation for GC-MS assay. Red line shows standard curve analyzed 

by linear regression. Strain genotypes: 1, Bl21* (DE3); 2, Bl21∆fadD, 3, Bl21∆fadD with pETM6-ACC; 4, 

Bl21∆fadD with pETM6-tesA'-ACC; 5, Bl21∆fadD with pETM6-BnFatA-ACC; 6, Bl21∆fadD with 

pETM6-CnFatB2-ACC; 7, Bl21∆fadD with pETM6-EGTE-ACC. 

 

In our previous work [186], using a constraint-based flux balance model, we identified gene 

targets whose overexpression and deletion led to a four-fold increase in cellular acetyl-

CoA/malonyl-CoA levels. These targets included overexpression of glycolytic pathway enzymes 

such as glyceraldehyde-3-phosphate dehydrogenase (gapA), phosphoglycerate kinase (pgk) and 

pyruvate dehydrogenase multi-enzyme complex (aceEF and lpdA) along with the expression of 

the ACC pathway. Besides these targets, we also investigated whether the E. coli fatty acid 

synthase multi-enzyme complex (encoded by fabA, fadD, fabG and fabI) would increase the fatty 

acid production. Both glycolytic pathway and fatty acid synthase pathway were assembled onto 

either a high copy number plasmid or a medium copy number plasmid. Overexpression of either 

glycolytic pathway enzymes or enzymes from the fatty acid biosynthetic pathway did improve the 
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production titers in both the tesA’ and CnFatB2 expression strains (Figure 5.5 and Figure 5.6). 

However, coexpression of glycolytic pathway enzymes and fatty acid biosynthetic enzymes led to 

a suboptimal production phenotype (Figure 5.5. and Figure 5.6.), indicating a metabolic 

imbalance between the supply of acetyl-CoA and the consumption of malonyl-CoA. These results 

demonstrate that the relative levels of intermediate metabolites can dramatically affect the 

production potential of an engineered pathway, possibly due to the buildup of toxic intermediates 

which would elicit stress responses detrimental to cell growth [188,189]. 

 

Figure 5. 5.  Fatty acids production in E. coli BL21 expressing tesA’ along with the expression of glycolysis 

pathway and fabADGI pathway [14]. -: absence of genetic modification; +: presence of genetic 

modification; h: genetic modification on a high-copy number plasmid; m: genetic modification on a 

medium-copy number plamid. 
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Figure 5. 6.  Fatty acids production in E. coli BL21 expressing CnFatB2 along with the expression of 

glycolysis pathway and fabADGI pathway [14]. -: absence of genetic modification; +: presence of genetic 

modification; h: genetic modification on a high-copy number plasmid; m: genetic modification on a 

medium-copy number plamid. 

5.3.2. Modular pathway optimization leads to improved free fatty acid production 

Considering the large subsets of engineering targets and their combinations, it is impractical to 

exhaustively explore the entire metabolic space for engineering fatty acid overproduction 

phenotypes. To circumvent these limitations, we took a multivariate-modular approach to 

optimize the metabolic balance between acetyl-CoA-producing pathways and malonyl-CoA-

consuming pathways. Based on the central metabolic pathway architectures (Figure 5.1. a), the E. 

coli fatty acid biosynthetic pathway was decomposed into three modules, (i) GLY module: 

upstream glycolysis module encoded by pgk, gapA, aceE, aceF and lpdA; (ii) ACA module: 

intermediary acetyl-CoA activation module encoded by fabD, accA, accB, accC and accD; and 

(iii) FAS module: downstream fatty acid biosynthetic module encoded by CnfatB2, fabA, fabH, 
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0

250

500

750

1000

1250

 

F
at

ty
 a

ci
ds

 (
m

g/
L)

ACC = accA + accB + accC + accD
GLY = pgk +gapA + aceE + aceF + lpdA

+
+
+
m
h

+
+
+
h
m

+
+
+
-
h

+
+
+
-
m

+
+
+
m
-

+
+
+
h
-

+
+
+
-
-

+
+
-
-
-

+
-
-
-
-

∆fabD
ACC
CnFatB2
GLY
fabADGI

-
-
-
-
-



119 

 

streamlines the process of gene assembly and pathway construction [90], the GLY, ACA and 

FAS modules were successfully expressed on the five compatible ePathBrick vectors (Table 5.1), 

with varying promoter strength, plasmid copy number and antibiotic resistance marker.  

 

Figure 5. 7.  Modular pathway engineering to improve fatty acid production in E. coli [14]. (a) We 

identified three modules in the E. coli fatty acid biosynthetic pathway. GLY module: upstream glycolysis 

module encoded by pgk, gapA, aceE, aceF and lpdA; ACA module: intermediary acetyl-CoA activation 

module encoded by fadD, accA, accB, accC and accD; and FAS module: downstream fatty acid 

biosynthesis module encoded by CnFatB2, fabA, fabH, fabG and fabI. (b) Optimization of fatty acid 

production through balancing the expression of GLY, ACA and FAS modules. Three modules were 

expressed either on (h) high-copy number plasmids (pETM6 or pRSM3), (m) medium-copy number 

plasmid (pCDM4) or (l) low-copy number plasmids (pACM4 or pCOM4). All experiments were performed 

in triplicate and error bars show standard deviation with 95% confidence interval. 
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The upstream module (GLY) comprising the glycolysis pathway provides the acetyl-CoA source 

necessary for fatty acid production; whereas the downstream module (FAS) comprising the fatty 

acid chain initiation /elongation /termination steps provides a malonyl-ACP sink for fatty acid 

production. The two modules were linked and regulated through the intermediary ACA module to 

channel carbon flux from acetyl-CoA to malonyl-ACP (Figure 5.1. a and Figure 5.7. a) and 

enable fatty acid production. By expressing these three modules either on high (h), medium (m) 

or low (l) copy number plasmids (Figure 5.7. b), we have systematically identified conditions that 

optimally balance the expression of acetyl-CoA-producing pathways (GLY module) and malonyl-

ACP-consuming pathways (FAS module). For example, expression of ACA module accompanied 

by the expression of FAS module from low copy number plasmids (hACA-lFAS and lACA-

lFAS) led to a relatively low fatty acid production, possibly due to the accumulated toxic 

malonyl-CoA/ACP intermediates that cannot be accommodated by the capacity of the 

downstream FAS module (Figure 5.7. b). Similarly, the lower production in the hGLY-hACA and 

hGLY-lACA strains can be attributed to the accumulated acetyl-CoA that is detrimental to cell 

growth [189]. Interestingly, expression of the ACA module from low copy number plasmids led 

to higher fatty acid production compared with expression of the ACA module from high copy 

number plasmids, indicating that lower expression of ACA was sufficient to convert acetyl-CoA 

to malonyl-ACP. By expressing the acetyl-CoA source pathways on medium copy number 

plasmids and expressing the malonyl-ACP sink pathways on high copy number plasmids, we 

were able to minimize the accumulation of toxic acetyl-CoA/malonyl-ACP intermediates and 

achieved a total fatty acid production of 1.42 g/L from the optimal strain (mGLY-lACA-hFAS). 

These results indicated that balancing metabolic pathway precursors was an efficient approach to 

unlock the potential of cell metabolism for fatty acid production in E. coli. 
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5.3.3. Improving free fatty acid production by tuning translation rates 

Engineering mutant and hybrid promoters with modified RNA polymerase, activator or repressor 

binding activities has been widely used in metabolic engineering for transcriptional fine-tuning 

and pathway optimization [15,190,191]. However, the genetic recalcitrance of the bacteriophage 

T7 promoter has restricted our ability to manipulate the consensus promoter core sequence (-35 

and -10 region) and the lacI repressor binding region (lacO) [192]. Instead, we opted to refine the 

translation initiation rate of both the GLY and FAS modules to further balance the supply of 

malonyl-CoA and consumption of malonyl-ACP in our expression system. The four RBSs, RBS 

29-32, chosen from the MIT Registry of Biological Standard Parts, were used to replace the 5’-

UTR region (5’-untranslated region) of the native T7 promoter (Figure 5.8. a). To test the 

functionality of engineered RBS variants, enhanced fluorescence protein (eGFP) was used as a 

reporter and the rate of fluorescence change normalized with cell density was used to characterize 

RBS activity (Figure 5.8. b). Results shown here indicate that the engineered RBSs showed 

differential translational activities ranging from 0.18 to 3 relative to RBS32. All the tested T7-

RBS reporters exhibited the desirable on-off switching property with dynamic ranges spanning 

over four orders of magnitude in response to IPTG (Figure 5.8b), indicating the introduced RBS 

didn’t change the T7 promoter functionality.  
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Figure 5. 8.  Tuning ribosome binding sites (RBS) strength to improve fatty acid production in E. coli [14]. 

(a) Selected ribosome binding sites (RBS) are from the MIT Registry of Standard Biological Parts. 

Underscored sequence is RBS core sequence; Italic red sequence shows XbaI site; start codon is shown in 

green color. (b) The dose response of promoter activity to inducer IPTG using five versions of RBS 

harbored by E. coli BL21*(DE3) in LB media at 30 °C. (c) Optimization of fatty acid production through 

balancing the RBS strength of GLY and FAS modules in mGLY-lACA-hFAS construct. GLY and FAS 

modules were expressed either under the control of a weak RBS (RBS32, relative strength 1), moderate 

RBS (RBS29, relative strength 2) or strong RBS (wild type, relative strength 3). All experiments were 

performed in triplicate and error bars show standard deviation with 95% confidence interval. 

With the characterized RBSs, we set out to test if variations of the 5’UTR region in both the GLY 

and FAS modules would impact overall fatty acid production. By placing each of the module 

genes under the control of a strong (native RBS, relative strength 3), moderate (RBS29, relative 

strength 2) and weak (RBS32, relative strength 1) RBS, we combinatorially constructed nine 

strains to identify conditions that could optimize the expression of the GLY and FAS modules 

(Figure 5.8. c). As the downstream pathway (FAS module) expression increases from very low 

levels, fatty acid production also rises initially because of the increased driving force for 

conversion of malonyl-ACPs to the final products. Further increase in the FAS expression led to 
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large disparities in fatty acid production, with maximal production achieved when upstream 

pathway (GLY module) was expressed from a moderate strength RBS. This inconsistency could 

partially be attributed to the metabolic imbalance associated with either depleted or accumulated 

acetyl-CoA flux due to the relatively low or high expression of GLY module. The optimized 

strain (rbs29-mGLY-lACA-hFAS) resulted in a final volumetric production of 2.04 g/L of total 

fatty acids, representing an additional 46% increase compared with the parental strain (mGLY-

lACA-hFAS, 1.4 g/L). 

5.3.4. Fatty Acids Production under Controlled Culture Conditions 

We next tested the fatty acid production of the optimized strains (rbs29-mGLY-lACA-hFAS) in a 

fed-batch 20-L fermenter (working volume: 15L). pH-Stat control and glucose feeding were 

started when the initial glucose (2%) was almost depleted and the dissolved oxygen showed a 

sharp increase (Figure 5.9a). Glucose feeding was limited at a constant flow rate of 1.235 mL/min 

(0.494 gram Glucose/min) to minimize the secretion of toxic byproduct acetic acid. Fermentation 

was ended after around 70 hours of cultivation when all the 4.5 L of 40% glucose was exhausted. 

It was interesting to find that addition of 0.65 mM IPTG at 8 hours of cultivation drove the cell to 

a diauxic growth pattern (Figure 5.9b), accompanied with the slow uptake of oxygen. This 

diauxic growth to a large extent could be attributed to the adjustment of metabolism from cell 

growth to synthesizing recombinant proteins due to the induction of T7 RNA polymerase. After a 

long adaptation period (from 20 hours to 45 hours), cells started to grow slowly with rapid 

glucose and oxygen consumption. The lower specific production rate in the second phase could 

be possibly attributed to the limited oxygen transfer and lower genetic stability of constructed 

pathways in BL21 strains (Figure 5.9. a and Figure 5.10.). At the end of the cultivation, the 

engineered strain (rbs29-mGLY-lACA-hFAS) produced 8.6 g/L of free fatty acids from 110 g/L 

of glucose with a maximal dry cell density 40.86 gDCW/L (optical density was 90.8) and a 

productivity 0.124 g fatty acids/h/L, the highest production titer and productivity reported to date. 
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Figure 5. 9.  Fed-batch fermentation profile of engineered strains in a 20-L bioreactor [14]. (a) Time course 

of dissolved oxygen (DO), pH and the accumulative glucose (in grams) fed during the cultivation under 

controlled pH with 40% glucose (w/w) feeding at a rate of 1.235 mL/min. pH was maintained at 6.8 by a 

PID controller with feeding 5 N ammonium hydroxide. Dissolved oxygen was maintained by sparging the 

fermenter with air or pure oxygen. (b) Time course profile of cell growth (OD), net residual glucose and 

total fatty acid production of the strain BL21∆fadD expressing pCDM4-[RBS29]-GLY, pACM4-ACA and 

pTEM6-FAS in 20-L bioreactor. Net residual glucose was calculated based on the difference between the 

total amount of glucose fed and the instantaneous residual glucose.  
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Figure 5. 10.  Evaluation of genetic stability of pCDM4-GLY in both E. coli BL21 and BW27784 strains 

[14]. pCDM4-GLY (12726 base pairs) was digested with ApaI and XhoI. Six gene fragments (3708bp, 

2716bp, 2075bp, 1607bp, 1442bp and 1178bp) should be expected if the pathway construct is still stable. 

Strains BL21 and BW27784 harboring pCDM4-GLY were subcultured and the plasmids were isolated for 

double digestion analysis every 24 hours for consecutive six days. These five gene pathway (aceE, aceF, 

lpdA, pgk and gapA) remained stable up to 96 hours’ cultivation (L4) but started losing some of the gene 

fragment in day five (L5) and losing almost all the gene fragments in day six (L6) in BL21 strain. In 

BW27784, these five gene pathways remained stable up to 144 hours’ cultivation (W1 through W6). 

5.4 Discussion and conclusion 

Early metabolic engineering studies on fatty acid production have been dedicated to optimizing 

precursor supply and the specificity of plant fatty acyl-ACP thioesterase [20,40,178,193,194]. 

Engineering the reversal of β-oxidation pathway [8] and a dynamic sensor-regulator system [195] 

have also led to the production of fatty-acid-derived long chain chemicals and fuels. Despite these 

achievements, further improvement in fatty acid production requires systematic investigation of 

pathway limitations and removing metabolic constraints that are intrinsic to the tightly regulated 

cell metabolism. As a result, a number of synthetic biology approaches have been proposed to 

balance the precursor flux distribution including modification of plasmid copy number [67], 

promoter strength [93] and gene codon usage [94]. However, most of these approaches are not 

modular and require time-consuming work tweaking the individual pathway components until the 

desired performance is achieved, which greatly compromises our ability to exploit the full 

potential of cell metabolism.  

L1     L2    L3    L4     L5     L6    M    W1   W2   W3   W4   W5   W6 

1607 bp 

3708 bp 

2716 bp 
2075 bp 

1442 bp 
1178 bp 
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Here we demonstrate that E. coli central carbon metabolism can be leveraged to produce large 

quantities of fatty acids, which potentially could be used as renewable fuel alternatives. 

Elimination of the fatty acid degradation pathway by deletion of fatty acyl-CoA synthetase (fadD) 

along with the boosting of rate-limiting precursor (malonyl-CoA) flux by expression of the four 

subunit ACC (accaABCD) led to a strain producing 3-fold more fatty acids. To relieve the 

feedback inhibition of β-keto-acyl ACP synthase (fabB or fabH) caused by the accumulation of 

fatty acyl-ACPs [187], E. coli multifunctional fatty acyl-CoA thioesterase (truncated tesA’) and 

three plant fatty acyl-ACP thioesterases (BnFatA, CnFatB2 and EgTE) were expressed to convert 

fatty acyl-ACPs into fatty acids and terminate the chain elongation cycle. Interestingly, the 

composition and chain length of fatty acids can be controlled by expressing different 

thioesterases, with the native thioesterase (tesA’) producing up to 27.8% of medium chain 

myristic acid and fatB2 from C. nucifera producing up to 55.3% palmitic acid (Figure 5.3.). 

Tailor-made derivatives of such medium chain fatty acids could potentially be used as jet fuels 

supplements due to their extremely low freezing point and high energy density [196].  

In addition to malonyl-CoA, acetyl-CoA has also previously been identified as a rate-limiting step 

for producing a range of recombinant compounds including polyketides [163] and flavonoids 

[186]. Boosting acetyl-CoA flux by overexpressing parts of the glycolytic pathway significantly 

improve fatty acid production. But co-overexpression of the glycolysis pathway and fatty acid 

synthesis pathway led to a suboptimal production, pointing out a metabolic imbalance between 

the production of acetyl-CoA and its subsequent conversion to malonyl-CoA and fatty acids. This 

led us to partition the E. coli central metabolic network into three modules: the acetyl-CoA-

formation module (GLY encoded by pgk, gapA, aceE, aceF and lpdA), acetyl-CoA activation 

module (ACA encoded by accABCD and fabD), and malonyl-ACP-consumption module (FAS 

encoded by fabAHGI and CnfatB2). To unleash the E. coli metabolic potential, multivariate 

modular pathway engineering that focuses on optimizing the expression of these three modules 
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was employed and yielded a 20-fold increase in fatty acid production from shake-flask cultures. 

Further pathway engineering was targeted at tuning the translational efficiency of the precursor 

pathway and fatty acids synthesis pathway, as several studies have shown that protein translation 

efficiency is largely dependent on the 5’UTR and ribosome binding site region [98,197]. 

Expression of acetyl-CoA-producing pathway (GLY module) and malonyl-ACP-consuming 

pathway (FAS module) was balanced by combinatorially altering the strength of ribosome 

binding sites of both GLY and FAS modules. Production potential of the optimal strain was 

tested in a 20-L fed-batch fermenter with constant glucose feeding and a final titer of 8.6 g/L total 

fatty acids was obtained with a productivity of 0.124 g fatty acids/h/L. As a promising alternative 

fuel source, the high yield of free fatty acids achieved in this study may provide an economically 

feasible process for producing fatty acid-derivatized fuels. In addition, the multivariate modular 

strategies used in this study should be directly applicable to engineering microbial production of 

other valuable metabolites, especially ones derived from malonyl-CoA and acetyl-CoA.  
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6. Engineering synthetic malonyl-CoA sensors for dynamic tuning of 

metabolic flux in E. coli 

6.1 Introduction and background 

As heterologous pathways become larger and more complicated, it becomes increasingly difficult 

to optimize them with static regulatory control [198]. Generally, optimization through static 

control is only applicable for a particular environment and any perturbations that are away from 

the prescribed condition would likely result in phenotype instability or suboptimal productivity. 

In contrast to static control, native biological systems typically utilize dynamic regulatory 

networks to control metabolic flux in responding to changing environments (Figure 6.1). For 

example, one of the coherent strategies that occur in most biological systems is gene expression 

regulation through negative/positive feedback control. Mediated by a transcriptional regulator, a 

metabolic intermediate would act as a signaling molecule to induce or repress the expression of 

enzymes responsible for its synthesis or consumption. Nature has evolved this strategy to allow 

metabolic pathways to be dynamically modulated so that cellular resources can be more 

efficiently utilized regardless of the changing environment. In practice, this strategy could be 

applied to pathway optimization in case accumulated toxic intermediates that are detrimental to 

cell growth. For example, a negative feedback loop can be used to control pathways that are 

responsible for intermediate synthesis (Figure 6.1); and a positive feed-forward loop can be used 

to control pathways that are responsible for intermediate consumption. Successful application of 

this optimization strategy would require identification of promoters that are both positively and 

negatively regulated by the same intermediate molecule. Recently, a fatty acyl-CoA responsive 

promoter has been used to dynamically control gene expression involved in biodiesel pathway; 

the resulting dynamic sensor-regulator system has led to a 3-fold increase in FAEEs (fatty acids 

ethyl ester) production compared with using constitutive promoters [199] in E. coli.  
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Figure 6. 1. Synthetic pathway optimization through dynamic regulatory control [209]. Dynamic sensor-

regulator systems use a transcriptional factor that senses a key intermediate and dynamically modulate the 

expression of genes involved in the target pathway. Right panel shows how accumulated intermediates 

affect the promoter activity of the upstream pathway or downstream pathway. Specifically, PD (downstream 

pathway promoter) is positively regulated (upregulated) by the accumulated intermediate; PU (upstream 

pathway promoter) is negatively regulated (down-regulated) by the accumulated intermediate. 

Nature has been found to possess tremendous potential for producing pharmaceutical compounds 

and biofuels through its diversified chemistries involved in different life forms. One particular 

synthetic chemistry endowed by nature is the decarboxylative carbon elongation reaction using 

malonyl coenzyme A as carbon donor. Malonyl-CoA, the basic building block for an array of 

highly-valued compounds including fatty acids, phenylpropanoids and polyketides, is considered 

to be the major bottleneck for cost-efficient production of these compounds. In the last decade, 

substantial effort has been made to engineer the central metabolic pathways of E. coli to improve 

the intracellular level of malonyl-CoA. Developing an engineered malonyl-CoA responsive 

biosensor offers new opportunities to overcome critical limiting steps for biosynthesis of 

pharmaceutical intermediates and biofuels. 
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Figure 6. 2. Naturally existing malonyl-CoA sensor fapR has two functional domains in Bacillus sublitis. 

(This picture was retrieved from Schujman [155]).  A and B show the C-terminal malonyl-CoA binding 

domain of fapR. C shows open form of fapR when malonyl-CoA binds to the C-terminal domain of fapR. 

D shows the closed form of fapR when the fapO operator binds to the N-terminal domain of fapR in the 

absence of malonyl-CoA. The N terminal domain of fapR binds to the big groove of fapO. 

Based on the findings of Schujman [155,200], FapR, is a naturally-existing transcriptional 

regulator involved in the fatty acid biosynthetic pathway of the Gram-positive bacteria Bacillus 

subtilis. Native FapR has two functional domains: the C-terminal ligand-binding domain that can 

specifically recognize the signaling molecule malonyl-CoA; and the N-terminal regulatory 

domain that can specifically bind to a short DNA fragment (fapO) and modulate the expression of 

downstream genes (Figure 6.2). Binding of FapR with fapO (operator region on the fap regulon) 

can block the access of RNA polymerase, and thus repress transcription of the downstream fatty 

acid pathway. On the other hand, binding of malonyl-CoA to the C-terminal domain of FapR  

promotes a conformational change in FapR and leads to its dissociation from fapO, thus relieving 

this transcriptional repression. However, for E. coli, a Gram-negative bacterium, there is no 

reported regulatory protein that can specifically recognize and respond to malonyl-CoA. We 

hypothesize that this malonyl-CoA responsive regulatory control can also be applied to E. coli. 

D C 
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By coupling this transcriptional regulation with an easily detectable GFP reporter, we identified 

two distinct promoters with transcriptional activities either upregulated or downregulated by the 

intracellular malonyl-CoA. The potential application of these findings is that we can dynamically 

control the metabolic flux in both the malonyl-CoA formation pathway and the malonyl-CoA 

consumption pathway to improve the productivity and yield of fatty acids production in E. coli. 

6.2 Materials and methods 

6.2.1. Materials and molecular agents.  

Plasmid construction and DNA manipulations were performed following standard molecular 

cloning protocols. Strains and plasmids used in this study are listed in Table 6.1. All PCR primers 

used for site-directed mutagenesis and gene amplification are listed in Supplemental Table 6.2. 

Plasmid maintenance and propagation were performed using E. coli DH5α strain. Site-directed 

mutagenesis was performed in E. coli BW27784 using QuikChange II Site-Directed Mutagenesis 

Kits from Agilent. The duet vectors pET-Duet and pCDF-Duet were purchased from Novagen. 

All clones were screened by restriction digestion analysis and verified by gene sequencing. 

Table 6. 1. Strains and plasmids used in this study. 

Plasmid or strain Relevant properties or genotype 
Source or 

reference 

Plasmid   

pETDuet-1 ColE1(pBR322), Ampr Novagen 

pCDFDuet-1 CloDF13, Strr Novagen 

pETM6 ColE1(pBR322), Ampr, with ePathBrick feature [90] 

pCDM4 CloDF13, Strr, with ePathBrick feature [90] 
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pACM4 P15A(pACYC184), Cmr, with ePathBrick feature [90] 

pIDTBlue-fapO-

eGFP 
pETM6 carrying fapO operator and eGFP, synthetic gene from IDT This study 

pIDTSmart-fapR pIDTSmart carrying codon optimized fapR,  synthetic  gene from IDT This study 

pUC57-mCherry pUC57 carrying codon-optimized mCherry,  syntheticgene from Genscript This study 

pET-eGFP pETDuet carrying eGFP This study 

pET-fapO-eGFP pETDuet carrying fapO operator and eGFP This study 

pET-eGFP-fapR pETDuet carrying eGFP and fapR This study 

pET-fapO-eGFP-

fapR 
pETDuet carrying fapO operator and eGFP and fapR This study 

pIDTBlue-UAS-

eGFP 
pIDTBlue carrying UAS-eGFP, Ampr, synthesized from IDT This study 

pCDF-fapR pCDF carrying gene fapR This study 

pOM-eGFP pOM carrying eGFP, eGFP is placed after the pGAP promoter This study 

pOM-fapO-eGFP pOM carrying fapO operator and eGFP This study 

pOM-fapO2-eGFP pOM carrying two copies of fapO and eGFP This study 

pOM-fapO3-eGFP pOM carrying three copies of fapO and eGFP This study 

pOM-fapO5-eGFP pOM carrying five copies of fapO and eGFP This study 

pOM-fapO8-eGFP pOM carrying eight copies of fapO and eGFP This study 

pOM-fapO13-

eGFP 
pOM carrying thirteen copies of fapO and eGFP This study 
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pOM-fapO21-

eGFP 
pOM carrying twenty-one copies of fapO and eGFP This study 

pETM6-eGFP pETM6 eGFP This study 

pETM9-eGFP pETM9 carrying eGFP, pETM9 is a variant of  pETM6 without lacO This study 

pETM9-fapO1-

eGFP 
pETM9 carrying fapO operator and eGFP This study 

pETM10-eGFP 
pETM10 carrying eGFP, pETM10 is a variant of pETM6 without the 

upstream leader sequence 
This study 

pETM10-fapO1-

eGFP 
pETM10 carrying fapO operator and eGFP This study 

pCDM4-mCherry-

fapR 
pCDM4 carrying gene mCherry and fapR This study 

pCDM4-fapR pCDM4-fapR This study 

Strains   

E. coli BL21*  
F– ompT gal dcm lon hsdSB(rB

- mB
-) λ(DE3[lacI lacUV5-T7 gene 1 ind1 

sam7 nin5]) 
Invitrogen 

E. coli BL21AI F– ompT gal dcm lon hsdSB(rB
- mB

-) araB::T7RNAP-tetA Invitrogen 

E. coli BL21AI 

∆lacI::KanR 

E. coli BL21AI with lacI gene deletion, lacI was replaced with Kanamycin 

marker 
This study 

E. coli DH5α 
F- endA1 glnV44 thi-1 recA1 relA1 gyrA96 deoR nupG Φ80dlacZ∆M15 

∆(lacZYA-argF)U169, hsdR17(rK
- mK

+), λ– 
Koffas stock 

E. coli BW 27784 
F-∆(araD-araB)567, ∆lacZ4787(::rrnB-3), λ-, ∆(araH-araF)570(::FRT), 

∆araEp-532::FRT, φPcp18araE533, ∆(rhaD-rhaB)568, hsdR514 
Yale, CGSC 
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Table 6. 2. Primers and oligoes used in this study. 

No. Primer name Nucleotide sequence (5’ >3’) 

1 eGFP_Nco AACATTCCATGGTGAGCAAGGGCGAGGAGCTGTT 

2 eGFP_Hin GCCCAAGCTTCTATTACTTGTACAGCTCGTCCATGCCG 

3 eGFP_Nde TATACATATGGTGAGCAAGGGCGAGGAGC 

4 eGFP_Kpn CGTCGGTACCCTATTACTTGTACAGCTCGTC 

5 BAD_NdeF GGAGATATACCATATGGTGAGCAAGGGC 

6 BAD_NdeR GCCCTTGCTCACCATATGGTATATCTCC 

7 BAD_KpnF CAAGTAATAGAAGCTTGGTACCTGTTTTGGCGGATGAG 

8 BAD_KpnR CTCATCCGCCAAAACAGGTACCAAGCTTCTATTACTTG 

9 Nhe_T7IF CTCACTATAGGGGCTAGCAATTGTGAGCGG 

1

0 
Nhe_T7IR CCGCTCACAATTGCTAGCCCCTATAGTGAG 

1

1 
Xba_T7IF CGACTCACTATAGGGGTCTAGAAATTGTGAGCGGATAAC 

1

2 
Xba_T7IR GTTATCCGCTCACAATTTCTAGACCCCTATAGTGAGTCG 

1

3 
lacI_delFw 

CGAATGGCGCAAAACCTTTCGCGGTATGGCATGATAGCGCCCGGAAGAGAGTC

AATTCAGGGTGGTGAATGCATTACACGTCTTGAGCGA 

1

4 
lacI_delRv 

AGCCGGAAGCATAAAGTGTAAAGCCTGGGGTGCCTAATGAGTGAGCTAACTCA

CATTAATTGCGTTGCGCACGGCTGACATGGGAATTAG 
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1

5 
lacI_chkFw GCGGCATGCATTTACGTTGAC 

1

6 
lacI_chkRvP CTTGACAAAAAGAACCGGGC 

1

7 
lacI_chkRvN CTGAGAGAGTTGCAGCAAGC 

1

8 
Apa_InFw CATGCAAGGAGATGGGGCCCAACAGTCCCC 

1

9 
Apa_InRv GGGGACTGTTGGGCCCCATCTCCTTGCATG 

 

6.2.2. T7-based malonyl-CoA sensor construction.  

fapO operator DNA sequence [155] attached with eGFP was synthesized by Integrated DNA 

Technologies (IDT). Detailed sequence and gene context information is provided in appendix file. 

eGFP was PCR amplified from pIDTBlue-fapO-eGFP using primers eGFP_Nco and eGFP_Hin. 

Next, NcoI/HinIII digested PCR products were inserted into the NcoI and HindIII site of pET-

Duet to give construct pET-eGFP. To incorporate fapO into the regulatory region of pET-Duet, 

fapO-eGFP fragment was cut from pIDTBlue-fapO-eGFP using restriction enzymes NheI and 

HindIII. Next, NheI/KpnI digested PCR products were inserted to the XbaI/HindIII site of pET-

Duet to give pET-fapO-eGFP.  

fapR was codon-optimized and synthesizd by Integrated DNA Technologies (IDT). Detailed 

sequence and gene context information is provided in appendix file. Then the fapR gene fragment 

was cut from pIDTBlue-fapR with restriction enzymes NdeI/XhoI. Then this gene fragment was 

inserted to the NdeI and XhoI site of pET-eGFP and pET-fapO-eGFP to give construct pET-
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eGFP-fapR and pET-fapO-eGFP-fapR, respectively. NdeI/XhoI digested fapR fragment was also 

inserted to the NdeI and XhoI site of pCDF-Duet to give pCDF-fapR. 

mCherry was codon-optimized and synthesized from Genscript. Detailed sequence and gene 

context information is provided in appendix file. NdeI/KpnI was used to digest pUC-57 to 

retrieve the gene fragment contains mCherry. This mCherry gene fragment was gel purified and 

ligaed to the NdeI and KpnI digested pCDM4 vector to give pCDM4-mCherry. At the same time, 

NdeI and XhoI digested fapR gene fragment was inserted to the NdeI and XhoI digested pCDM4 

to give pCDM4-fapR. Then the AvrII and SalI digested T7-fapR gene fragment from pCDM4-

fapR was inserted to the SpeI and SalI digested pCDM4-mCherry to give construct pCDM4-

mCherry-fapR. 

6.2.3. pGAP-based malonyl-CoA sensor construction.  

To incorporate fapO into the regulatory region of pOM, fapO-eGFP fragment was cut from 

pIDTBlue-fapO-eGFP using restriction enzymes NheI and HindIII. Next, NheI/HindIII digested 

PCR products were inserted to the XbaI/HindIII site of pOM to give pOM-fapO-eGFP. The 

original XbaI site on pOM was destroyed upon XbaI and NheI ligation and the resulting pOM-

fapO-eGFP contains another copy of XbaI, which can be used for iterative integration of multiple 

copies of UAS in a tandem manner. 

To incorporate different copies of fapO in the pOM vector, NheI and HindIII digested fapO-eGFP 

fragment was inserted to the XbaI and HindIII digested pOM-fapO1-eGFP to give construct 

pOM-fapO2-eGFP. And then NheI and HindIII digested fapO-eGFP fragment was inserted to the 

XbaI and HindIII digested pOM-fapO2-eGFP to give construct pOM-fapO3-eGFP. Repeat this 

process until get the construct with desired copy number of fapO. 
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6.2.4. Assay of sensor activity.  

Fluorescence signal intensity was used to characterize the promoter activity among the 

engineered sensors. Host cell BL21*(DE3) transformed with differen sensor plasmids was grown 

overnight in LB at 37 °C, 250 rpm. The next morning, 10 ml fresh LB was inoculated with 8% 

(v/v) overnight culture in 50 ml corning tubes and grown at 37 °C, 250 rpm for approximately 1 

hours (OD of 0.2in 96 well plate). Subsequently, 240 µl cell culture was transferred to a Greiner 

Bio-one 96-well fluorescence plate (Bio-Greiner, chimney black, flat clear bottom) with 

Eppendorf multi-channel pipette. Then differen level of IPTG and cerulenin was added to the cell 

culture to induce the expression of GFP. Fluorescence plate was covered and sealed with parafilm 

to prevent any volume loss due to evaporation. Cells in fluorescence plate were grown at 37 °C 

with shaking at 300 rpm on a benchtop plate shaker (Labnet VorTemp™ 56 shaker incubator). 

Cell optical density and expression of green fluorescence protein were simultaneously detected 

every 30 to 45 minutes using a Biotek® Synergy 4 microplate reader. Optical density was read at 

600 nm and the excitation and emission wavelengths for eGFP were set at 485 ± 20 nm and 528 ± 

20 nm, respectively. All experiments were performed in triplicates.  

6.2.5. Malonyl-CoA switch activity analysis. 

E coli BL 21 transformed with plasmids pOM-fapO-eGFP and pCDM4-mCherry-fapR was 

grown overnight in LB. Fresh LB (10 mL) was inoculated with 8% (v/v) overnight culture and 

was grown at 37 °C for about 1 hour until the OD reached 0.2. Then different level of cereulenin 

(0, 5, 10, 15, 20, 25, 50 and 100 µM) and 100 µM IPTG were added to each culture. Cell optical 

density (OD), green fluorescence and mCherry fluorescen were simultaneously measured by 

using a Synergy 4 microplate reader. It should be mentioned here that measurement of eGPF (in 

section 6.2.4) was performed with a Tungsten light source with monochrome filter (Ex: 485 ± 20 

nm and Em: 528 ± 20 nm) when only one reporter gene was used. When two reporter genes were 

used, Xenon light source was used and eGFP was measured with excitation wavelength at 470 nm 
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and emission wavelength at 510 nm; and mCherry was measured with excitation wavelength at 

580 nm and emission wavelength at 620 nm. All experiments were performed in triplets. 

6.2.6 Quantative analysis of malonyl-CoA 

E. coli BL21 was preinoculated into fresh LB media and grew at 37 °C overnight. The next 

morning, 10 mL fresh LB was inoculated with 200 µL of overnight culture and grew at 37 °C in a 

50 mL corning tube for about 1 hour until the OD reached 0.2. Then different level of cerulenin 

(0, 5, 10, 15, 20, 25, 50, 100 µM) was added to the culture and grew the cell at 37 °C for 

additional one hour. Chill the cell with ice and centrifuge the culture at 4,500 rpm, 4 °C for 15 

minutes. Discard the supernatant and the cell pellet was resuspened with 1.0 mL 6% perchloric 

acid to facilitate cell lysis. Then 0.3 mL of 3 M potassium carbonate was dripping into the lysis 

solution to neutralize the remaining acid. Centrifuge the lysis solution at 4,500 rpm, 4 °C for 

15min. Then the supernatant was subjected to LC-MS analysis to determine the level of malonyl-

CoA inside the cell [201]. 

6.3 Results 

6.3.1 Design of sensor that responds to both malonyl-CoA and IPTG 

Based on the discoveries of Schujman [155,200], the Gram-positive bacteria Bacillus subtilis fap 

(fatty acids biosynthetic pathway) regulon are negatively regulated by a transcriptional repressor 

encoded by fapR. High level of intracellular malonyl-CoA abolishes this repression and induces 

the expression of fatty acid and phospholipid biosynthetic pathway [155]. On the other hand, 

disruption of fapR-malonyl-CoA interaction will lead to a lethal phenotype in B. subtilis, 

suggesting that modulation of fatty acids biosynthesis in B. subtilis is highly dependent on the 

interaction between fapR and malonyl-CoA. Homology modeling shows that the C-terminal 

domain of fapR, a thioesterase-like domain, can specifically bind to malonyl-CoA; and the N-

terminal helix-turn-helix domain can specifically bind to fapO and block the access of RNA 



139 

 

polymerase.  [155]. Molecular dynamic simulation indicates that binding of malonyl-CoA with 

FapR will promote a conformational change that can propagate to N-terminal domain and 

modulate its DNA binding affinity [155].  

However, in Gram-negative bacteria E. coli, there is no reported regulator protein that can 

recognize malonyl-CoA. Here we aim to engineer this fapR-malonyl-CoA regulation system into 

E. coli and test whether the constructed sensor would respond to malonyl-CoA. A schematic 

representation of the malonyl-CoA sensor is shown in Figure 6.3. In the constructed genetic 

circuits, codon optimized fapR was expressed under the control of a T7 promoter. FapR binding 

site fapO (~35 bp) was inserted inbetween the T7 promoter and lacO operator. Green 

fluorescence protein (GFP) was used as a reporter and expressed under the control of this hybrid 

T7 promoter (T7 promoter with fapO). The expression of GFP was expected to be regulated by 

both IPTG and malonyl-CoA inside the cell. For example, when the malonyl-CoA level was low, 

fapR was expected to bind with fapO and block the access of T7 RNA polymerase and repress the 

expression of GFP. However, when the malonyl-CoA level is high, binding of malonyl-CoA with 

fapR would disrupt the interaction between fapR and fapO and therefore the transcriptional 

repression would be relieved.   
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Figure 6. 3.  Synthetic gene circuit regulated by both IPTG and malonyl-CoA. GFP signal can be used to 

monitor the intracellular level of malonyl-CoA. T7: an inducible strong promoter from T7 bacteriophage; 

lacO: lacI repressor binding site; lacI: a transcriptional repressor protein that specifically binds to lacO and 

block the access of T7 RNA polymerase; fapO: fapR repressor binding site (~35bp); fapR (Bacillus subtilis 

fatty acid biosynthetic pathway repressor): a transcriptional repressor protein specifically binds to fapO and 

prevent the transcription of the downstream gene; eGFP: enhanced green fluorescence protein. 

In addition to the above-mentioned sensor, we also attempted to test if the introduced fapO or 

fapR would interfere with the transcriptional activity of the original T7 promoter. Here we 

constructed three additional circuits (Table 6.3) and used these as negative controls to investigate 

whether the constructed circuits are functional or not. 
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Table 6. 3.  Construction of malonyl-CoA sensor with different regulatory architectures. The first two 

sensors will be used as negative controls to test the functionality of the last two sensors. 

Sensor name fapO eGFP fapR Diagram 

lacO-eGFP - + - 
 

lacO-fapO-eGFP + + - 
 

lacO-eGFP + lacO-

fapR 
- + + 

 

lacO-fapO-eGFP + 

lacO-fapR 
+ + + 

 

 

Next we set about to test the transcriptional activity of the constructed malonyl-CoA sensors. E . 

coli cell transformed with different sensor construct was grown in LB and induced with different 

concentrations of IPTG. Real time fluorescence signal and cell optical density were 

simultaneously recorded by a Biotek Synergy 4 microplate reader (Figure 6.4, here just shows 

fluorescence data).  

When we just compare the results obtained in (a) T7-lacO-eGFP and (b) T7-lacO-fapO1-eGFP 

(Figure 6.4), it’s interesting to find that incorporation of fapO actually made the T7 promoter 

more transcriptionally competent, indicating that fapO could possibly  disrupt the interaction 

between lacI repressor and lacO operator and therefore up-regulated or activated gene expression 

from T7 promoter. When FapR was expressed under the control of an independent T7 promoter 

in (c) and (d), it’s interesting to find that the transcriptional activity of T7 promoter was decreased 

T7

lacO

eGFP

T7 eGFP

lacO fapO

T7

lacO

eGFP T7

lacO

fapR

T7

lacO

fapRT7 eGFP

lacO fapO
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substantially compared with (a) and (b) constructs. This tells us that the Bacillus transcriptional 

factor FapR could possibily work as a regulatory repressor in the T7 expression system, either by 

directly interacting with lacO in (c) or interacting with fapO1 in (d) (althouth lacO is not the 

cognate DNA binding site for fapR). In the meanwhile, the hybrid promoters in (c) and (d) 

exhibited biphase kinetics. This biphase kinetics to a large extent could be attributed to the 

sequential expression of the two repressors inside the cell: the constitutive expression of lacI 

repressor and IPTG-inducible expression of fapR. In the first phase (t < 300 min), the 

transcriptional activity of this hybrid promoter was dominated by lacI repressor and we get 

increased promoter activity when we increase the level of IPTG; in the second phase (t > 300 

min), the transcriptional activity of this hybrid promoter was dominated by fapR repressor and we 

get decreased promoter activity when we increase the expression level of fapR by increasing 

IPTG. 

It can also be deduced that FapR has a longer half-life time (or a stronger binding affinity toward 

lacO) so that the binding of fapR with lacO or fapO1 was very tight and the fluorescence signal 

started to decrease when there is significant amount of fapR expressed (IPTG > 10 µM). From 

these data, it is still unclear that how the transcriptional activities of these hybrid synthetic 

promoters would correlate with the level of malonyl-CoA inside the cell. In the next section, we 

will investigate how the phase I and phase II dynamic promoter activity would change at different 

level of malonyl-CoA. 
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Figure 6. 4.   Characterization of the transcriptional activity of hybrid T7 promoter incorporating Bacillus 

fapR and fapO regulatory elements in E. coli BL21 grown in LB and induced with IPTG. (a) BL21* 

transformed with T7-lacO-eGFP; (b) BL21* transformed with T7-lacO-fapO-eGFP; (c) BL21* transformed 

with T7-lacO-eGFP and T7-lacO-fapR; (d) BL21* transformed with T7-lacO-fapO-eGFP and T7-lacO-

fapR. 

6.3.2 Titrate malonyl-CoA concentration in strains with cerulenin supplementation 

Due to the fact that malonyl-CoA is not cell permeable, we cannot test the transcriptional activity 

of the hybrid promoter by directly adding malonyl-CoA into the cell culture. Because malonyl-

CoA is an active CoA-ester intermediate, extraction and detection of intracellular malonyl-CoA 

would require efficient quenching and protection agents as well as complicated analytical 

techniques. It is impossible to titrate the malonyl-CoA level for each of the tested strain. To 

simplify this process, we attempted to use chemical inhibitors that canblock the E. coli native 
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fatty acids pathway and force the cell to build up malonyl-CoAs. Previous studies have shown 

that cerulenin was a putative fatty acid synthase inhibitor and the effective inhibition 

concentration has been determined as 10~100 µM (around 2-20 µg/mL) in both mammalian cells 

[202] and bacterial cells [203]. Next we titrated the intracellular malonyl-CoA in the wild type 

strain E. coli BL21 when different level of cerulenin was supplemented to the cell. Results shown 

here indicate that the level of malonyl-CoA inside the cell was positively correlated with the level 

of cerulenin that was supplemented to the cell (Figure 6.5.). With cerulenin as a chemical 

inhibitor to force the cell to build up malonyl-CoA, we set about to test whether the constructed 

sensors would respond to malonyl-CoA or not. 

 

Figure 6. 5.  Supplementation of cerulenin leads to increased malonyl-CoA in E. coli BL21*. E. coli BL21 

culture was supplemented with different level of cerulenin and the intracellular malonyl-CoA was detected 

by LC-MS at exponential phase of cell cultivation. 

6.3.3 T7-based malonyl-CoA sensor with cerulenin supplementation 

We then tested the transcriptional activity of the four hybrid T7 promoters by supplementing 

different level of cerulenin (Figure 6.6~6.9). We observed that green fluorescence was linearly 

increased with time after a short time window (about 90 minutes) in all the four tested constructs. 

With the expression of fapR, both the sensor constructs T7-lacO-eGFP-T7-lacO-fapR (Figure 
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6.8) and T7-lacO-fapO1-eGFP-T7-lacO-fapR (Figure 6.9) show decreased transcriptional activity 

compared to the two control circuits (Figure 6.6. and Figure 6.7.), suggesting that FapR can act as 

a repressor in this T7-based transcription system. It’s to be noted here that lacO is not the cognate 

DNA binding site for fapR, we hypothesize that fapR can cross-communicate with lacO and 

repress the gene expression in the sensor T7-lacO-eGFP-T7-lacO-fapR (Figure 6.8.). It’s 

interesting to find that the transcriptional activity of the two sensor constructs (Figure 6.8. and 

Figure 6.9.) were substantially increased with increasing level of cerulenin supplemented to the 

cell, indicating that increased malonyl-CoA could lead to a derepression in the sensor constructs. 

We found the similar biphasic kinetics when fapR was expressed in the two sensor constructs 

(Figure 6.8 and Figure 6.9). However, when the level of cerulenin was increased to 100 µM, the 

biphasic kinetics was completely disappeared, probably becasue increased malonyl-CoA has 

disrupted the interaction between fapR and T7 promoter and the transcriptional activities of these 

two sensors were rescued. 
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Figure 6. 6.  Gene expression dynamics of hybrid T7 promoter lacO-eGFP at different level of cerulenin 

and IPTG. (a) Cerulenin: 0 µM; (b) Cerulenin: 5 µM; (c) Cerulenin: 25 µM; (d) Cerulenin: 100 µM. 
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Figure 6. 7.  Gene expression dynamics of hybrid T7 promoter lacO-fapO1-eGFP at different level of 

cerulenin and IPTG. (a) Cerulenin: 0 µM; (b) Cerulenin: 5 µM; (c) Cerulenin: 25 µM; (d) Cerulenin: 100 

µM. 
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Figure 6. 8.   Gene expression dynamics of T7-based malonyl-CoA sensor lacO-eGFP at different level of 

cerulenin and IPTG. (a) Cerulenin: 0 µM; (b) Cerulenin: 5 µM; (c) Cerulenin: 25 µM; (d) Cerulenin: 100 

µM. 
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Figure 6. 9.   Gene expression dynamics of T7-based malonyl-CoA sensor lacO-fapO1-eGFP at different 

level of cerulenin and IPTG. (a) Cerulenin: 0 µM; (b) Cerulenin: 5 µM; (c) Cerulenin: 25 µM; (d) 

Cerulenin: 100 µM. 
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associated promoter activity change, we have examined the relative transcriptional activity fold 

change in the four tested sensors (Figure 6.10).  

 

Figure 6. 10.   Phase I relative transcriptional activity fold change at different level of cerulenin. (1) 

Relative promoter activity of circuit lacO-fapO-eGFP with respect to lacO-eGFP; (2) Relative promoter 

activity of circuit lacO-fapO-eGFP-lacO-fapR with respect to lacO-eGFP-lacO-fapR; (3) Relative promoter 

activity of circuit lacO-fapO-eGFP-lacO-fapR with respect to lacO-fapO-eGFP and (4) Relative promoter 

activity of circuit lacO-eGFP-lacO-fapR with respect to lacO-eGFP. 
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supplemented to the cell was increased (Figure 6.10, group 3). For example, when the level of 

cerulenin supplemented to the cell was low (0 µM), the transcriptional activity of the sensor 

circuit lacO-fapO-eGFP-lacO-fapR showed about 25% of the transcriptional activity of the 

control circuit lacO-fapO1-eGFP. On the other hand, when cerulenin supplemented to the cell 

was high (100 µM), the transcriptional activity of the sensor circuit lacO-fapO-eGFP-lacO-fapR 

showed about 80% of the transcriptional activity of the control circuit lacO-fapO1-eGFP. 

Similarly, increased cerulenin supplementation also led to increased promoter activity in the 

sensor constructs without fapO (Figure 6.10, group 4). Since the level of malonyl-CoA was 

positively correlated with the level of cerulenin supplemented to the cell, it is postulated here that 

fapR could be a repressor for T7-based malonyl-CoA sensor and the constructed sensors showed 

increased transcriptional activity when we increased the level of malonyl-CoA inside the cell. 

6.3.5 Phase II kinetics of T7-based malonyl-CoA sensor 

The rate of fluorescence change normalized with cell density was used to characterize the 

promoter activity. Here we also summarized the phase II promoter activity (Figure 6.11.) in the 

two sensor constructs (Figure 6.8. and Figure 6.9.). As shown in Figure 6.11, the second phase 

shows inhibition kinetics at low concentration of malonyl-CoA. For example, the promoter 

activity increased initially when the level of cerulenin supplemented to the cell is low, but started 

declining after a peak. However when the level of cerulenin was increased to 100 µM, the 

inhibition kinetics was completely disappeared. Based on the fact that increased cerulenin would 

lead to increased malonyl-CoA,this could possibly be the evidence that increased malonyl-CoA 

would disrupt the interaction between fapR and T7 and therefore the promoter activity was 

rescued. Consistent with the fist phase kinetics, we obtained increased promoter activity when we 

increased the level of cerulenin supplemented to the cell (Figure 6.11.).  
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Figure 6. 11.    Phase II transcriptional activity of T7-based malonyl-CoA sensor at different level of 

cerulenin. (a) sensor construct without fapO; (b) sensor construct with fapO. 

In conclusion, the T7-based malonyl-CoA sensor discussed here has been successfully applied to 

capture the intracellular malonyl-CoA profile when cerulenin was supplemented to the cell. More 

importantly, the constructed promoter-regulator system might be used to dynamically modulate 

gene expression in a malonyl-CoA-dependent manner. 
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In this section, we tested the transcriptional activity of a different malonyl-CoA sensor 
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responsible for the transcription of the glycolytic pathway gene gapA encoding the enzyme 

glyceraldehyde-3-phosphate dehydrogenase. Similarly, we have investigated how the promoter 

activity would change in responding to different level of malonyl-CoA. We have examined the 

gene expression dynamics in both the control circuit pGAP-fapO1-eGFP/pCDF-empty (Figure 

6.12) and the sensor circuit pGAP-fapO1-eGFP/pCDF-fapR (Figure 6.13) at different level of 

IPTG and cerulenin. Unlike the T7-based sensor system, we found that the control circuit pGAP-
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fapO1-eGFP/pCDF-empty showed decreased transcriptional activity with increasing level of 

IPTG supplemented to the cell (Figure 6.12.). This is not unusual since the T7-based phage 

transcription system works more efficiently than the E. coli native transcription system. The 

induction of T7 RNA polymerase will compete with the E. coli native RNA polymerase for gene 

transcription. Thus the native E. coli promoter pGAP appeared repressed with the addition of 

IPTG. The level of cerulenin just slightly affected the transcriptional activity of the control 

circuits (Figure 6.12.).  

Most strikingly, we found that the transcriptional activity of the sensor circuit pGAP-fapO1-

eGFP/pCDF-fapR was dramatically increased when cerulenin supplemented to the cell was low 

(Figure 6.13. a and 6.13. b), indicating that fapR might be an activator for pGAP promoter. At the 

same time, the sensor constructs exhibited increased promoter activity with increasing level of 

IPTG supplemented to the cell, persumably due to the increased amoung of fapR activator 

expressed in the cell. On the contrary, when the level of cerulenin supplemented to the cell was 

high (100 µM, Figure 6.13d), the transcriptional activity of the sensor circuit pGAP-fapO1-

eGFP/pCDF-fapR was decreased and followed the pattern as it was in the control circuit, 

indicating that increased malonyl-CoA might disrupt the interaction between fapR and pGAP and 

lead to a deactivation in the pGAP promoter.  
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Figure 6. 12.    Gene expression dynamics of control circuit pGAP-fapO1-eGFP/pCDF-Empty at different 

level of cerulenin and IPTG. (a) Cerulenin: 0 µM; (b) Cerulenin: 5 µM; (c) Cerulenin: 25 µM; (d) 

Cerulenin: 100 µM. 
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Figure 6. 13. Gene expression dynamics of sensor circuit pGAP-fapO1-eGFP/pCDF-fapR at different level 

of cerulenin and IPTG. (a) Cerulenin: 0 µM; (b) Cerulenin: 5 µM; (c) Cerulenin: 25 µM; (d) Cerulenin: 100 

µM. 
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activity of the control circuit (Figure 6.14. a) remained constant with increasing level of cerulenin 

supplemented to the cell. However, the transcriptional activity of the sensor circuit (Figure 6.14. 

b) was decreased when the supplemented cerulenin was increased from 0 µM to 100 µM. We 

hypothesize here that fapR would bind with fapO and activate gene expression from pGAP 

promoter. One possibility is that the binding of fapR with fapO will stabilize the pGAP-RNAP 

complex and thus the pGAP promoter becomes more transcriptionally competent. With 

increasing level of cerulenin supplemented to the cell, the pGAP promoter becomes less 

transcriptionally competent due to the inactivation of fapR by malonyl-CoA.  

 

Figure 6. 14.    Gene expression dynamics of control circuit pGAP-fapO-eGFP (a) and sensor circuit 

pGAP-fapO-eGFP/pCDF-fapR (b) at different level of cerulenin. E coli BL21 transformed with either the 

control circuit or the sensor circuit was grown in LB at 37 °C and supplemented with100 µM IPTG. 

In order to test this hypothesis, we constructed a series of pGAP-based malonyl-CoA sensors with 

different copies of fapO (Figure 6.15.). For the sensor construct without any fapO (N=0, Figure 

6.15. a), what we expect was that the transcriptional activity would be restored to the level of the 
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else other than the fapO site. In the meanwhile, we obtained decreased promoter activity when we 

increased the number of fapO in the sensor constructs (Figure 6.15. b). This decrease in promoter 

activity could possibly be the spacing issue between the promoter region and reporter gene, as 

increased transcription distance would decrease the mRNA stability. Taken together, it can be 

summarized that fapR is an activator for pGAP promoter and increased malonyl-CoA will lead to 

the deactivation in the pGAP promoter.  

 

Figure 6. 15.  Transcriptional activity of pGAP-based malonyl-CoA sensor with different copies of fapO. 

(a) Sensor without any fapO (N=0) and with one copy of fapO (N=1); (b) Sensors with different copies of 

fapO (N=1, 2, 3, 5, 8, 13 and 21). pGAP-eGFP and pGAP-fapO-eGFP serve as the control circuits for 

sensor pGAP-eGFP/pCDF-fapR (N=0) and pGAP-fapO-eGFP/pCDF-fapR (N=1), respectively. E coli 

BL21 transformed with either the control circuit or the sensor circuit was grown in LB at 37 °C and 

supplemented with100 µM IPTG. The level of malonyl-CoA was titrated based on the cultivation of the 

wild type strain supplemented with different level of cerulenin. 
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constructed two additional sensors without the lacO operator site (Figure 6.16.). What we expect 

was that the promoter activity in these two sensors would be restored to the level of the control 

circuit. However, the transcriptional activity obtained in the sensors without lacO only represents 

5% to 55% of the transcriptional activity in the control circuit (Figure 6.16.), indicating fapR 

repressor binding site resides in somewhere elese other than the lacO region. At the same time, in 

all the tested sensors, we obtained increased relative promoter activity when we increased the 

level of malonyl-CoA inside the cell, simply because malonyl-CoA could disrupt the interaction 

between fapR and T7 promoter and thus cause a derepression in the hybrid promoters.  It’s 

concluded here that fapR is a repressor for T7-based malonyl-CoA sensor and increased malonyl-

CoA will lead to the derepression in T7 promoter.  

 

Figure 6. 16.   Relative promoter activity in T7-based malonyl-CoA sensors with or without lacO. 

Construct without fapR (green star) serves as the control circuit for the sensor constructs. E coli BL21 

transformed with either the control circuit or the sensor circuit was grown in LB at 37 °C and supplemented 

with100 µM IPTG. The level of malonyl-CoA was titrated based on the cultivation of the wild type strain 

supplemented with different level of cerulenin. 
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It’s interesting to find that FapR can act either as a repressor or an activator for two different 

promoters. And the level of activation or repression is dependent on the level of malonyl-CoA 

inside the cell. Since fapO is not the fapR activator biding site in pGAP promoter and lacO is not 

the fapR repressor binding site in T7 promoter, we can postulate that there must be some 

conserved region in both pGAP promoter and T7 promoter that is interacting with fapR and 

therefore regulate the promoter activity in these two promoters.  

 

Figure 6. 17.    Deletion of the upstream sequence restored the promoter activity in T7-based malonyl-CoA 

sensor. E coli BL21 transformed with either the control circuit or the sensor circuit was grown in LB at 37 

°C and supplemented with100 µM IPTG. The level of malonyl-CoA was titrated based on the cultivation of 

the wild type strain supplemented with different level of cerulenin. 

Sequence alignment revealed an identical upstream sequence (~ 90 bp) in both T7 promoter and 
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transcriptional regulator binding sites (Table 6.4.), adding another piece of evidence that fapR 

might interact with this region and regulate gene expression in both the pGAP and T7 promoter. 

Table 6. 4.   Sequence blasting identified multiple transcriptional regulator binding sites in the conserved 

DNA region. 

Name Region Sequence 

YqhC DNA-binding transcriptional activator E. coli (3152649..3152661) cgccgccgcaagg 

MalT transcriptional activator E. coli (421689..421700) tcctgcattagg 

YhaJ DNA-binding transcriptional regulator E. coli  (3252155..3252166)  ccgccgccgcaa 

 yfiV, putative transcriptional regulator (MarR family) B. subtilis (916355..916366) aagcagcccagt 

 

6.4.3 Control gene expression by malonyl-CoA responsive switches 

With the two sensors that were either upregulated or downregualted by malonyl-CoA, we set 

about to test if we could integrate both the pGAP-based malonyl-CoA sensor and T7-based 

malonyl-CoA sensor to control the expression of two reporter proteins.  As shown in Figure 6.18, 

when the level of malonyl-CoA is low, fapR will activate pGAP promoer and turn on the 

expression of eGFP. At the same time, fapR will repress T7 promoter and turn off the expression 

of mCherry. On the other hand, when the level of malonyl-CoA is high, malonyl-CoA will disrupt 

the interaction between fapR the two promoters.  We will get a deactivation in pGAP promoter 

and a derepression in T7 promoter. For example, the expression of GFP will be turned off and the 

expression of mCherry will be turned on. In this way, the expression of eGFP and mCherry can 

be flipped over between the on and off states, which are solely dependent on the level of malonyl-

CoA inside the cell. As a proof of concept, we have experimentally validated that the expression 

of the two reporter proteins can be switched between two distinct states (Figure 6.18.). For 
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example here, when malonyl-CoA is low (< 0.4 nmol/mgDW), we get relatively higher promoter 

activity in pGAP but lower promoter activity in T7; when malonyl-CoA is high (> 0.8 

nmol/mgDW), we get relatively higher promoter activity in T7 but lower promoter activity in 

pGAP. 

 

Figure 6. 18. Control gene expression by malonyl-CoA responsive switches. Mal-CoA: malonyl-CoA. E 

coli BL21 transfored with pGAP-fapO-eGFP and pCDM4-mCherry-fapR was grown in LB 37 °C and 

supplemented with100 µM IPTG. Cell density, green fluorescence and mCherry fluorescene were 

simultaneously measured by a Synergy 4 Biotek plate reader with Xenon as light source. The level of 

malonyl-CoA was titrated based on the cultivation of the wild type strain supplemented with different level 

of cerulenin. 
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7. Conclusions, future work and perspectives 

7.1 Conclusions 

An integrated computational and experimental study for overproducing flavanones has been 

performed in E. coli. By using a constraints-based flux balance model OptForce, we have 

identified a minimal set of genetic interventions that guarantee a pre-specified yield of malonyl-

CoA in E. coli. We have constructed an E.coli recombinant strain that exhibited a 4-fold increase 

in the levels of malonyl-CoA with gene overexpressions and deletions predicted by the OptForce 

model. We demonstrated the engineered strains could produce up to 0.45 g/L of naringenin in 

flask fermentations. 

We have engineered a versatile gene assembly platform ePathBricks for rapid design and 

construction of metabolic pathways in E. coli. The ePathBrick vectors comprise four compatible 

restriction enzyme sites allocated on strategic positions so that different regulatory control signals 

can be reused and manipulation of expression cassettes can be streamlined. These vectors allow 

for fine-tuning gene expression by integrating multiple transcriptional activation or repression 

signals into the operator region. ePathBrick vectors support the modular assembly of multigene 

metabolic pathways (up to 40 Kb) and combinatorial generation of pathway diversities with three 

distinct configurations (operon, pseud-operon and monocistronic). 

A modular pathway engineering strategy has been employed to optimize the multi-gene fatty 

acids pathway in E. coli. We have systematically optimized the transcriptional levels of three sub-

pathway modules and identified conditions that balance the supply of acetyl-CoA and 

consumption of malonyl-CoA/ACP. Refining protein translation efficiency by customizing 

ribosome binding sites for both the upstream acetyl coenzyme A formation and the downstream 

fatty acid synthase module enabled further production improvement. Fed-batch cultivation of the 

engineered strain resulted in a final fatty acid production of 8.6 g/L. 
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We have engineered a synthetic malonyl-CoA controller that can be used for dynamic tuning of 

metabolic flux in E. coli. We have identified a dual regulator which can act either as an activator 

or a repressor for two different promoters. And the level of activation or repression is dependent 

on the level of malonyl-COA inside the cell. As a proof of concept, we demonstrated that the 

expression of two reporter proteins can be exclusively switched between the on and of state. The 

implication of these findings is to dynamically control metabolic flux in both the malonyl-CoA 

soruce pathway and malonyl-CoA sink pathway and maximize the production of fatty acids or 

flavonoids in E. coli 

Overall, this research will provide an intellectual foundation as to how synthetic biology can be 

used to assist the design, construction and optimization of metabolic pathways. This dissertation 

also adds the strength that metabolic engineering and synthetic biology can be integrated to create 

tailor-made cell factories for the manufacturing of fuel and pharmaceutical molecules in 

microorganisms. 

7.2 Future work 

Despite these achievements, there are still some unclear issues regarding the last part of this 

research. We havn’t reached a clear understanding how the regulator protein FapR will physically 

interact with T7 promoter and pGAP promoter. To answer these questions, we decide to use the 

surface plasmon resonance (SPR) chip to test which part of the promoter will interact with FapR. 

Specifically, biotinylated nucleotides that carry the fapO, lacO and the upstream conserved region 

will be applied to the streptavidin SPR chip. Purified FapR protein will be also applied to the 

chip. Then the molecular interaction between FapR protein and the nucleotides will be detected 

due to the resonance effects 

Regarding the design of the T7-based malonyl-CoA sensor, there are still some drawbacks and 

weakness in this research. For example, expression of FapR from T7 promoter has convoluted the 
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data analysis and interpretation process. A better design is to use an orthogonal promoter (such as 

pBAD, or aTC-inducible promoter) to express protein FapR, thus decoupling the expression of 

fapR with the IPTG-inducible expression of GFP. Alternatively, FapR regulator protein can be 

expressed from a constitutive promoter or be incorporated into the genome of E. coli. 

 

Figure 7. 1. Schematic representation of synthetic malonyl-CoA controller for dynamic tuning of metabolic 

flux in E. coli. Mal-CoA: malonyl-CoA; FA pathway, fatty acid pathway; ACC: acetyl-CoA carboxylase. 

The implication of this study is that we can use this malonyl-CoA switch for dynamic tuning of 

metabolic flux in E. coli.  Specifically, the malonyl-CoA source pathway will be expressed under 

the pGAP promoer and the malonyl-CoA sink pathway will be expressed under the T7 promoter 

(Figure 7. 1.). When the level of malonyl-CoA is low, fapR will activate pGAP promoter and turn 

on the gene expression in malonyl-CoA source pathway. At the same time, fapR will repress T7 

promoter and turn off the gene expression in malonyl-CoA sink pathway. Once the malonyl-CoA 

reaches a critical concentration, malonyl-CoA will disrupt the interaction between these two 

promoters. As a result, the pGAP promoter will be deactivated so that the expression of the 

malonyl-CoA source pathway will be turned off; and the T7 promoter will be derepressed so that 

the expression of malonyl-CoA sink pathway will be turned on. By engineering this synthetic 

malonyl-CoA controller, we envision that both the malonyl-CoA source pathway (ACC) and the 

malonyl-CoA sink pathway (FAS) can be dynamically modulated so that carbon flux can be 
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efficiently redirected to the fatty acid pathway. Implementation of this dynamic control will 

maintain the malonyl-CoA at the optimal level and improve both the productivity and yield of 

fatty acids in E. coli. 

7.3 Perspectives 

As witnessed by these endeavors, the advances in synthetic biology have greatly speeded up our 

ability to design, construct and optimize cell factories for metabolic engineering application. 

Concerns in climate change, rising petroleum price and health problems will continue motivating 

us to explore novel solutions to produce fuel and pharmaceutical molecules. A near-future is 

envisioned that synthetic cell factories will partially replace petroleum-based chemical synthesis 

in 5-10 years. Growing interests in modeling cell metabolism will result in the development of 

new computational tools that incorporate dynamic gene expression pattern and mechanistic view 

of regulatory network. Gene assembly tools that are adept at high throughput combinatorial 

pathway construction will physically enable us to exploit the full potential of cell metabolism. 

Knowledge about hierarchical regulatory architecture [204] and network motif [205] will 

transform our understanding how to build modular and orthogonal genetic circuits to control gene 

expression. Large scale gene-editing tools like MAGE [206], CAGE [207] and TALENs [208] 

will allow for targeted regulation and modification of genomic DNAs. By combining these tools, 

metabolic engineers will be well positioned to create tailor-made cell factories for efficient 

production of NPs and fuel molecules in the near future. 
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9. Appendix 

9.1 Synthetic gene used in this study. 

9.1.1 Codon-optimzied synthetic BnFatA (Company: Genscript) 

catatgctgaaactgagctgtaatgttacgaataatctgcacaccttctccttcttctccgactcctccctgttcatcccggtcaatcgccgcaccattgccgtga

gctctagtcagctgcgtaaaccggccctggatccgctgcgtgcagtgatttcggccgaccaaggctctatcagtccggttaacagctgcaccccggcagat

cgtctgcgtgctggccgcctgatggaagacggttactcttacaaagaaaaattcattgtgcgtagttatgaagttggtatcaataaaaccgcgacggttgaaac

catcgccaacctgctgcaggaagtcgcatgcaatcatgtgcaaaaatgtggcttttctaccgatggtttcgctaccacgctgacgatgcgtaaactgcatctga

tttgggtcaccgcacgcatgcacattgaaatctataaatacccggcttggtctgatgtggttgaaatcgaaacctggtgccagagtgaaggccgtattggtac

gcgtcgcgattggatcctgcgcgactccgcaaccaacgaagttattggccgtgctacgagtaaatgggtcatgatgaatcaggatacccgtcgcctgcaac

gtgttacggatgaagtccgcgacgaatatctggtgttttgtccgcgtgaaccgcgcctggccttcccggaagaaaacaattcctcactgaagaaaattccgaa

actggaagatccggcgcagtatagcatgctggaactgaaaccgcgtcgcgccgatctggacatgaaccagcatgtcaacaatgtgacctacattggctgg

gttctggaaagcatcccgcaggaaattatcgatacccacgaactgcaagtcattacgctggactaccgtcgcgaatgtcagcaagatgacatcgtggattcc

ctgaccacgtcagaaattccggatgacccgatctcgaaatttaccggcacgaacggtagcgcgatgtcgagcattcagggtcataatgaatcccaattcctg

cacatgctgcgcctgtcagaaaatggtcaagaaatcaatcgtggtcgcacccagtggcgtaaaaaatcctcccgctaaggtacc 

9.1.2 Codon-optimzied synthetic CnFatB2 (Company: Genscript) 

catatggttgcgtctattgccgcctcagccttcttcccgaccccgtcaagcagcagttcagcagcatccgctaaagcctctaaaaccattggcgaaggcccg

ggttctctggatgttcgtggcattgtcgcaaaaccgaccagctctagtgcggccatgcaggaaaaagttaaagtccaaccggtgccgaaaatcaacggcgc

caaagtgggtctgaaagttgaaacccagaaagcagatgaagaatcctcaccgtcgagcgctccgcgtacgttttataatcaactgccggactggagcgtgc

tgctggcagctgttaccacgattttcctggcggccgaaaaacagtggaccctgctggattggaaaccgcgtcgcccggatatgctggcggacgcatttggc

ctgggtaaaattgtccaggatggcctggtgttcaaacaaaacttctccatccgttcatacgaaatcggtgcagaccgcaccgcgagcatcgaaacgctgatg

aaccatctgcaggaaaccgcgctgaatcacgtgaaatctgcaggtctgatgggtgatggtttcggtgcaaccccggaaatgagtaaacgtaacctgatttgg

gtggttacgaaaatgcgtgttctgatcgaacgctacccgagctggggcgatgtcgtggaagtggatacctgggtgggtccgacgggcaaaaatggtatgc

gtcgcgattggcatgtgcgtgaccaccgctccggtcagaccattctgcgcgcaacgtcagtgtgggttatgatgaacaaaaatacccgtaaactgtccaaag

ttccggaagaagtccgcgctgaaattggtccgtattttgttgaacgtgcagctatcgtcgatgaagacagtcgcaaactgccgaaactggatgaagacacca

cggattatatcaaaaaaggcctgaccccgcgttggggtgatctggacgttaaccagcatgtcaacaatgtgaaatacattggctggatcctggaatcggcgc

cgattagcatcctggaaaatcacgaactggcctctatgagtctggaataccgtcgcgaatgcggtcgtgattctgtgctgcaaagtctgaccgccgtttcgaat

gatctgacggacggcctggtcgaaagcggtattgaatgccagcatctgctgcaactggaatgtggcaccgaactggttaaaggtcgcacggaatggcgtc

cgaaacacagtccggctctgggcaatatgggtccgaccccgggcggttcagcgtgaggtacc 

9.1.3 Codon-optimzied synthetic EGTE (Company: IDT) 

Catatgggctttgcaacgactccgaccatgcgcaaactccgcctgatttgggtgacttcgcgtatgcacattgagatctataagtacccagcctggggtgat

gtcgtagaaattgaaacgtggtgccagggcgaaggccgcatcggtacacgccgcgattggatcatcaaagacctcgccacaggcgaagtgatcggccgt

gcgacttcaaaatgggtgatgatgaaccaagacactcgtaaactgcaacgtgtgtcagatgaggtgcgtgaggagtacctggtgttttgcccacgcacccc

ccgcctggcgtttccagaagaagacaacggctccgtcaagaaaatccctaaactcgaagaaccggccgattactctcgctctgaactggtgccgcgtcgc

gcggatttagacatgaaccaacacgtaaacaatgttacgtacattggctgggttcttgaaagcatgccgcaggagattattgacacccatgaattgcagacaa
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tcaccctggattatcgccgtgaatgtcaacataacgatatggttgactctctgacgtctctcgaattagcggatgattatagcacaaacggctccgcgatcggt

aaacagcacaagaaagaacatccgtctctcttcgccttcctcgagatcgtgcaacactggacctaaggtacc 

9.1.4 Codon-optimzied synthetic fabH (Company: Genscript) 

Catatgtacacgaagattattggcacgggctcctacctgccggaacaagtccgcacgaatgctgacctggaaaaaatggttgatacctcggatgaatggat

cgttacccgtacgggtatccgtgaacgccatattgcggccccgaacgaaaccgtctctacgatgggctttgaagcagctacgcgcgccatcgaaatggca

ggtattgaaaaagatcagatcggcctgattgtggttgccaccacgagtgctacccacgcattcccgtccgcagcatgccagatccaatcaatgctgggtatta

agggctgcccggcttttgatgtggcagctgcgtgtgcaggtttcacctatgctctgtctgtggcggaccaatacgttaaaagtggtgccgtcaagtatgcactg

gtcgtgggctcagatgtgctggcacgtacctgtgatccgacggaccgcggcaccattatcatttttggtgatggtgcaggtgcagcagttctggctgcgtcg

gaagaaccgggcatcattagcacgcatctgcacgcggatggttcgtacggcgaactgctgaccctgccgaacgcagaccgtgtgaacccggaaaatagc

atccatctgaccatggccggcaatgaagtcttcaaagttgccgtcacggaactggcacacattgtggatgaaaccctggccgcaaacaatctggatcgttcc

cagctggactggctggttccgcatcaagcgaatctgcgcatcatttccgccaccgcaaaaaagctgggcatgtcaatggataacgttgtcgtgacgctggac

cgccacggcaataccagcgctgcgtctgtgccgtgcgctctggatgaagcggttcgtgacggtcgcattaaaccgggccagctggtcctgctggaagcgt

tcggcggtggttttacctggggttctgctctggtgcgtttttaactcgag 

9.1.5 Synthetic fapO-eGFP (Company: IDT) 

Gctagcactattagtacctagtcttaattgtccggtctagaaataattttgtttaactttaagaaggagatataccatggtgagcaagggcgaggagctgttcac

cggggtggtgcccatcctggtcgagctggacggcgacgtaaacggccacaagttcagcgtgtccggcgagggcgagggcgatgccacctacggcaag

ctgaccctgaagttcatctgcaccaccggcaagctgcccgtgccctggcccaccctcgtgaccaccctgacctacggcgtgcagtgcttcagccgctaccc

cgaccacatgaagcagcacgacttcttcaagtccgccatgcccgaaggctacgtccaggagcgcaccatcttcttcaaggacgacggcaactacaagacc

cgcgccgaggtgaagttcgagggcgacaccctggtgaaccgcatcgagctgaagggcatcgacttcaaggaggacggcaacatcctggggcacaagc

tggagtacaactacaacagccacaacgtctatatcatggccgacaagcagaagaacggcatcaaggtgaacttcaagatccgccacaacatcgaggacg

gcagcgtgcagctcgccgaccactaccagcagaacacccccatcggcgacggccccgtgctgctgcccgacaaccactacctgagcacccagtccgcc

ctgagcaaagaccccaacgagaagcgcgatcacatggtcctgctggagttcgtgaccgccgccgggatcactctcggcatggacgagctgtacaagtaat

agaagctt 

9.1.6 Codon-optimized fapR (Company: IDT) 

Catatgcgccgcaacaaacgcgaacgtcaagagctgttacagcaaaccatccaggcgacgccgtttattaccgacgaagaattggcaggtaagttcggc

gtctcgattcagacaatccgtctggatcgtctggagttgtccattccggaattgcgtgaacgtattaaaaacgtcgccgaaaagacgttagaagacgaggtga

aatctttatcattggacgaggtaattggcgaaattattgaccttgaattagacgaccaggctatttcaattttggagattaaacaggaacacgtgttcagtcgtaa

ccagatcgcccgcggtcatcatctgttcgcgcaggccaacagcctggctgtggctgttattgatgacgaacttgcgctgaccgcttcggcagacatccgcttt

acccgtcaggtgaaacaaggcgagcgcgtcgtagcgaaagctaaagttaccgcggttgagaaggaaaaaggtcgtacggttgtggaagtcaactcatac

gtcggcgaagaaatcgtgttttcaggacgttttgatatgtaccgcagcaaacacagctaataactcgag 

9.1.7 Codon-optimized mCherry (Company: Genscript) 

Catatggtttcaaaaggcgaagaagacaacatggcgattatcaaggaatttatgcgtttcaaggtccacatggaaggcagcgtcaatggtcacgaatttgaa

attgaaggcgaaggtgaaggccgtccgtatgaaggcacccagacggcaaaactgaaggtcaccaaaggcggtccgctgccgtttgcttgggatattctgt
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caccgcaattcatgtatggttcgaaagcgtacgttaagcatccggccgatatcccggactatctgaaactgtcctttccggaaggcttcaaatgggaacgtgtt

atgaacttcgaagatggcggtgtggttaccgtcacgcaggatagctctctgcaagacggtgaatttatttataaagtgaagctgcgcggcaccaatttcccga

gcgatggtccggttatgcagaaaaagacgatgggctgggaagcgagttccgaacgtatgtacccggaagacggtgccctgaaaggcgaaatcaagcag

cgcctgaaactgaaggatggcggtcactatgacgcagaagtgaaaaccacgtacaaggctaaaaagccggtccaactgccgggtgcatacaacgtgaac

atcaagctggatatcaccagccataacgaagactatacgatcgttgaacagtacgaacgtgcagaaggccgccactctaccggcggtatggatgaactgta

caaataaggtacc 
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