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Abstract 
The global interest in fatty acids is steadily rising due to their wealth of industrial potential ranging from cosmetics to biofu-
els. Unfortunately, certain fatty acids, such as monounsaturated lauric acid with a carbon atom chain length of twelve (C12 
fatty acids), cannot be produced cost and energy-efficiently using conventional methods. Biosynthesis using microorganisms 
can overcome this drawback. However, rewiring a microbe’s metabolome for increased production remains challenging. To 
overcome this, sophisticated genome-wide metabolic network models have become available. These models predict the effect 
of genetic perturbations on the metabolism, thereby serving as a guide for metabolic pathways optimization. In this work, 
we used constraint-based modeling in combination with the algorithm Optknock to identify gene deletions in Escherichia 
coli that improve C12 fatty acid production. Nine gene targets were identified that, when deleted, were predicted to increase 
C12 fatty acid titers. Targets play a role in anaplerotic reactions, amino acid synthesis, carbon metabolism, and cofactor-
balancing. Subsequently, we constructed the corresponding (combinatorial) deletion mutants to validate the in silico predic-
tions in vivo. Our highest producer (ΔmaeB Δndk ΔpykA) reaches a titer of 6.7 mg/L, corresponding to a 7.5-fold increase 
in C12 fatty acid production. This study demonstrates that model-guided metabolic engineering is a useful tool to improve 
C12 fatty acid production.

Key points
•Escherichia coli as a promising biofactory for unsaturated C12 fatty acids.
•Optknock to identify non-obvious gene deletions for increased C12 fatty acids.
•7.5-fold higher C12 fatty acid production achieved by deleting maeB, ndk, and pykA.

Keywords  Model-guided metabolic engineering · Optknock · Escherichia coli · Lauric acid · C12 fatty acids · 
Oleochemicals 

Introduction

Petrochemicals comprise an indispensable part of our eve-
ryday life. However, the crude oil reserves from which these 
valuable compounds originate are not renewable and the use 
of fossil oils in industrial processes is linked to environmen-
tal pollution (Bosco et al. 2005). To facilitate the transition 
towards a petrol-independent chemical industry, oleochemi-
cals are emerging as promising alternatives to petrochemi-
cals. The latter are derived from fatty acids that are typically 
harvested from plant fats, including coconut or rapeseed oils 
(Pfleger et al. 2015). Oleochemicals cover a broad spectrum 
of industrial applications, ranging from production of phar-
maceuticals over bioplastics to biofuels (Kalustian 1985; 
Zhang et al. 2004; Gow 2009; Sanders 2009). Although 
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plant-based production methods of oleochemicals do not 
rely on fossil oils, these processes are not sustainable yet on 
a large industrial scale since oleochemical-dedicated crops 
are directly competing with food production (Pfleger et al. 
2015). Furthermore, the array of fatty acids (unsaturated 
side chains or presence of functional groups) is rather lim-
ited in plants, upping production costs of these molecules 
tremendously. A prime example is unsaturated lauric acid 
(unsaturated C12 fatty acid) (Lu et al. 2017).

Bacterial biosynthesis of C12 fatty acids could overcome 
these drawbacks and allow industrial production in a sustain-
able manner. Many species are currently under investiga-
tion to produce various high-value biochemicals as micro-
bial synthesis is cost and energy-efficient (Ferrer-Miralles 
et al. 2009; Baez et al. 2011; Cardoso et al. 2020). Moreover, 
microbes need less extreme operation conditions compared 
to physicochemical production setups (Zhang et al. 2016; 
Cho et al. 2020). However, the utilization of microbes to pro-
duce C12 fatty acids represents a balancing act of resource 
utilization. Identifying genetic strategies that rewire the 
metabolism towards production without dramatically per-
turbing growth (biomass) represents a major challenge in 
metabolic engineering. Traditional strategies for identifying 
genes that are (in)directly involved in the production path-
way of interest comprise experimental screening and manual 
rational design, but both approaches come with some limita-
tions. The former is linked to expensive and tedious manual 
experiments. The latter, by contrast, is not very efficient in 
finding all targets as the complete metabolic network of any 
cell, even well-studied ones, contains thousands of param-
eters and variables that need to be considered.

Constraint-based metabolic modellng can overcome 
those shortcomings. In recent years, comprehensive whole-
genome metabolic network models have been developed and 
experimentally validated that mimic the metabolism of cells. 
In practice, the constraint-based reconstruction and analysis 
(COBRA) toolbox offers a convenient platform to streamline 
description and analysis of whole-genome metabolic models 
(Heirendt et al. 2019). This has resulted in its widespread 
use to identify engineering approaches to increase microbial 
production of various biochemicals, such as an increased 
glycolic acid production in Escherichia coli (Kim et al. 
2024a) or vitamin B12 production in Pseudomonas putida 
(Prieto-de Lima et al. 2024).

For metabolic engineering, the COBRA toolbox includes 
the bi-level optimization algorithm Optknock that accounts 
for the tradeoff between biomass growth and production 
of a specific metabolic product (Burgard et al. 2003). This 
algorithm assists in identifying reactions that, when elimi-
nated from the species’ metabolic network, increase the flux 
through a desired target reaction while retaining a minimally 
desired biomass growth rate. In early research, the metabo-
lism of E. coli has already been modelled with the aim of 

finding genetic interventions to increase fatty acid produc-
tion. However, the utilized approaches identified common 
gene deletion targets (Ranganathan et al. 2012; Lennen and 
Pfleger 2012).

In this study, we used the COBRA toolbox to rationally 
design an E. coli strain to produce C12 fatty acids. E. coli 
represents an ideal model organism as it has previously suc-
cessfully been exploited for the production of fatty acids, 
mainly saturated and unsaturated C16 and C18 fatty acids 
(Matthay et al. 2023) (Fig. 1). Furthermore, E. coli has been 
engineered to produce a variety of other biomolecules such 
as syringic acid (Liu et al. 2024) and α,ω-diamines (Kim 
et al. 2024b), and its entire metabolome has accurately been 
described in the iML1515 metabolic network model (Monk 
et al. 2017). This model has already been used to deepen the 
understanding of 3-hydroxybutyrate production in E. coli 
(Park et al. 2019). Moreover, other, older metabolic network 
models have successfully been used to facilitate engineering 
of E. coli into dedicated bio-factories for the production of, 
e.g., amino acids (Pharkya et al. 2003), 1,4-butanediol (Yim 
et al. 2011), and lactic acid (Fong et al. 2005).

Adding to the choice of E. coli as a model organism is 
that, until now, most engineering efforts on microbial (unsat-
urated) C12 fatty acid production have focused on E. coli, 
which unfortunately also renders a comparison with other 
organisms challenging. However, comparing the produc-
tion levels of monounsaturated fatty acids in general shows 
a similar production potential of the most common model 
organisms. Engineered E. coli can produce up to 6.6 g/L 
monounsaturated fatty acids, compared to 10 and 4 g/L in 
similar conditions by Saccharomyces cerevisiae and Yar-
rowia lipolytica, respectively (Ledesma-Amaro et al. 2016; 
Yu et al. 2018).

As E. coli natively does not synthesize medium chain 
fatty acids, production of C12 fatty acids relies on the 
expression of exogenous enzymes from other organisms. A 
prime example of the latter is the thioesterase BTE from 
Umbellularia californica which has previously been shown 
to promote the production of C12 fatty acids in E. coli (Voe-
lker and Davies 1994). Since thioesterases do not induce 
unsaturation in the acyl-chain, but rather stop the elonga-
tion, the unsaturation in the C12 fatty acids is potentially 
induced by the cell’s natural machinery, which induces a 
double bond on the ten-carbon acyl chain intermediate, 
potentially leading to the production of C12:1∆5. Exploit-
ing the Optknock algorithm within the COBRA toolbox to 
remodel the metabolism of E. coli expressing BTE allowed 
us to identify potential gene targets that upon deletion were 
suggested to further increase C12 yields. In silico predic-
tions were validated in vivo following construction of the 
corresponding knock-out mutants. Validated targets play a 
role in anaplerotic reactions, aromatic amino acids synthesis 
central carbon metabolism and co-factor balancing.
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Materials and methods

Bacterial strains and growth conditions

E. coli BW25113 (NCBI:txid679895) was used throughout 
this work. Single-gene knock-out mutants were retrieved 
from the Keio collection (Baba et al. 2006). The Km-resist-
ance cassette was removed using a Flp recombinase that is 
expressed from the pCP20 plasmid and recognizes FRT sites 
in the genome (Cherepanov and Wackernagel 1995). After-
wards, the pCP20 plasmid was cured from the mutant by 
incubation at 42 °C. To create mutants with multiple gene 
knock-outs, we replaced target genes of interest by a kana-
mycin cassette flanked by FRT sites using the recombina-
tion-enabling plasmid pKD46 (Datsenko and Wanner 2000). 
This oligo was amplified from the corresponding mutant 
in the Keio collection (Baba et al. 2006) using the match-
ing primers included in Table 1 and following a previously 
published protocol (Wilmaerts et al. 2019).

The BTE allele was expressed from a tightly-controlled 
Ptet promoter on a vector derived from the Cas9-expressing 
CRISPR plasmid, pCas9-CR4 (Reisch and Prather 2015). 
To construct the BTE expression vector, the BTE gene was 
synthesized using a BioXp3200 DNA synthesis instru-
ment based on a previously published sequence which was 
codon optimized for E. coli (Lennen et al. 2010). The gene 
was introduced in the pCas9-CR4 plasmid (Lennen et al. 
2011; Reisch and Prather 2015) using Gibson assembly, 
thereby replacing the cas9 nuclease gene, including its 
degradation tag. Primers pCas9-CR4-forward and pCas9-
CR4-reverse were used to amplify and create Gibson-
compatible overhangs for the pCas9-CR4 plasmid while 
BTE-forward and BTE-reverse were used to prepare the 
amplified BTE product for Gibson assembly (Table 1). 
The vector and the insert were mixed using a 1 to 4 mass 
volume in 10 µL MilliQ water and mixed with 10 µL of 
NEBuilder Hifi master mix. This mixture was incubated 

Fig. 1   Schematic overview of the fatty acid biosynthesis in E. coli. 
Enzymes are indicated in red and pathway sections in green. The fatty 
acid biosynthesis is initiated by converting acetyl-CoA to malonyl-
CoA. Subsequently, the latter is functionalized by replacing CoA with 
an ACP and further converted into acetoacetyl-ACP, which enters the 
elongation as the first ketoacyl-ACP. The elongation consists of four 
iterative steps, where each completed cycle adds two carbon atoms 
to the acyl chain. In detail, ketoacyl-ACP is reduced to hydroxyacyl-
ACP, which is hydrated to enoyl-ACP and further reduced to acyl-

ACP. This intermediate can either be elongated further by complet-
ing another cycle of the fatty acid biosynthesis cycle, or it can be 
terminated by an acyl-ACP thioesterase, which removes the ACP 
and releases the free fatty acid. To produce unsaturated fatty acids, 
the hydroxyacyl-ACP intermediate is dehydrated and isomerized into 
a cis-enoyl-ACP intermediate to retain the double bond. Thereafter, 
the ACP-coupled unsaturated fatty acid can be either released by a 
thioesterase or it can continue one or more cycles similarly to their 
saturated analogues. CoA coenzyme A, ACP acyl carrier protein
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at 50 °C for 1 h and transferred to E. coli by chemical 
transformation (Green and Rogers 2013).

For strain construction and storing purposes, the strains 
were grown in lysogeny broth (LB) containing 10 g/L tryp-
tone, 10 g/L NaCl, and 5 g/L yeast extract. For assaying 
growth kinetics and fatty acid production, LB and LB sup-
plemented with 10 g/L glucose were used. For stable propa-
gation of plasmids, 30 µg/mL chloramphenicol (BTE) and 
100 µg/mL ampicillin (pKD46 and pCP20) were added in 
the growth broth. For long-term storage, strains were mixed 
with 25% (v/v) glycerol and kept at – 80 °C.

Quantification of fatty acid production

Strains were incubated in triplicates overnight in tubes 
with 5 mL LB medium at 37 °C, shaking at 200 rpm (tube 
dimensions: 27 mL content, 15.5 cm outside length, 1.5 cm 
diameter). Next, the cells were diluted 100-fold in 5 mL 
fresh LB medium supplemented with 10 g/L glucose and, 
if needed, 0–1000 ng/mL anhydrotetracycline to induce 
BTE expression. After an additional 24-h incubation step, 

1 mL of sample, cells and spent medium, was collected for 
gas chromatography (GC) analysis.

The fatty acid extraction and GC protocol was based on 
literature (Voelker et al. 1992; Kerstens et al. 2020), but 
slightly adapted to fit the experimental setup. Each col-
lected 1 mL sample was acidified with 50 µL glacial acetic 
acid and spiked with 30 µL pentadecanoic acid standard 
(10 mg/mL). The fatty acids were extracted by adding a 
2 mL 1:1 methanol:chloroform mixture and left at room 
temperature overnight. The lower, organic phase was col-
lected, evaporated using nitrogen, and re-suspended in 
2 mL 5% (v/v) H2SO4 in methanol. Next, the mixture was 
incubated for 2 h at 80 °C and, thereafter, 500 µL of 0.9% 
(w/v) aqueous NaCl solution was added. In order to extract 
the fatty acids, 500 µL hexane was added and the upper 
organic phase was collected for GC-FAME analysis. To 
quantify the fatty acids, 1 µL of the hexane layer sample 
was injected into a 59:1 split injection system of a Hewlett 
Packard HP6890 gas chromatograph, equipped with a CP-
Sil 88 column (100 m length, 0.25 mm diameter, and 0.2 
µm film thickness).

Table 1   Primers used in this study. Gibson primers were designed using the NEBuilder Hifi tool from SnapGene. Deletion primers were con-
structed using the NCBI primer designing tool

Primer Function Sequence

deoC_forward Primers to construct deoC deletion CTT​CCA​GCA​GCA​GGT​CAT​CA
deoC_reverse GTT​TAT​CAG​CCG​GAG​CCA​GT
ldhA_forward Primers to construct ldhA deletion TGC​ATT​ACC​CAA​CGG​CAA​AC
ldhA_reverse ACG​ACA​TCC​AGT​TCG​CTG​AC
maeB_forward Primers to construct maeB deletion GTT​GTT​TTT​CCT​GCC​CCG​AC
maeB_reverse CCC​GGA​TCT​TCT​TCC​ACC​AC
acs_forward Primers to construct acs deletion TAA​TCG​CCT​GCC​AGT​TCG​TT
acs_reverse AAC​CGC​TTT​GTT​TTT​GCC​GT
aroA_forward Primers to construct aroA deletion CAA​CCA​TTC​TTT​CCC​GTC​CG
aroA_reverse GGC​CCA​GAA​CGC​CTT​CAA​T
aroC_forward Primers to construct aroC deletion ATT​TCT​GGC​TTC​CAC​AGC​GT
aroC_reverse GAT​CCG​CCG​CGT​CAA​TGA​A
aroL_forward Primers to construct aroL deletion GAA​GGC​AAA​AGC​GCG​ACA​CAA​
aroL_reverse ACA​TCA​GCC​CCT​TTT​GCC​AGT​
ndk_forward Primers to construct ndk deletion GTG​GCA​CGG​TCG​TCT​TCC​
ndk_reverse CCA​GTG​CCG​TAC​CAT​TGT​TG
pykA_forward Primers to construct pykA deletion TCC​ATT​GGG​TAA​AAA​TCT​GAC​ACT​G
pykA_reverse GCA​GGC​CAA​AGA​GAT​TGT​GC
pCas9-CR4-forward Primers to prepare pCas9-CR4 vec-

tor for introduction of BTE
TTC​GGT​TTC​CAC​TCT​AGA​CATAC GGT​TAA​TTC​CTC​CTA​TCT​TTT​GAA​TTC​

TTT​TCT​CTA​TCA​CTG​ATA​GGG​AG
pCas9-CR4-reverse TTC​GGT​TTC​CAC​TCT​AGA​CATAC GGT​TAA​TTC​CTC​CTA​TCT​TTT​GAA​TTC​

TTT​TCT​CTA​TCA​CTG​ATA​GGG​AG
BTE-forward Primers to prepare BTE to be intro-

duced in pCas9-CR4
GAG​AAA​AGA​ATT​CAA​AAG​ATA​GGA​GGA​ATT​AAC​CAT​GTG​TCT​AGA​GTG​

GAA​ACC​GAA​ACC​AAA​ACT​
BTE-reverse TCA​AGG​AAA​TTC​AGA​CTC​ATG​GTT​AAT​TCC​TCC​TTT​AAA​CAC​GAG​GTT​CCG​

CCG​G
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Growth curves

To construct growth curves, overnight cultures were diluted 
to an OD595 of 0.1 and then further diluted 100-fold in LB 
medium containing 100 ng/mL anhydrotetracycline and pos-
sibly 10 g/L glucose. Each well of a honeycomb plate was 
filled with 200 µL diluted sample. The honeycomb plate was 
installed in a Bioscreen C device and incubated for 24 h at 
37 °C, shaking at 200 rpm to record the OD600 every 15 min 
and analyzed in GraphPad Prism 9.

In silico predictions of beneficial gene knock outs

In silico calculations were performed with the COBRA 
Toolbox v.3.0 in the Matlab 2022b environment (Heirendt 
et al. 2019). The simulations were based on the genome-
scale reconstruction iML1515 of E. coli, which includes 
2719 reactions, 1192 metabolites, and 1515 protein struc-
tures (Monk et  al. 2017). The BTE reaction of interest 
in iML1515 was present in the model and named FA120 
ACPHi while the exchange reaction for C12 fatty acids was 
named EX_ddca_e. No secretion is imposed. To ensure a 
flux through FA120 ACPHi, the lower bound was set to 10 
mmol gDW−1 h−1. Furthermore, all the exchange reactions 
were upper/lower bounded to mimic rich medium under 
aerobic growth and glucose as the growth-limiting carbon 
source, for details see Table S1 and S2. Knock-out mutants 
were identified using a one-objective strategy (maximization 
of the flux through FA120 ACPHi) as well as a two-objec-
tives strategy (maximization of C12 fatty acid production 
and biomass growth).

For the one-objective strategy, deleting a reaction was 
simulated by setting the lower and upper flux boundary to 
zero. Next, a flux balance analysis (FBA) was performed to 
obtain the flux though FA120 ACPHi. This FBA was per-
formed for each model reaction separately, excluding trans-
port and exchange reactions.

For the two-objectives strategy, the bi-level optimization 
algorithm Optknock was used (Burgard et al. 2003). The 
input set of candidate reactions was selected by identifying 
reactions on which FA120 ACPHi has the highest effect. 
To select those, the flux in FA120 ACPHi was incremented 
from 10 to 140 mmol gDW−1 h−1 in steps of 10. For each 
step, a flux balance analysis was performed and the flux of 
each single reaction reordered. For each reaction the abso-
lute differences between the steps were summed up, result-
ing in a value mirroring the effect of BTE on each reaction in 
the network model, further referred to as C12-values. Next, 
two Optknock runs were performed in which the growth 
of the mutants was set to be minimally half of the original 
strain without deletions. First, the C12-values for each path-
way were averaged. The pathways with the highest average 
C12-value were retained as input for Optknock in which the 

optimization algorithm was allowed to suggest maximal two 
deletions. Second, the 50 reactions with the highest C12-
value were passed to Optknock, thereby allowing two, three 
and four deletions.

Results

In silico identification of gene deletions 
that increase the production of C12 fatty acids in E. 
coli

To discover metabolic genes that upon deletion increase 
the C12 fatty acid production in E. coli, we used the latest 
genome-wide metabolic network model iML1515 within the 
COBRA toolbox (Monk et al. 2017; Heirendt et al. 2019). 
To allow biomass accumulation in the model, we defined a 
rich medium, consisting both of glucose as the main carbon 
source and amino acids as nitrogen source and secondary 
carbon source. E. coli does not naturally produce C12 fatty 
acids, but is transformed into a C12-producer by expressing 
the plant-derived BTE thioesterase. This enzyme releases 
fatty acids from the cyclic biosynthesis pathway when com-
pounds reach a carbon chain length of twelve (Voelker and 
Davies 1994). In silico, this reaction corresponds to the 
already implemented reaction FA120 ACPHi, EC 3.1.2.21 
(a fatty-acyl-ACP hydrolase) in iML1515. The exchange 
reaction for C12 fatty acids is also included and named 
EX_ddca_e. Within the model the released C12 fatty acids 
are exclusively used to be degraded and re-enter the fatty 
acid biosynthesis. Performing a flux balance analysis in the 
present solution space results in a zero flux thought FA120 
ACPHi. Increasing its flux simulates BTE overexpression, 
resulting in C12 fatty acid production. While extreme fluxes 
of BTE completely abolish growth, we were able to distin-
guish a maximum threshold of 140 mmol gDW−1 h−1 at 
which E. coli can grow (Fig. 2A).

To identify genes that could have a positive effect on C12 
titers when deleted in E. coli, two strategies were pursued. 
The one-objective strategy aims to identify targets that solely 
improve the flux through FA120 ACPHi, whereas the two-
objective strategy predicts targets that not only maximize 
the flux through FA120 ACPHi but also optimize biomass 
accumulation.

In the first scenario, we identified beneficial single reac-
tion deletions by performing a flux balance analysis and 
obtaining the flux through FA120 ACPHi (Fig. 2B). A dele-
tion of each reaction within the iML1515 model was tested 
by setting the corresponding flux to zero, excluding transport 
and exchange reactions. This approach revealed four reac-
tion deletions with a beneficial effect on the flux through 
FA120 ACPHi. The associated genes are gmk and aroACL. 
gmk encodes an essential guanylate kinase and aroACL is an 
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operon involved in transforming shikimate into chorismate, 
i.e., a critical reaction in the aromatic amino acid biosynthe-
sis (Rodriguez et al. 2014) (Table S1).

In the second strategy, the Optknock algorithm was 
applied. This bi-level optimization approach optimizes 
the flux through FA120 ACPHi, while also ensuring a 
minimum growth rate. To find candidate knockout reac-
tions, we hypothesized that reactions which are strongly 
impacted by an increased FA120 ACPHi flux might in turn 
have a large effect on FA120 ACPHi. This set of reactions 
was determined by calculating the cumulative effect of an 
increased FA120 ACPHi for each reaction (excl. transport 
and exchange reactions). From this list of reactions, two 
candidate sets were identified. On the one hand, the overall 
effect for each pathway was computed and all reactions of 
high average C12-value pathways were used as input. On the 
other hand, the 50 most affected reactions were subjected 
to the Optknock algorithm (Fig. 2C). During the optimi-
zation process, mutants with one up to four combinatorial 
knockouts were allowed to be proposed by the Optknock 
algorithm. The highest allowed combinatorial knockout 
number was set to four as a higher number would likely lead 
to unacceptable growth inhibition. Five interesting knockout 
mutants could be identified (Table 2).

When performing the optimization with reactions from 
pre-selected pathways, the methodology prioritized the 

pyruvate metabolism and the nucleotide salvage pathway 
as theoretical deletion targets to enhance C12 production. 
Regarding the two-carbon metabolism, deleting acs, encod-
ing the acetyl-CoA synthetase, was predicted to increase 
the flux through FA120 ACPHi 1.5-fold while not affect-
ing growth. Next, knocking out the nucleoside-diphosphate 
kinase (NDPK4), which belongs to the nucleotide salvage 
pathway, and anaerobic pyruvate kinase (PYK6), was antici-
pated to raise the flux through FA120 ACPHi threefold while 
diminishing growth twofold. PYK6 is encoded by pykA and 
NDPK4 is encoded by adk and ndk in E. coli. When starting 
with the 50 reactions on which FA120 ACPHi had the high-
est effect, three Optknock runs were performed with a gradu-
ally increasing number of allowed deletions. When only one 
gene could be eliminated, Optknock proposed to delete ldhA 
which is predicted to increase the flux of FA120 ACPHi 
1.5-fold while not disturbing growth. Next, the algorithm 
suggested to eliminate two genes, deoC and pykA. Finally, 
the Optknock-based approach recommended deleting ndk, 
pykA, aroC, and maeB simultaneously when the maximum 
number of reactions to target was set to four. The corre-
sponding quadruple deletion mutant was expected to have 
a threefold increase in flux through FA120 ACPHi and to 
show a twofold reduction in growth (Table 2).

Using both strategies, eight knock-out mutants were pri-
oritized based on nine unique genes (Table 2). The details 

Fig. 2   Schematic overview of computational approaches for increas-
ing the FA120 ACPHi (BTE) flux. A Impact of FA120 ACPHi on 
growth. The lower bound of FA120 ACPHi was increased in a step-
wise manner and the biomass flux was determined for each step. B 
Identifying deletion targets based on maximizing FA120 ACPHi with 
GK1 representing the E. coli gene gmk, CHORS aroC, PSCVT aroA, 

and SHKK aroL. C Utilization of Optknock to identify gene deletions 
for optimized FA120 ACPHi and biomass flux with ACS representing 
the E. coli gene acs, NDPK4 adk and ndk, PYK6 pykA, LDH-D ldhA, 
DRPA deoC, PYK2 pykA, CHORS aroC, NDPK2 adk and ndk, ME2 
maeB and PYK3 pykA. Predicted fluxes are listed in Table 2
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for each deletion can be found in the supplementary infor-
mation (Table S1). All identified gene deletions can be cat-
egorized in four reaction classes, i.e., anaplerotic reactions, 
aromatic amino acid synthesis, carbon metabolism and 
cofactor balancing.

Experimental validation of in silico predictions

To validate the results of the metabolic simulations, we first 
introduced an anhydrotetracycline-inducible copy of the 
codon-optimized BTE sequence in E. coli BW25113 (Baba 
et al. 2006; Lennen et al. 2011). BTE needs to be expressed 
at an optimal expression level to enhance C12 fatty acid 
production, since it competes with the native, essential 
thioesterases on the limited supply of available fatty acid 
precursors (Lennen et al. 2010; Lennen and Pfleger 2012). 
Therefore, we determined the optimal anhydrotetracycline 
inducer concentrations for the Ptet expression system. The 
total fatty acid concentration remained at a stable basal level 
of 30 mg/L over the full expression range of BTE (Fig. 3A), 
which is in line with earlier reports and can be attributed to 
the cells’ native thioesterases (Lennen and Pfleger 2012). 
However, after 24 h of growth, a significant increase in C12 
titers was observed at an anhydrotetracycline concentration 
of 100 ng/mL corresponding to 1.7 mg/L (Fig. 3B). The 
concentration optimum was further confirmed by testing 
three representative knock-out mutants (Fig. S1). We were 
unable to explicitly identify the species of unsaturated C12 
fatty acid. Since the unsaturation might be induced by the 
cells’ natural machinery, it could be C12:1∆5.

Since our model simulated (C12) fatty acid production 
in glucose and amino-acid rich context, we selected LB 
medium to validate our in silico predictions. LB inherently 
contains plenty of catabolizable amino acids and was further 
supplemented with 10 g/L of glucose to better mimic glu-
cose-rich growth broth. Quantification of fatty acid produc-
tion by the BTE-expressing E. coli strain in the total broth 

with and without the addition of 10 g/L glucose revealed a 
1.5-fold increase of total fatty acids and a 2.5-fold increase 
of C12 fatty acids in the presence of excess glucose. How-
ever, the level of unsaturated C12 fatty acids was 2.5-fold 
higher in LB without glucose (Fig. 3C and D).

For in vivo validation, we knocked out the gene targets 
in the BTE expressing E. coli strain that, upon deletion, 
were predicted to improve the C12 fatty acid production 
in silico. The model reactions NDPK2 and NDPK4 are 
both linked to ndk and adk. Since the latter is an essential 
gene, only ndk deletion was considered. In glucose-poor LB 
medium, the majority of the observed changes are attrib-
uted to unsaturated C12 fatty acids (Fig. 4). The ΔaroA and 
ΔaroC deletions within the aromatic amino acid synthesis 
pathway decrease total fatty acid production while leaving 
the unsaturated C12 fatty acid production intact, thereby 
increasing the percentage of produced unsaturated C12 fatty 
acids (Fig. S2). In contrast, deletion of aroL increases the 
C12 fatty acid production threefold while leaving the total 
fatty acids unchanged. Gene knockouts related to the E. coli 
fermentation pathways (ΔldhA or Δacs) do not improve or 
even abolish the unsaturated C12 fatty acid production com-
pletely. Conversely, the double deletion mutant Δndk ΔpykA 
shows a threefold increased yield compared to the original 
strain expressing BTE, whereas a ΔdeoC ΔpykA mutant pro-
duces 1.7-fold more C12 fatty acids. These results align with 
the predicted in silico modeling values of 3.7-fold and 1.7-
fold, respectively. When aroC and maeB were also knocked 
out in the ΔpykA Δndk mutant, the resulting strain, ΔpykA 
ΔmaeB ΔaroC Δndk, exceeds the in silico estimated three-
fold production benefit as the quadruple mutant displays a 
fourfold increase in C12 titers. Moreover, the triple ΔpykA 
ΔmaeB Δndk mutant shows an even higher increase of 7.5-
fold. The reader is referred to supplementary Fig. S3A for 
the production based on growth, represented by the OD595.

Growing the strains in LB with 10 g/L glucose leads 
to a higher percentage of saturated C12 fatty acids and 

Table 2   Optknock predictions for increased flux through FA120 ACPHi compared to the original BTE expressing strain with a base flux of 10 
mmol⋅gDW−1 h−1 and growth rate of 0.96 h−1

iML1515 reaction Reaction name Gene in E. coli Flux FA120 ACPHi
[mmol gDW−1 h−1]

Growth 
rate [h−1]

ACS Acetyl CoA synthetase acs 17.8 0.96
NDPK4
PyK6

Adenylate kinase + nucleoside diphosphate kinase
Pyruvate kinase

adk and ndk
pykA

37.89 0.46

LDH_D D-lactate dehydrogenase ldhA 16.8574 0.98
DRPA
PYK2

Deoxyribose-phosphate aldolase
Pyruvate kinase

deoC
pykA

17.14778 0.83

CHORS
NDPK2
ME2
PYK3

Chorismate synthase
Adenylate kinase + nucleoside diphosphate kinase
NADP-dependent malic enzyme
Pyruvate kinase

aroC
adk and ndk
maeB
pykA

31.6674 0.46
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the changes provoked by the gene deletions exclusively 
affect the saturated C12 fraction instead of the unsatu-
rated one (Fig. 5). From the predicted deletion mutants, 
only ΔldhA and ΔaroC ΔmaeB Δndk ΔpykA influence C12 
and general fatty acid output. All other mutants show no 
effect and, consequently, do not confirm the predictions of 
Optknock. Knocking out ldhA triggers higher production 
titers in both total and C12 fatty acids (1.5-fold increase). 
Moreover, deleting all four genes, aroC, maeB, ndk, and 
pykA, impacts the C12 levels most significantly, reaching a 
2.5-fold increment. Importantly, this is the only predicted 
deletion mutant that raises the C12 fatty acid percentage. 
Moreover, the best performing mutants is, just as in regu-
lar LB, Δndk ΔmaeB ΔpykA, reaching a C12 fatty acid 
content of 15% (Fig. S2). Production based on growth, 
represented by the OD595, is depicted in supplementary 
Fig. S3B.

Comparing growth in both growth media revealed a lower 
maximal OD600 in the high-glucose condition for all strains. 
However, the deletion strains did not show any growth 
defects compared to the wild type, except for ΔpykA Δndk 
ΔmaeB. This mutant has a reduced growth rate and maximal 
OD600 irrespective of the glucose concentration (Fig. S4). In 
terms of C12 production, glucose supplementation improves 
the total fatty acid output of the mutants about twofold but 
impedes the production of unsaturated C12 fatty acids. 
Moreover, the effect of the deletions is more apparent in 
the non-glucose condition. To illustrate, the best performing 
mutant in the glucose-rich condition is ΔpykA Δndk ΔmaeB 
ΔaroC producing 2.5-fold more C12 fatty acids than the 
wild-type reference (Fig. 5). In contrast, the highest producer 
in plain LB is ΔpykA Δndk ΔmaeB, improving C12 titers 
7.5-fold (Fig. 4). Finally, regardless of the glucose content, 
the highest producer is able to produce around 6.7 mg/L 

Fig. 3   Optimizing BTE expres-
sion in E. coli for optimal C12 
fatty acid production. A Total 
fatty acid and B C12 fatty 
acid production in the BTE-
overexpressing E. coli strain 
induced with 0–1000 ng/mL 
anhydrotetracycline and grown 
for 24 h in LB. C, D Wild-type 
E. coli (wt) and E. coli express-
ing BTE (BTE) were grown 
for 24 h in LB medium with an 
inducer concentration of 100 
ng/mL and with and without 10 
g/L glucose. C Total fatty acids 
and D C12 fatty acids (in mg/L) 
in the wild-type (wt) and BTE-
overexpressing (BTE) strains in 
glucose-poor and -rich condi-
tions. Mean values and SEM 
(standard error of the mean) are 
shown (n ≥ 3)
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of C12 fatty acids. Remarkably, the glucose content in the 
growth broth heavily determines the degree of unsaturation 
of C12 fatty acids. While 90% of C12 exists as unsaturated 

fatty acids in glucose-poor conditions, the opposite is true 
when the medium is enriched with glucose. In that case, 
about 90% of the produced C12 fatty acids are saturated.

Fig. 4   Effect of the predicted (combinatorial) gene knock-outs on 
the production of C12 fatty acids in E. coli, cultivated in LB. E. coli 
strains (indicated on the x-axis) expressing BTE from an anhydro-
tetracycline-inducible promoter were grown for 24 h in LB medium 
containing 100 ng/mL of inducer. A Total fatty acid production. B 

C12 fatty acid production. Mean values and SEM (standard error of 
the mean) are shown (n ≥ 3). Asterisks indicate significant differences 
calculated with ANOVA in saturated and unsaturated C12 fatty acids 
compared to E. coli BW25113 expressing BTE, indicated as BTE 
(*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001)



	 Applied Microbiology and Biotechnology         (2025) 109:116   116   Page 10 of 15

Fig. 5   Effect of the predicted (combinatorial) gene knock-outs on the 
production of C12 fatty acids in E. coli, cultivated in 10 g/L glucose-
enriched LB. E. coli strains (indicated on the x-axis) expressing BTE 
from an anhydrotetracycline-inducible promoter were grown for 24 h 
in LB medium containing 10 g/L glucose and 100 ng/mL of inducer. 
A Total fatty acid production. B C12 fatty acid production. Mean val-

ues and SEM (standard error of the mean) are shown (n ≥ 3). Aster-
isks indicate significant differences calculated with ANOVA in satu-
rated and unsaturated C12 fatty acids compared to E. coli BW25113 
expressing BTE, indicated as BTE (*p < 0.05, **p < 0.01, ***p < 
0.001, ****p < 0.0001)
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Discussion

In this work, we constructed E. coli strains producing 
elevated levels of C12 fatty acids in the total fatty acids 
pool. Combining computational approaches with the latest 
genome-scale metabolic reconstruction model allowed us 
to identify non-obvious gene deletion targets that enable 
a BTE overexpressing E. coli strain to redirect its carbon 
fluxes toward non-native C12 fatty acids. Of special inter-
est are the conditions found that showed an increase in the 
industrial sought-after unsaturated C12 fatty acids. These 
compounds can be used to produce bioplastics such as 
nylon (de Leeuw et al. 2019) and find applications in the 
food and pharmaceutical industry due to their antibacte-
rial and antifungal effects (Fernandez-Lopez 2005; Chan-
drasekaran et al. 2008). The discovered C12 fatty acid-
promoting deletions can be roughly grouped into pathways 
that are linked to anaplerotic reactions, aromatic amino 
acid metabolism, central carbon metabolism, and cofactor 
balancing. Interestingly, overexpression of acs has previ-
ously been shown to increase fatty acid production seven-
fold (Xiao et al. 2013). To the best of our knowledge, other 
targets identified in this study have never been implicated 
in fatty acid production.

After completing the metabolic modeling, we introduced 
the deletions that were suggested by the computational 
approach in E. coli to validate the modeling results in lab-
scale production. Deletion strains were tested on their fatty 
acid production in glucose-poor and -rich LB media. In gen-
eral, addition of 10 g/L glucose was shown to increase fatty 
acid production while simultaneously lowering maximal 
growth (Fig. S4). The latter can be attributed to the rapid 
metabolization of high levels of glucose, leading to the mas-
sive accumulation of various byproducts that hinder growth 
(Bren et al. 2016; Muenwongtham et al. 2022).

Within each environment, we could identify gene dele-
tions that increase the production of C12 fatty acids, sup-
porting the computational approach. Overall, high glucose 
concentrations result in increased production of fatty acids 
in all mutants as well as the BTE control strain where extra 
glucose elicits a twofold increase in produced fatty acids 
(Fig. 3). However, unsaturated C12 fatty acid levels are 
lower in high-glucose conditions. Importantly, both pyruvate 
and the fatty acid precursor acetyl-CoA (Fig. 1) are provided 
from different pathways, depending on the glucose content. 
Plain LB predominantly contains amino acids that are catab-
olized into pyruvate and glyceraldehyde-3 phosphate which, 
in turn, trigger the gluconeogenesis pathway (Sezonov et al. 
2007; Peskov et al. 2012). In the presence of excess glucose, 
however, E. coli activates the (upper) glycolysis to consume 
its preferred sugar source, thereby producing pyruvate and 
other downstream metabolites (Li et al. 2014).

Interestingly, our results indicate that the addition of 
glucose potentially changes the expression of genes related 
to the production of (unsaturated) fatty acids. Comparing 
gene expression in rich and minimal medium revealed that 
expression of most genes involved in fatty acid biosyn-
thesis is significantly elevated in rich medium (Tao et al. 
1999). In another study, different glucose levels in minimal 
medium were tested showing that expression of fabZ and 
fabB decreases slightly with additional glucose, while fadR 
and fabA expression levels remain unchanged (Veit et al. 
2007). FabB and FabZ are both essential for the produc-
tion of unsaturated fatty acids and additional glucose might 
reduce their expression, resulting in a lower production of 
unsaturated fatty acids (Jeon 2012; Lee et al. 2013). Unfor-
tunately, no expression profiles are described utilizing LB 
with different glucose concentrations. In future research, 
expression levels in LB with and without glucose should 
be evaluated.

Related to the anaplerotic reactions that provide interme-
diates for the essential TCA cycle, the ΔldhA mutant shows 
no effect in LB but a small increase when glucose is provided 
(Figs. 4 and 5). The NAD+-dependent lactate dehydroge-
nase, LdhA, catalyzes the reversible reaction between lactate 
and pyruvate (Zhao et al. 2019). Deleting ldhA is expected 
to accumulate acetate, ethanol, and formate, and to reduce 
growth and glucose consumption (Kabir et al. 2005; De Mey 
et al. 2007). Furthermore, ΔldhA enhances the expression 
of pck (phosphoenolpyruvate carboxykinase) while inhib-
iting ppc (phosphoenolpyruvate carboxylase) (Kabir et al. 
2005). The former catalyzes the reaction of oxaloacetate 
toward phosphoenolpyruvate, while the latter catalyzes 
the reverse reaction. Consequently, ΔldhA is expected to 
result in an increased availability of phosphoenolpyruvate 
for the synthesis of acetyl-CoA (Kabir et al. 2005; De Mey 
et al. 2007). The next anaplerotic target, maeB, only favors 
C12 fatty acid production slightly when knocked out in the 
glucose-rich condition (Figs. 4 and 5). The encoded malate 
dehydrogenase turns malate into pyruvate in a reversible 
reaction with a preference toward pyruvate (Wang et al. 
2007; Bologna et  al. 2007). With an increased glucose 
concentration, increased levels of pyruvate are present, 
resulting in malate dehydrogenase reacting on pyruvate, 
slightly depleting the pyruvate pool. Finally, removing pykA 
improves C12 fatty acid production by a factor of three in 
LB. No effect is observed when glucose is added (Figs. 4 
and 5). The encoded pyruvate kinase catalyzes the irrevers-
ible formation of pyruvate from phosphoenolpyruvate at the 
gain of one ATP. The reaction proceeds downstream of the 
glycolysis and as a consequence, supplementation of glucose 
might provide enough flux toward pyruvate and phospho-
enolpyruvate and available ATP, diminishing the importance 
of pykA in glucose-rich environments. However, deletion of 
pykA was shown to increase intracellular ATP, in addition 
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to decreasing acetate formation and available NADPH (Xie 
et al. 2014; Zhao et al. 2017).

Single deletions in aroACL were predicted to be benefi-
cial when solely maximizing the FA120 ACPhi flux. In addi-
tion, the in silico predicted beneficial gene deletions of aroA 
and aroC are essential for growth in minimal medium (Dı́az 
et al. 2001). When grown in LB, all mutants show a sharp 
increase in C12 fatty acid percentages (Fig. S2), while only 
ΔaroL results in an increase of the absolute level of the C12 
fatty acid (Fig. 4). Knocking out aroAC shuts down aromatic 
amino acid synthesis (Joyce et al. 2006; Jin et al. 2007), 
whereas the aroL deletion can be partially complemented 
by aroK, which has a lower affinity for shikimate (Millar 
et al. 1986; Whipp and Pittard 1995). In LB, the aromatic 
amino acid synthesis seems to be (indirectly) involved in 
fatty acid synthesis, since compared to the wild type, the 
corresponding ΔaroA, ΔaroC, and ΔaroL mutants produce 
lower or equal amounts of fatty acids. It is likely that the 
aromatic amino acids are recycled in the carbon metabolism 
and are involved in necessary cofactor synthesis (Dı́az et al. 
2001). Furthermore, supplementing glucose does not elicit 
higher C12 fatty acid levels in the three single mutants. In 
this case, the presence of glucose turns aromatic amino acids 
redundant as carbon source.

Regarding the central metabolism, knocking out acs in LB 
disrupts C12 fatty acid production and diminishes the total 
fatty acid yield. The encoded acetyl-CoA synthetase can 
recycle acetate, which is a byproduct of glycolysis, into the 
fatty acid biosynthesis pathway by converting it into acetyl-
CoA (De Mey et al. 2007) (Fig. 1). Contrary to the predic-
tion, Δacs shows no effect in glucose-rich environments, 
most likely because pyruvate and acetyl-CoA are produced 
from the glycolysis in sufficiently large amounts (Figs. 4 
and 5). The second central metabolism-associated target, 
deoC, only increases fatty acid production in glucose-rich 
conditions when deleted (Figs. 4 and 5). deoC encodes the 
deoxyribose-phosphate aldolase and performs the reversible 
reaction of 2-glyceraldehyde-3 phosphate toward 2-deoxy-
D-ribose-5P. Deleting the corresponding gene might cause a 
higher level of available 2-glyceraldehyde-3 phosphate and 
acetaldehyde that may ultimately be converted into the fatty 
acid biosynthesis precursor, acetyl-CoA, through the central 
carbon metabolism (DeSantis et al. 2003).

Of all single-gene deletions, knocking out ndk contributes 
the most to fatty acid production in LB and the resulting 
mutant yields titers that can only be surpassed by the high-
est producer ΔmaeB Δndk ΔpykA (Fig. 4). This observation 
turned out to be present only in glucose-poor environments 
since the impact of adding glucose on production is very 
limited (Fig. 5). The nucleoside diphosphate kinase encoded 
by ndk is involved in providing sufficient energy carriers 
to the cell (Lu et al. 1995). adk is the essential homolog 
of ndk, and can compensate for it when deleted (Lu and 

Inouye 1996). Having access to enough cellular energy is 
crucial for C12 fatty acid synthesis, because production of 
one molecule of C12 requires, besides ten NADPH reducing 
equivalents, five ATP molecules (Janßen and Steinbüchel 
2014). ndk uses ATP to transfer the third phosphate group 
toward another energy carrier. Consequently, removing ndk 
is expected to lead to an increased level of available ATP 
that can be used in the fatty acid biosynthesis (Roisin and 
Kepes 1978).

Despite the single deletions having a strong effect on C12 
fatty acid production, the triple mutant ΔmaeB Δndk ΔpykA 
displays highest production levels. In LB supplemented with 
glucose, production levels further increase by knocking out 
aroC, resulting in the quadruple mutant ΔaroC ΔmaeB 
Δndk ΔpykA (Figs. 4 and 5). Apparently, in LB the syner-
getic effect of more ATP (Δndk and ΔpykA) and pyruvate 
(ΔmaeB) leads to increased levels of C12 fatty acids, but the 
additional deactivation of the aromatic amino acid biosyn-
thesis results in less (C12) fatty acids.

Two things are important to note for this study. First, con-
straint-based metabolic modeling has inherent limitations 
which could result in false-positive hits. Despite iML1515 
being the most complete metabolic network model of E. 
coli to date, stoichiometric models do not take into account 
kinetic aspects, phenomena like diauxic growth, and tran-
scriptional and translational regulations (Monk et al. 2017). 
In our study, for example, the possible re-uptake of acetate 
that can be formed on glucose is not modelled but can be 
present in the experiments. Despite those shortcomings, we 
were able to identify beneficial deletion targets by looking 
at the general C12 fatty acid production in the model. Sec-
ond, in this study we used the common lab strain E. coli 
BW25113 to follow the in silico simulation as closely as 
possible. As a consequence, the titers achieved in this study 
are far below the ones that could potentially be reached using 
a highly engineered industrial E. coli strain. For example, by 
increasing BTE solubility and blocking fatty acid degrada-
tion, C12 fatty acid titers of 1.9 g/L have previously been 
reached (Jindra et al. 2023). This is considerably higher than 
the yield of 8 mg/L presented here. It remains to be investi-
gated if transferring the mutations identified in this work to 
a highly engineered industrial strain would further increase 
C12 fatty acid production.

To conclude, we used constraint-based modeling to 
identify deletion targets that rewire the metabolism of E. 
coli toward higher C12 fatty acid production. First, BTE 
was introduced and expressed in E. coli to enable the cells 
to produce C12 fatty acids. Next, theoretically beneficial 
deletion targets were identified assuming that reactions 
affected by BTE have, in turn, an effect on BTE. Under 
this assumption, eight deletion mutant strains were pro-
posed based on nine different gene deletions. Upon in vivo 
validation, the fatty acid production of the proposed 
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mutants was quantified after growth in LB medium and 
LB medium supplemented with glucose. The presence of 
glucose allows for efficient synthesis of acetyl-CoA and 
other essential metabolites, which translates into a twofold 
increase in fatty acid production in most deletion strains. 
In addition, strains grown in LB medium show a higher 
production of unsaturated C12 fatty acids, accounting for a 
fraction of 90% in the C12 fatty acids pool. Moreover, the 
highest C12 fatty acid producers are ΔmaeB Δndk ΔpykA 
and ΔmaeB Δndk ΔpykA ΔaroC cultivated in glucose-
poor or-rich environments, respectively, and both reach-
ing a titer of about 6.7 mg/L. In addition, ΔmaeB Δndk 
ΔpykA shows a 7.5-fold increase in production, which is 
the highest reported increase in literature to the best of our 
knowledge. Our work demonstrates that constraint-based 
modeling is a valuable asset to discover novel genetic 
engineering targets for strain optimization. Thorough opti-
mization of medium composition and processing condi-
tions (e.g., fed-batch cultivation) are expected to improve 
the obtained yields even further.
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