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a b s t r a c t

The composition of medium components is crucial for achieving the best performance of synthetic con
struction in genetically engineered cells. Which and how medium components determine the performance, 
e.g., productivity, remain poorly investigated. To address the questions, a comparative survey with two 
genetically engineered Escherichia coli strains was performed. As a case study, the strains carried the syn
thetic pathways for producing the aromatic compounds of 4-aminophenylalanine (4APhe) or tyrosine (Tyr), 
common in the upstream but differentiated in the downstream metabolism. Bacterial growth and com
pound production were examined in hundreds of medium combinations that comprised 48 pure chemicals. 
The resultant data sets linking the medium composition to bacterial growth and production were subjected 
to machine learning for improved production. Intriguingly, the primary medium components determining 
the production of 4PheA and Tyr were differentiated, which were the initial resource (glucose) of the 
synthetic pathway and the inducer (IPTG) of the synthetic construction, respectively. Fine-tuning of the 
primary component significantly increased the yields of 4APhe and Tyr, indicating that a single component 
could be crucial for the performance of synthetic construction. Transcriptome analysis observed the local 
and global changes in gene expression for improved production of 4APhe and Tyr, respectively, revealing 
divergent metabolic strategies for producing the foreign and native metabolites. The study demonstrated 
that ML-assisted medium optimization could provide a novel point of view on how to make the synthetic 
construction meet the designed working principle and achieve the expected biological function.

© 2023 The Author(s). Published by Elsevier B.V. on behalf of Research Network of Computational and 
Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative

commons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Designing genetic circuits to construct synthetic metabolic 
pathways in bacteria is applied for industrial applications and ex
ploring the working principles of living systems [1–4]. In metabolic 
engineering and synthetic biology, the so-called bottom-up ap
proach using the cellular components as "parts" to rewire the me
tabolic pathways by genetic reconstruction has been used to produce 

valuable substances in microorganisms [5,6], e.g., artemisinic acid 
production [7]. Various tools have been developed to achieve native 
metabolites or foreign substrates [8], such as the utilization of 
genome-scale metabolic models (GEMs) [9] and phenotype predic
tion by machine learning (ML) [10]. Incorporating the synthetic gene 
circuits into the native regulatory mechanisms has been challenged 
in building industrially valuable synthetic pathways and creating the 
synthetic metabolism of novel functions [11–13].

In addition to the genetic design, the culture medium is crucial 
for achieving the best performance of the synthetic construction and 
modified metabolic pathway [14]. Medium optimization has usually 
been performed to improve the productivity of the endpoint com
pound (e.g., metabolite, protein) [15–17]. The approaches for 
medium optimization have been intensively developed [18]. The 
methods based on personal experience and knowledge are popular 
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for quick laboratory decisions. Those based on the statistical and 
computational approaches, e.g., response surface methodology 
(RSM) [19–21], have been used for improved development. Since 
metabolism is a highly complex network, ML has been employed to 
achieve more significant and efficient optimization [22–25]. Progress 
in well-established high-throughput technologies and automation 
primarily benefited the acquisition of large datasets [26,27], which 
are essential for ML. The previous studies demonstrated that in
troducing ML to medium optimization successfully accelerated 
bacterial growth [28–30] and increased productivity [31,32].

Despite the successes in genetic design and medium optimiza
tion for metabolic engineering, how the optimized medium im
proved the function of the synthetic pathways (i.e., the production of 
metabolites) remained largely unknown. For instance, it’s unclear 
which medium component primarily decided the production of 
metabolites via the synthetic pathways. As the changes in medium 
combinations would trigger transcriptome reorganization [33,34], 
how the optimized medium contributed to the transcriptional 
changes of the genes that participated in the synthetic pathways for 
improved production was unclear. The present study discovered the 
primary medium components for improved production of synthetic 
constructions and investigated the changes in gene expression 
triggered by the fine-tuned medium composition. As a pilot study, 
two genetically engineered Escherichia coli strains producing two 
different aromatic compounds, i.e., the native and foreign metabo
lites, via the synthetic pathways of the common upstream and dif
ferentiated downstream, were subjected to medium optimization. 
High-throughput assays were performed to link the medium com
binations to bacterial growth and production. ML was applied to the 
resultant datasets to find the medium components improving pro
ductivity. Transcriptome analysis was conducted to discover the 
metabolic strategy for the increased yields of synthetic construc
tions.

2. Results

2.1. Synthetic pathways for producing aromatic compounds

To test the availability of ML to medium optimization for syn
thetic construction, the genetically engineered E. coli strains pro
ducing 4-aminophenylalanine (4APhe) [35] or tyrosine (Tyr) [36]
were used as a case study. The strains were previously developed 
and carried the synthetic pathways that were common from glucose 
to chorismate and differentiated from chorismate to the endpoint 

metabolites (Fig. 1A). As the wild-type E. coli could biosynthesize Tyr 
but not 4APhe, the compounds of Tyr and 4APhe were designated as 
the native and foreign metabolites, respectively. Thousands of 
growth curves were acquired by high-throughput growth assay, and 
two representative parameters of the growth rate (r) and maximal 
population density (K) were calculated in accordance (Fig. 1B). High- 
performance liquid chromatography (HPLC) was performed to 
evaluate the production (P) of the two compounds at the stationary 
phase (Fig. 1C). Note that the experimental and analytical ap
proaches used here were all well-established in our previous studies 
as described in the Materials and Methods.

2.2. Linking medium combinations to bacterial growth and production

A total of 48 pure compounds, including buffers, sugars, nitro
gens, sulfurs, amino acids, metal compounds, vitamins, antibiotics, 
and inducers, were used to prepare various medium combinations 
for examining bacterial growth and production. Note that 44 out of 
48 compounds were adopted from the previous study using wild- 
type E. coli [28]. Because of the synthetic construction, three anti
biotics (chloramphenicol, ampicillin, and streptomycin) and an in
ducer (IPTG) were added in the present study. 192 and 378 medium 
combinations were tested for the strains producing 4APhe and Tyr, 
respectively (Table S1, Table S2). As the pure compounds were io
nized in solution, the medium combinations finally consisted of 44 
chemical components (Fig. S1, Fig. S2). Repeated assay resulted in 
thousands of growth curves, and the mean values were used for ML. 
The final datasets of r, K, and P were 189, 192, and 192 values for 
4APhe and 377, 378, and 378 for Tyr. A considerable variation in 
growth and production was acquired in both strains; however, their 
distributions were different (Fig. 2A). The distributions of r, K, and P 
all presented monomodal shapes for the strain producing 4APhe 
(Fig. 2A, upper panels). In comparison, the distribution of r was bi
modal, although those of K and P remained monomodal for the 
strain producing Tyr (Fig. 2A, bottom panels). The dissimilarity in
dicated that the two synthetic constructions differed in the linkages 
between growth and production.

The relationship between growth and production was ad
ditionally investigated by correlation analysis. The production (P) of 
4APhe was positively correlated to the growth rate (r) and popula
tion density (K), whereas no correlation was detected between r and 
K (Fig. 2B, upper panels). Statistically significant correlations were 
commonly observed between any pair of r, K, and P in the strain 
producing Tyr (Fig. 2B, bottom panels), indicating that growth and 

Fig. 1. An overview of the experimental and computational analyses. A. Flow chart of the synthetic pathways for producing the aromatic compounds. Blue and green indicate the 
metabolic flows of producing 4APhe and Tyr in two different E. coli strains, respectively. B. The three parameters used in the study. K, r, and P represent the maximal density, 
growth rate, and production yield. The units of the three parameters are indicated. C. Examples of the analytical results of bacterial growth and production. The Left and right 
panels show the growth curves and chromatography peaks in various medium combinations, respectively.
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production have a trend to change in relation. The associations 
among r, K, and P were highly significant in producing the native 
metabolite, Tyr, and became weaker in producing the foreign one, 
4APhe.

2.3. Predicting the primary medium components for production

Before predicting the medium components determinative for 
bacterial growth and productivity, six representative ML models, i.e., 
gradient-boosted decision tree (GBDT), classification and regression 
trees (CART), linear regression, support vector machine (SVM), 
random forest, and extreme gradient boosting (XGB), were com
pared. The results demonstrated that GBDT presented higher pre
diction accuracy than others (Fig. 3A), which agreed with our 
previous study [28]. Accordingly, GBDT was employed for the fol
lowing analysis. The priority of the medium components (i.e., fea
ture importance) in deciding r, K, and P was evaluated. The results 
showed that glucose was of high priority in deciding the growth and 

production (Fig. 3B), which was reasonable as glucose was the initial 
resource for both aromatic compounds (Fig. 1A). The primary com
ponents deciding K and r were glucose and magnesium in the strain 
producing 4APhe (Fig. 3B, upper panels); however, they were both 
glucose in the strain producing Tyr (Fig. 3B, bottom panels). The 
findings were consistent with the relationship between r and K, 
which was no correlation in the strain producing 4APhe and posi
tively correlated in the strain producing Tyr (Fig. 2B, left panels).

Intriguingly, the medium components most influencing the 
production of 4APhe and Tyr were different, i.e., glucose and IPTG, 
respectively (Fig. 3B, right panels). According to the synthetic 
pathways, glucose was the common initial resource, and IPTG was 
the common inducer for producing both compounds. Different 
strategies might be adopted in the two strains to fine-tune the 
synthetic pathways for production. That is, the metabolic resource- 
oriented and the transcriptional regulation-dominated strategies in 
producing 4APhe and Tyr, respectively. In addition, approximately 
equivalent numbers of the components determined the growth (r, K) 

Fig. 2. Bacterial growth and production in hundreds of medium combinations. A. Profiling of the growth and productivity. Histograms of the maximal density, growth rate, and 
production yield of the E. coli strains grown in various medium combinations are shown from left to right, respectively. The numbers of the tested medium combinations for the E. 
coli strains producing 4APhe and Tyr are 192 and 378, respectively. B. Relationships between growth and production. K, r, and P represent the maximal density, growth rate, and 
production yield. Scatter plots of any pair of K, r, and P are shown. Spearman’s correlation coefficients and the p-values are indicated. Blue and green represent the results of the E. 
coli strains holding the synthetic constructions for producing 4APhe and Tyr, respectively.
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of the two strains (Fig. 3B, broken lines, ∼70 % of feature im
portance); however, the numbers were significantly different in 
deciding the productivities of 4APhe and Tyr, i.e., 7 and 14 compo
nents, respectively (Fig. 3B, Table S3). It revealed that more com
ponents participated in producing the native metabolite than the 
foreign one.

2.4. Fine-tuning the concentration of the medium components for 
improved production

Classification and regression tree (CART) was subsequently ap
plied to estimate the range of chemical concentration, as described 
previously [30]. The components associated with their concentra
tions were predicted, and those of high priority in contributing to 
compound production (P) were differentiated in the two strains 
(Table 1). Glucose and IPTG were the primary components in de
ciding the production of 4APhe and Tyr, respectively. Trp and Phe 
were predicted as the decision-making components for producing 
4APhe were reasonable, as the synthetic pathways disturbed the 
native metabolism of tryptophan and phenylalanine biosynthesis 
[35]. In comparison, the two amino acids insignificantly contributed 
to the production of Tyr, although their biosynthesis was interrupted 
by the synthetic pathways. The differentiation in the primary 

components for substrate production in the two strains was highly 
consistent with that predicted with GBDT, despite a few dissim
ilarities between the two ML models.

Medium optimization by fine-tuning the concentrations of glu
cose and IPTG was performed to demonstrate whether the predicted 
chemical concentrations improved the production. The results 
showed that the yields of both compounds were changed in re
sponse to the concentration gradients of the two primary compo
nents (Fig. 4 A). The chemical concentrations presenting high yields 
were precisely within the predicted ranges. The concentrations of 
glucose and IPTG for the best production of 4APhe and Tyr were 
finally decided as 40 and 0.025 mM, respectively. Additional ex
periments verified the yields of 4APhe and Tyr were 0.30 and 0.65 g/ 
L, which were higher than the prediction of 0.15 and 0.56 g/L, re
spectively (Table 1).

Furthermore, whether the fine-tuning of the primary compo
nents improved the production in the culture of a larger volume was 
examined. A scaleup to 5 ML of culture was conducted to compare 
the production of 4APhe and Tyr in three different media, i.e., the 
fine-tuned, pre-fine-tuned, and M9-LB media. M9-LB was a com
monly used rich medium optimized in the previous studies that 
constructed the two E. coli strains [35,36]. The highest yields of both 
4APhe and Tyr were acquired in the fine-tuned media (Fig. 4B, left 
panels), comparable to those cultured in 200 µL (Fig. 4A). Intrigu
ingly, the increased yields linked to the lower growth rates and 
maximal population densities (Fig. 4B, right two panels). It strongly 
suggested that the trade-off between growth and production should 
be considered in synthetic constructions.

2.5. Changes in gene expression caused by the fine-tuned medium 
composition

Transcriptome analysis was performed to investigate whether 
and how a single fine-tuned medium component triggered the 
changes in gene expression. Differential expression genes (DEGs) 

Fig. 3. Contribution of the medium components to growth and production. A. Prediction accuracy of six ML models. Root mean squared errors (RMSEs) of five independent tests 
are shown for each ML. Blue and green indicate the productivity 4APhe and Tyr, respectively. B. The contribution of each medium component to the maximal density, growth rate, 
and productivity was predicted by the GBDT model. The top ten primary components affecting the three parameters are displayed, and the rest components are summarized as 
"Others". K, r, and P represent the maximal density, growth rate, and production yield. Blue and green represent the results of the E. coli strains holding the synthetic pathways for 
producing 4APhe and Tyr, respectively. The broken lines in orange indicate the border of the cumulated feature importance of ∼70 %, as summarized in Table S3.

Table 1 
Chemical concentrations and productivity predicted by CART. The high-priority 
components contributing to productivity (P) and the predicted concentrations of the 
components for improved productivity are indicated. Note that Cu2+ and PABA were of 
low priority, predicted by GBDT. 

4APhe Tyr

Concentration (mM) Trp  >  0.06 
Glucose  >  6.3 
Cu2+  >  1.0 × 10−5 

Phe  >  0.02

0.01  <  IPTG  <  0.03 
PABA  >  0.001

P (g/L) 0.15 0.56
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Fig. 4. Changes in production in response to medium variation. A. Testing the primary components for production. The upper and bottom panels indicated the production of 
4APhe and Tyr, respectively. Ten medium combinations of identical concentrations of 47 components but varying concentrations of glucose or IPTG were tested. The shadows 
represent the concentration gradients of the primary components (glucose or IPTG) predicted by the CART model. Standard errors of experimental replications are indicated. B. 
Testing the representative media. The media of fine-tuned and pre-fine-tuned differed in the concentration of the primary component, i.e., glucose for 4APhe and IPTG for Tyr. M9- 
LB represents the mixture of the M9 and LB media used previously. Asterisks represent the statistical significance (*, p  <  0.05; **, p  <  0.01). Standard errors of experimental 
replications are indicated.

Fig. 5. Differentiated gene expression in response to medium optimization. A. Numbers of DEGs in response to medium optimization. Open and shadowed circles stand for the 
exponential and stationary phases, respectively. Blue and green represent the results of the E. coli strains holding the synthetic pathways for producing 4APhe and Tyr, re
spectively. B. Enriched metabolic pathways in DEGs. The KEGG pathways significantly enriched in the DEGs are indicated (FDR < 0.05). The upper and bottom panels indicate the 
strains producing 4APhe and Tyr, respectively. Gene ratio is the ratio of DEGs to all genes annotated in the pathway. Color gradation and the size of circles indicate the statistical 
significance represented by FDR and the number of DEGs annotated in the pathway.
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mediated by medium optimization were identified more in the 
stationary phase than in the exponentially growing phase (Fig. 5A). 
Only a few DEGs overlapped between the exponential and the sta
tionary phases. Significant changes in gene expression commonly 
occurred in the phase for production but not growth, independent of 
the variation in the fine-tuned components (i.e., glucose and IPTG) 
and final products (i.e., 4APhe and Tyr). It indicated that ML-assisted 
prediction was practical for finding the critical component for effi
cient medium optimization, and tuning a single medium component 
was sufficient to improve the performance of the synthetic con
struction.

Functional enrichment analysis of DEGs showed that a total of 11 
and 9 KEGG pathways significantly (FDR < 0.05) fluctuated in the 
strains producing 4APhe and Tyr, respectively (Fig. 5B). However, the 
numbers of DEGs varied between the two strains, i.e., 1006 and 1805 
DEGs. Three native metabolic pathways (biosynthesis of secondary 
metabolites, carbon metabolism, and fatty acid metabolism) were 
commonly enriched in response to the medium optimization 
(Fig. 5B, asterisks), possibly due to the universal upstream of the 
synthetic pathways for the production of 4APhe and Tyr.

In addition, the improved production of 4APhe was mainly at
tributed to the transcriptional regulation of downstream pathways 
close to the endpoint metabolite (Fig. 6A, blue). In comparison, the 
improved production of Tyr was accompanied by transcriptional 

changes across entire pathways from the initial resource to the 
endpoint metabolite (Fig. 6A, green). Despite the universal upstream 
metabolism, the expression changes of the genes that participated in 
the synthetic pathways occurred at the local and global scale for 
4APhe and Tyr, respectively (Fig. 6B). It indicated that the tran
scriptome reorganization for improved production was differ
entiated between the foreign and native metabolites. Since the 
genomic backgrounds to harbor the synthetic constructions were 
not identical, the differentiated mechanisms might not be wholly 
due to the synthetic pathways. Nevertheless, whether the fine-tuned 
component was a resource initiating the metabolism or an inducer 
regulating the gene expression must be crucial for metabolic 
strategy (Fig. 6C).

3. Discussion

Combining the data-driven approach and the transcriptome 
analysis allowed us to find the different strategies of metabolic op
timization between foreign and native metabolites. The highest 
priority chemicals contributing to the production of 4 APhe and Tyr 
were glucose and IPTG, respectively. The genes for aromatic amino 
acids biosynthesis and transcriptional feedback repression (i.e., tyrA, 
trpE, pheA, and tyrR) were mutated or deleted in the strains produ
cing 4APhe [35,37]. The feedback repression was released so that the 

Fig. 6. Transcriptional changes in the synthetic pathways. A. Transcriptional changes of the genes participated in the metabolic pathways for production. The genes and chemical 
compounds participating in the metabolic pathways are shown. Color gradation in blue and green represent the fold changes of gene expression caused by the medium 
optimization. Shadow in light yellow indicates the upstream glycolysis and pentose phosphate pathways in common for producing 4APhe and Tyr. B. Number of genes of 
transcriptional changes. The genes participating in the metabolic pathway, which showed fold changes (〚log2FC〛 > 1), were counted. Upstream and downstream indicate the 
genes shadowed in light yellow (A) and the others, respectively. Blue and green represent the strains producing 4APhe and Tyr, respectively. C. Schematic drawing of the working 
principle of synthetic pathways.
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limiting factor for 4APhe production became the initial resource, 
glucose. On the other hand, as the feedback mechanism remained 
regular in the strain producing Tyr, the IPTG-induced expression 
level of the enzyme (i.e., tyrA) might play an essential role.

Fine-tuning of a single medium component caused the tran
scriptome reorganization of the overall pathways for Tyr production, 
indicating that balancing metabolism was essential for producing 
the native metabolite. Since the native proteins and metabolites 
participate in multiple cellular processes, global activation of all 
these processes might cause metabolic imbalance and be lethal, 
which was supported by the fact that the overexpression of native 
proteins caused severe inhibition of E. coli growth [38]. It might be 
why the inducer IPTG was predicted to be the primary component 
for producing Tyr. A balanced metabolism mediated by gene ex
pression at an appropriate induction level must have been crucial for 
producing native compounds (metabolite). In addition, only the local 
but not global reorganization of the transcriptome occurred in pro
ducing the foreign compound, 4APhe. The local metabolic mod
ification might be sufficient for improved production because of the 
fewer interactions of the foreign metabolite to the native pathways. 
It was supported by the previous study that found the metabolic 
imbalance occurring in the overexpression of native but not ortho
logous dihydrofolate reductase (DHFR) [39].

In the present study, adding the inducer at the beginning of the 
bacterial culture seemed to work well, as it caused much more DEGs 
in the stationary phase than in the exponential phase. The appro
priate amount of inducer at the initial growth phase could benefit 
the transcriptome for better production in the stationary phase, 
which was consistent with the study on high penicillin productivity 
without growth burden in E. coli [40]. Nevertheless, an alternative 
study reported that adding IPTG in the early exponential growth 
phase could cause a significant burden on growth and protein pro
duction in E. coli [41]. The timing of IPTG induction might depend on 
the target products/metabolites and synthetic constructions. The 
optimal IPTG concentration for Tyr production (Fig. 4A) was ∼ 10- 
fold lower than those generally used for recombinant protein pro
duction [42,43]. The improved production of the synthetic con
struction was not simply due to the induced expression of the 
critical enzyme but the transcriptional reorganization of the whole 
metabolic pathway (Fig. 6). To fully understand the mechanism of 
improved productivity, further analysis of the glycolysis and pentose 
pathways and the metabolic reactions related to ATP and reductants 
are required.

Whether the primary component changed in the culture medium 
of a larger volume was tested. The production of 4APhe was highly 
responsive to glucose in a 5 ML culture (Fig. S4) within the con
centration gradient as in the 200 µL culture (Fig. 4A). It demon
strated that glucose played a primary role in producing 4APhe in a 
large-volume culture. In addition, the fine-tuned medium was highly 
competitive for producing 4APhe compared to the commercially 
available rich media (Fig. S5). Despite the highest yield in the fine- 
tuned medium, the growth rate and maximal population density 
were lower than those in the commercial media (Fig. S5). The trade- 
off between production and growth demonstrated that the fine- 
tuned medium was directed explicitly toward production but not 
growth.

The tested medium combinations were limited in the present 
study; however, the high-throughput assay combined with ML- 
assisted medium optimization was practical. High nutritional 
richness was assumed to benefit bacterial growth and production, 
which was not true in the present case (Fig. S3). Identifying the 
primary components for improved growth or production was cru
cial for efficient medium optimization. So far, finding an ideal 
medium for the synthetic construction to reach its best perfor
mance remains challenging because both the medium and the 

metabolism are highly complex. Whether the optimized media 
were the best remained unclear without direct comparison to 
others, despite that they performed better than the traditional rich 
medium (Fig. 4B). The ML-assisted optimization allowed 48 com
ponents to be adjusted simultaneously, which was robust com
pared to other methods. As a case study, the present study provided 
a pilot trial of medium optimization by exploring components that 
improve bacterial production with synthetic pathways and offered 
valuable hints for the multidisciplinary approaches for the field. For 
instance, developing the culture media and optimizing the culture 
conditions for producing multidomain or modified components 
[44,45] require considering numerous factors to find the balanced 
combination that satisfies highly complicated biochemical reac
tions. Improving the ML models through the continuous bio
technological application will promote optimizing complex media 
for complex compounds.

In addition, the ML models were constructed with the con
centration gradients across a wide range changing on a logarithmic 
scale. Despite of high performance demonstrated initially (Fig. 3A), 
they might be unavailable to provide accurate predictions in re
sponse to slight changes in chemical concentration. Testing the ex
perimental data of a narrow concentration gradient within an order 
and changing on a linear scale (Fig. 4A) showed poor prediction 
accuracy (Fig. S6). As the experimental results used for the model 
training (Fig. 2A) were significantly lower than those for the test 
(Fig. 4A), the decision tree algorithms were somehow weak at the 
prediction out of the range of the training data. These issues could be 
addressed by increasing the training data with a broad range of 
changes at a high density of intervals, which might be costed in time 
and labor. An initial ML-assisted optimization followed by manual 
fine-tuning was supposed to be practical in the laboratory and in
dustry. Note that the ML-assisted medium optimization did not 
address the scaleup issue commonly occurring in industrial appli
cations, which was independent of the methodologies and a general 
limitation for medium optimization.

In summary, the present study showed that the fine-tuned media 
led to differentiated transcriptional changes for better production of 
foreign and native compounds. It strongly suggested that the me
tabolic strategies for producing foreign and native were different. An 
increased initial resource (e.g., glucose) could improve the endpoint 
productivity (e.g., 4APhe), probably because of the weak interaction 
between the foreign product and the native metabolism. A balanced 
induction of metabolic pathways was essential for improved pro
ductivity of native metabolites (e.g., Tyr), which might be caused by 
the tight regulation affecting the overall metabolic balance. These 
insights were valuable for using the bacterial cell as a factory in 
synthetic biology and significantly benefited from the ML-assisted 
high-throughput approaches used here.

4. Materials and methods

4.1 E.coli strains

Two genetically reconstructed E. coli strains that produced two 
different aromatic compounds from chorismate via the shikimic acid 
pathway were used. The E. coli strain NST37(DE3)/ΔpheLA harboring 
pET-pfpapA/pCDF-pfpapBC/pACYC-aroG4 was previously con
structed to produce 4-aminophenylalanine (4APhe) production [35]. 
The expression of papABC mediated the production of 4APhe. The E. 
coli strain BL21(DE3) harboring pET-tyrA/pACYC-aroGfbr was con
structed to produce tyrosine (Tyr), as described previously [36]. The 
low-copy plasmids were used for the synthetic construction, and 
both products were induced by isopropyl β-D-1-thiogalactopyrano
side (IPTG) (Fig. 1A).
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4.2. Natural media

The media of Instant LB, APS, Plusgrow II, and Lennox were ob
tained commercially (BD Biosciences), and M9LB was prepared in 
the lab. The M9LB medium comprises 24 g/L Na2HPO4, 12 g/L 
KH2PO4, 1 g/L NH4Cl, 0.5 g/L NaCl, 0.05 g/L thiamine HCl, 0.5 g/L 
MgSO4-7 H2O, 0.015 g/L CaCl2-H2O, 5 g/L Yeast extract, 10 g/L 
Tryptone and 2 ML/L Hunter’s trace elements, which contain 22 g/L 
ZnSO4-H2O, 11 g/L H3BO3, 5 g/L MnCl2-4 H2O, 5 g/L FeSO4-7 H2O, 
1.6 g/L CoCl2-6 H2O and CuSO4/5 H2O. The chemical compounds are 
all commercially available (Wako). 0.2 mM IPTG was added to these 
rich media to induce the production of 4APhe.

4.3. Preparation of medium combinations

A total of 48 pure compounds were used, of which 44 were 
previously determined [28], and four were newly added. The four 
additives were the inducer (i.e., IPTG) and antibiotics (i.e., ampicillin, 
chloramphenicol, and streptomycin). The pure compounds were all 
purchased commercially (Wako). The concentration gradients of 
these compounds were determined as the same as in the previous 
study [28]. In brief, the minimal and maximal concentrations were 
zero and 10–100 folds of the concentrations present in the com
monly used media, respectively. The chemical concentrations were 
varied on a logarithmic scale. The stock solutions of these 48 com
pounds were prepared and stored in small aliquots (100–1000 µL) at 
− 30 °C, as described previously. The stock solutions were used only 
once, and the remainder was discarded to avoid deterioration of 
compound quality due to repeated thawing and freezing. The 
medium combinations were prepared by mixing these stock solu
tions before the growth assay. Finally, 192 and 378 medium combi
nations were tested in the growth assays for the E. coli strains that 
produce 4APhe and Tyr, respectively (Table S1).

4.4. Bacterial growth assay

The cell stocks of exponentially growing E. coli cells (OD600 ≈ 
0.01 − 0.1) were prepared before the growth assay for repeated use, 
as described previously [46]. The cell stocks (cell culture aliquots) 
were used only once, and the remaining culture was discarded. The 
high-throughput growth assays were performed using the 96-well 
microplates (Costar) and the plate reader (Epoch2, BioTek), as de
scribed in the previous studies [28]. Every four to six wells (200 µL 
per well) in different positions were tested for each medium com
bination. The temporal changes of the E. coli cells growing at 37 °C 
were recorded by reading absorbance at 600 nm for 30–48 h in 30- 
min intervals. In addition, the growth assay in a test tube was per
formed with 5 ML of the culture at 37 °C and 200 rpm using a 
bioshaker (Taitec). The cell culture was temporally sampled by 
taking 0.1–1.0 ML of culture to measure OD600 (Beckman DU730), as 
previously described in detail [47].

4.5. Growth data processing and calculation

The temporal OD600 reads were exported from the plate reader 
and processed with Python. The growth parameters r and K were 
evaluated according to previous reports [30,48] using a previously 
developed Python program [30]. In brief, r was defined as the mean 
of three continuous logarithmic slopes of every two neighboring 
OD600 values within the exponential growth phase using "gradient" 
in the "NumPy" library. K was calculated as the mean of three con
tinuous OD600 values, including the maximum, determined using 
"argmax" in the "NumPy" library. The mean of biological replicates 
(four to six micro-well cultures) was used for r and K.

4.6. High-performance liquid chromatography

The amounts of 4APhe and Tyr produced by the E. coli cells grown 
in various media were evaluated by high-performance liquid chro
matography (HPLC). The mixture of the biological replicates (four to 
six micro-well cultures) was subjected to HPLC to achieve the 
average productivity of each medium combination. The mixed cul
tures were centrifuged at 16,000 rpm for 5 min (Model 3700, 
Kubota), and the supernatants were collected and subjected to HPLC 
(1260 Infinity, Agilent Technologies). The flow rate of HPLC was set 
at 0.8 ML/min. A HiQ sil C18HS-3 column (Siri Instrument) was 
equipped to detect 4APhe. The initial mobile phase was 20 mM 
KH2PO4 (pH 7.0) and pure methanol (Sigma-Aldrich) in the ratio of 
98–2 and maintained for 7 min. The methanol concentration was 
gradually increased to 50 % in 5 min and then maintained for 5 min. 
Subsequently, the ratio of methanol was gradually reduced to 2 % for 
2 min, and the flow was kept for 4 min. In addition, a TSKgel ODS- 
100 V column (Tosoh) was used to detect Tyr. The initial mobile 
phase was 10 mM ammonium formate (pH 7.0) and pure acetonitrile 
(Merck Millipore) in the ratio of 95–5 and maintained for 8 min. The 
acetonitrile concentration was increased to 50 % in 6 min and then 
maintained for 2 min. Subsequently, the ratio of acetonitrile was 
gradually reduced to 5 % in 4 min, and the flow was kept for 5 min p- 
Amino-L-phenylalanine (Sigma-Aldrich) and L-tyrosine (Wako) were 
used as the standards of 4APhe and Tyr, respectively. The amounts 
(productivity, P) of 4APhe and Tyr were calculated according to the 
peak areas at the corresponding retention times.

4.7. Machine learning

Machine learning (ML) was performed using Python with some 
modifications from previous studies [28,30]. Six ML models, i.e., 
gradient-boosted decision tree (GBDT), classification and regression 
trees (CART), linear regression, support vector machine (SVM), 
random forest, and extreme gradient boosting (XGB), were tested to 
compare the prediction accuracy of productivity (P). GBDT and CART 
were finally applied to the datasets that linked growth parameters (r 
and K) and productivity (P) to the medium combinations. The che
mical concentrations of the medium combinations were trans
formed into logarithmic values in the datasets. 
"GradientBoostingRegressor" in the "ensemble" module, "Decision
TreeRegressor" in the "tree" module, "LinearRegression" in the 
"linear_model" module, ’SVR’ in the ’svm’ module, and ’Random
ForestRegressor’ in the ’ensemble’ module were used for GBDT, 
CART, linear regression, SVM, and random forest, respectively. These 
modules were all in the "scikit-learn" library. "XGBResressor" in the 
"xgboost" library was used for XGB. Fivefold nested cross-validation 
was performed to evaluate the ML models, and root mean squared 
error (RMSE) was used to evaluate accuracy. As previously described 
[28], the datasets were split for training and evaluation. Outer cross- 
validation (outer cv) and inner cross-validation (inner cv) were ap
plied to evaluate the ML accuracy and determine the hyperpara
meters. A grid search was used for the hyperparameter search as 
follows. In GBDT and XGB, "n_estimators" was set to 300. In addition, 
"learning_rate" and "max_depth" were searched from 0.005 to 0.5 in 
increments of 0.005 and from 1 to 4 in increments of 1, respectively. 
In CART, "criterion" and "max_depth" were set to "mse" and 5, re
spectively. In SVM, ’kernel’ was set to ’rbf’. Additionally, ’C’, ’gamma’, 
and ’epsilon’ were searched from 2–5 to 210, 2–20 to 210, and 2–10 to 
20, respectively, in increments of 22. In random forest, ’random_
state’ and ’n_estimators’ were set to 0 and 300, respectively, and 
’max_depth’ was searched among 2, 3, and 4. All other hyperpara
meters were used as default. The "feature_importance_" values were 
calculated by fivefold cross-validation. The mean value of five re
peated calculations was used as the GBDT predicted output.
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4.8. RNA purification and RNA sequencing

The E. coli cells were cultured in 5 ML of the fresh media and 
rotated at 200 rpm at 37 ℃. Independent cultures as biological re
plicates of transcriptomes were performed. The cell cultures of both 
exponential and stationary growth phases were collected, as de
scribed previously [49,50]. The total RNAs were purified using 
RNeasy Mini Kit (QIAGEN) and RNase-Free DNase Set (QIAGEN) ac
cording to the product instructions. The eluted RNAs were sus
pended with RNase-free water and subsequently subjected to 
RNAseq. The rRNAs were removed using Ribo-Zero Plus rRNA De
pletion Kit (Illumina), and mRNA preparation was performed with 
Ultra Directional RNA Library Prep Kit for Illumina (NEBNext). The 
paired-end sequencing (150 bp × 2) was performed with No
vaseq6000 (Illumina) by Chemical Dojin Co. Ltd.

4.9. Transcriptome data processing and analysis

The computational and statistical analyses were all performed 
using R [51]. The reference genome sequences of E. coli W3110 and 
BL21(DE3) were obtained from the GenBank of the accession num
bers ASM1024v1 and CP001509.3, respectively. The trimmed reads 
were mapped to the reference genome sequences with Bowtie2 [52]. 
The transcriptome datasets were deposited in the DNA Data Bank of 
Japan (DDBJ) under the accession number DRA013628. The differ
ential expressed genes (DEGs) were determined using DESeq2 
package [53], with a criterion of FDR <  0.05 [54], where the read 
counts were directly used, as previously described [55]. The en
richment analysis was performed using the globally normalized 
datasets, as previously described [49,56]. KEGG pathways [57,58]
were enriched using "enrichKEGG" in clusterProfiler [59], where 
"pAdjustMethod" was set to "fdr," and "organism" was set to "ecj" 
and "ebe" for the E. coli strains that produced 4APhe and Tyr, re
spectively.
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