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a b s t r a c t

Optimizing the metabolic pathways of microbial cell factories is essential for establishing viable bio
technological production processes. However, due to the limited understanding of the complex setup of 
cellular machinery, building efficient microbial cell factories remains tedious and time-consuming. Machine 
learning (ML), a powerful tool capable of identifying patterns within large datasets, has been used to 
analyze biological datasets generated using various high-throughput technologies to build data-driven 
models for complex bioprocesses. In addition, ML can also be integrated with Design–Build–Test–Learn to 
accelerate development. This review focuses on recent ML applications in genome-scale metabolic model 
construction, multistep pathway optimization, rate-limiting enzyme engineering, and gene regulatory 
element designing. In addition, we have discussed some limitations of these methods as well as potential 
solutions.

© 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

Microbiological fermentation is a green and sustainable approach 
to produce chemicals, materials, fuels, food, and pharmaceuticals. It 
can also contribute to solving the global energy crisis and environ
mental problems [1]. However, natural microbials are rarely suitable 
for directly producing desired chemicals on an industrial scale. To 
overcome this obstacle, metabolic pathway optimization technolo
gies, including genetic interventions, have been exploited to develop 
highly efficient microbial cell factories by redistributing the carbon 
metabolic flow toward desired metabolites [2].

Significant progress has been made in metabolic pathway optimi
zation over the past few decades. For example, replacement of a pro
moter in Escherichia coli BL21 led to a 4.2-fold increase in 2,3- 
butanediol production (73.8 g/L) in fed-batch fermentation compared 
with that obtained in a previous study [3]. In another case, rubusoside 
was de novo biosynthesized in Saccharomyces cerevisiae using a sys
tematic engineering strategy, and the titer reached 1368.6 mg/L [4]. 
Moreover, implementation of a global transcriptional machinery en
gineering strategy led to a 114% increase in L-tyrosine production in E. 
coli P2 in large-scale fermentation [5]. Despite notable applications of 

metabolic pathway optimization technologies, some potential pro
blems may hinder further development. For instance, due to in
complete understanding of the relationship between the phenotype 
and genotype of target cells, the conventional trial-and-error approach 
is often adopted [6]. In addition, identifying and testing each combi
nation of different pieces of the genome takes time and effort, and this 
can significantly hinder the construction and application of microbial 
cell factories [7]. Moreover, despite rapid development in DNA editing 
technology, the incredible potential of genome-scale engineering has 
not been fully exploited because conventional research has focused on 
the redirection of carbon flux in a limited number of metabolic path
ways [8–10].

Machine learning (ML), a subdiscipline of artificial intelligence, 
attempts to imitate how the human brain learns and interacts using 
computers that implement learning algorithms [11–13]. ML-enabled 
systems can extract knowledge from previously collected data and 
use this knowledge to build simulation models. ML has recently been 
applied in optimizing metabolic pathways due to its excellent 
modeling ability. On one hand, ML has often replaced conventional 
statistical methods, including linear regression and partial least 
squares-based statistical modeling, to build models used to identify 
features within biological datasets. For instance, DeepEC was de
veloped to predict enzyme commission (EC) numbers using a protein 
sequence as an input [14]. On the other hand, ML can also be in
tegrated into Design–Build–Test–Learn (DBTL) cycles to explore 
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design space more effectively. For example, Zhou et al. proposed an 
ML-assisted tool to determine the optimal combination of enzyme 
expression levels [14]; Greenhalgh et al. proposed an ML-based 
workflow to improve the performance of rate-limiting enzymes [15]. 
Based on this, the present study reviews the recent applications of 
ML in genome-scale metabolic model (GEM) construction, multistep 
pathway optimization, rate-limiting enzyme engineering, and gene 
regulatory element (GRE) designing, which constitute the critical 
frameworks of metabolic pathway optimization. In addition, we 
have discussed some limitations of these methods as well as po
tential solutions.

2. Application of ML in genome-scale metabolic model (GEM) 
construction

GEMs computationally describe the metabolic networks of or
ganisms using gene-protein-reaction (GPR) rules [16], which aim to 
understand the authentic relationships between genotypes and 
phenotypes [17]. Classical GEMs comprise the mathematical meta
bolic network and the objective function, both of which are subject 
to stoichiometric constraints in flux balance analysis (FBA) [18,19]. 
However, applying purely stoichiometric constraints usually results 
in an underdetermined system with infinite solutions [20]. To 
achieve more accurate prediction of metabolic flux distribution, 
novel modeling concepts that include more cellular processes have 
been proposed, such as enzyme-constrained genome-scale meta
bolic models (ecGEMs) [21], macromolecular expression models 
[18], and whole-cell models [22]. Despite considerable advancement 
in the modeling concept, the deficiencies in quantitative mechanistic 
representations of our knowledge of molecular processes have lim
ited the development of advanced GEMs. Since its recent emergence 
as a key data-driven method, ML has been employed to quantita
tively depict various subcellular processes (Fig. 1).

2.1. Classical GEMs

Since the first GEM of Haemophilus influenzae was reported in 
1999, several classical GEMs have been constructed for approxi
mately 6239 organisms [23]. Moreover, some classical GEMs for 
industrial organisms have been upgraded several times as the un
derstanding of GPR relations has been updated; these industrial 
organisms include S. cerevisiae, E. coli [18], Bacillus subtilis [24], and 
Corynebacterium glutamicum [25,26]. Although classical GEMs only 
consider the stoichiometric constraints of the metabolic network 
[22], they have offered many valuable suggestions for metabolic 
pathway optimization over the past decade [27–29]. Moreover, the 
construction workflow of some advanced GEMs, including thermo
dynamic, enzymatic, and kinetic constraint models, requires classic 
GEMs to offer high-quality metabolic networks. Thus, building high- 
quality classical GEMs remains critical in the GEM field [17,30,31].

Drafts of classical GEMs are always constructed using the anno
tation results for the whole genome [32]. Thus, employing genome 
annotation tools with excellent performance is crucial for devel
oping high-quality metabolic networks. To improve the accuracy of 
the genome annotation step, various ML algorithms are applied to 
exploit the information in the target genome. For example, to de
termine minor variations in annotated gene regions between dif
ferent prokaryote (sub)-species, a novel neural network named 
DeepRibo was proposed to precisely delineate and annotate ex
pressed genes using features extracted from ribosome profiles and 
binding site sequence patterns [33]. In addition to precisely locating 
expressed genes, high-quality and high-throughput prediction of 
enzyme functions is essential for genome annotation. DeepEC, a 
deep learning-based computational framework, was developed to 
predict EC numbers of protein sequences with high precision and in 
a high-throughput manner [34]. For the development of DeepEC, 

three convolutional neural networks were integrated into a single 
engine that could predict EC numbers.

After construction of the draft model, gaps usually exist due to 
incomplete knowledge of the metabolic network [35]. To ensure 
adequate GEM quality, it is essential to analyze the metabolic net
work and fill gaps within it. Recently, several studies have focused on 
improving the accuracy and efficiency of the gap-filling process. For 
example, Tolutola et al. proposed an ML-based strategy named 
BoostGAPFILL [35], which leverages ML methodologies and con
straint-based models to generate hypotheses for gap-filling and 
model refinement. More specifically, reactions that fill gaps are 
constrained by metabolite patterns in the incomplete network. 
BoostGAPFILL shows >  60% precision and recall. Similarly, in another 
study, a series of ML algorithms, including decision trees and logistic 
regression [36], was applied to identify missing reactions and en
zymes in the model. By collecting 123 pathway features from 5610 
pathway instances, these ML methods exhibited greater interpret
ability and extensibility than other pathway prediction algorithms.

Model refinement is also essential to verify gap-filling solutions 
following the construction of a draft model. In recent years, several 
automatic construction tools, such as CarveMe [37], Merlin [38], 
ModelSEED [39], and Pathway Tools [40], have been proposed due to 
the massive increase in biochemical knowledge and computational 
annotation of genomes [41]. However, curation and refinement of 
metabolic networks in GEMs are still rare [42]. Recently, an ML- 
based method, called automated metabolic model ensemble-driven 
uncertainty elimination using statistical learning, has shown that ML 
can reduce the workload of curation work for draft GEMs. In their 
research, iterative gap-filling was initially performed to produce 
random gap-filling solutions [43]. Moreover, supervised and un
supervised learning were integrated to determine the uncertainty of 
the model. This study suggested that combining ML strategies can 
improve the efficiency of tedious yet essential manual refinement 
and curation steps.

2.2. Enhanced and multiscale models

Compared with classical GEMs, multiscale models consist of 
multiple heterogeneous models or networks of different cellular 
layers [22]. Typical examples of multiscale models include thermo
dynamic constraint GEMs [43,44], enzymatic constraint GEMs 
[21,45], and multiomics-integrated GEMs [46]. Each of these has 
been widely used in biological discoveries, extensive data analysis, 
and metabolic engineering [22]. Recently, various ML strategies have 
been applied to construct heterogeneous models and networks. For 
example, expectation maximization (EM)-like algorithms are used to 
estimate critical parameters in metabolite identification models 
[47,48], and RF is applied to predict enzyme turnover numbers. In
troducing ML algorithms into multiscale models can improve model 
quality effectively and expand model network dimensionality [49].

Traditional model analysis approaches, such as FBA, search for an 
optimal growth rate that is constrained only by metabolic network 
stoichiometric constraints and uptake rates [20]. To further enhance 
the simulation capabilities of GEMs, the cost of expressing enzymes 
within metabolic networks is an essential constraint to be con
sidered while constructing ecGEMs [50]. By adding this enzyme 
constraint, ecGEMs can accurately simulate maximum growth 
ability, metabolic shifts, and proteome allocations of various en
zymes [51]. ecGEMs are constructed using genome-scale enzyme 
turnover numbers (kcats), each of which defines a reaction’s max
imum chemical conversion rate. Nevertheless, the scope of the kcats 
dataset is far from the genome scale because kcats are usually 
measured via low-throughput assays in vitro [52]. In addition, there 
is a vast difference between kcats in vivo and in vitro due to in
complete saturation, posttranslational modifications, and allosteric 
regulation [53]. To alleviate this problem, Heckmann et al. proposed 
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a ML method to predict kcats [50]. EC numbers, molecular weight, in 
silico flux predictions, and assay conditions were integrated to pre
dict kcats under both in vivo and in vitro conditions. Finally, im
proved forecasts of proteome allocation were achieved by applying 
ML models to parameterize GEMs. In addition, to further improve 
prediction accuracy, the in silico flux predictions were replaced with  
13C fluxomics data to estimate kcats in vivo [54]. Moreover, whether 
the maximum value of kcats is robust to genetic perturbations was 
tested by performing gene knockout experiments and adaptive la
boratory evolution. The results indicated that maximum kcats values 
in vivo are stable. However, despite improvement in predicting kcats 
in vivo, features such as average metabolic flux and catalytic sites 
obtained from protein structure are typically too complex to obtain 
from nonmodel organisms. To this end, Lee et al. developed a deep 
learning approach (DLKcat) to predict kcats from only substrate 

structure and protein sequence data. Using this method, kcats pro
files for 343 yeast/fungi species were predicted. Furthermore, an 
automatic Bayesian-based pipeline was proposed in their study, 
which enabled the automatic reconstruction of 343 ecGEMs of 
yeast [55].

In addition, calculating the Gibbs energy of reactions is an es
sential step in constructing thermodynamic constraints for multi
scale models [56]. However, metabolite identification is a significant 
challenge in metabolomics due to the number and diversity of mo
lecules. Metabolites can be rapidly identified via fingerprint identi
fication. Nevertheless, many metabolites require more accurate 
fingerprints. To this end, ML has been employed in recent studies for 
the prediction of metabolite fingerprints. FingerID, a classical 
method, has been proposed to predict corresponding fingerprints 
from a mass spectrometry (MS) set with supervised ML [57]. A 

Fig. 1. Machine learning (ML) applications for genome-scale metabolic model (GEM) construction. There are three main categories of ML applications for GEM construction: 
classical GEMs, enhanced GEMs, and multiscale models. Typical applications are listed in the figure according to the adopted ML algorithm and primary task.
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support vector machine (SVM) selects fingerprints with integral 
mass and probability product kernels. FingerID is mainly based on 
information derived from individual peaks present in the spectra. 
However, the relationships between different peaks have also been 
used to predict fingerprints. To further increase model predictive 
power, CSI: FingerID, an extended version of FingerID, was proposed 
by combining MS spectra with a corresponding fragmentation tree 
[58]. CSI: FingerID exhibited better predictive accuracy than FingerID 
in predicting the fingerprints of metabolites. Nevertheless, the op
timization of hyperparameters becomes more complex since more 
inputs are required in CSI: FingerID. Moreover, kernel-based 
methods are not desirable for dealing with MS spectra since the 
spectrum comprises only a few peaks. To mitigate these limitations, 
a new algorithm named SIMPLE was proposed [59]. SIMPLE is more 
efficient and interpretable in predicting metabolite fingerprints. 
SIMPLE is a generalized additive model that captures information 
from individual peak and peak interactions. Compared with kernel- 
based methods, an obvious advantage of SIMPLE is its prediction 
speed. Moreover, the performance of SIMPLE is correlated with 
several peaks in the spectrum, whereas that of kernel-based 
methods explicitly depends on the size of the training dataset.

Transcriptional regulatory networks (TRNs) explain complex life 
phenotypes at the genomic level of organisms under different en
vironments [60]. Integrating TRNs and GEMs can enable a more 
comprehensive understanding of metabolic regulation and stress 
response [22]. Several conventional methods, such as Pearson cor
relation, have been employed to infer TRNs. However, these methods 
require multilevel biological data to accurately predict TRNs [61]. 
Recently, a supervised ML strategy, CNN for coexpression (CNNC), 
was proposed to infer gene relationship [62]. In their study, image 
representation was used to replace conventional information. More 
specifically, the model was trained with negative and positive ex
amples of a specific domain, and the prediction could be either 
binary or multinomial. However, an important feature, time in
formation, is ignored by the CNNC model. Therefore, a hybrid deep 
learning framework for gene regulatory network inference from 
single-cell transcriptomic data (DGRNS) was developed to capture 
time information in expression data [62]. DGRNS provides a su
pervised ML method that can extract both statistical and time-re
lated features. In its workflow, DGRNS first performs a series of 
pretreatments and constructs correlation vectors that represent 
gene expression features [17], and this approach therefore improves 
the accuracy of the inference of TRNs.

Although ML has many successful applications in the construc
tion of GEMs, some potential problems may hamper the further 
application of ML in GEMs. For example, advanced ML tools are yet 
to be integrated into conventional construction frameworks. 
Moreover, constructing a whole-cell model by coupling all me
chanism models is challenging because it is laborious to establish 
mechanistic models for all subcellular processes.

3. ML-guided multistep pathway optimization

A major task of metabolic pathway optimization is to identify the 
optimal combination of multiple gene expression levels within a 
pathway. It is a promising strategy to fully explore the potential 
genetic design space using high-throughput (HTP) technologies [63]. 
However, the performance of HTP screening depends on accurate 
and rapid detection methods, which are only available for some 
biochemicals [64]. Moreover, searching the entire genetic design 
space is a resource-intensive strategy, which may incur high costs. 
To this end, many computational approaches have been used to 
understand the metabolic regulation processes of microorganisms 
and identify genetic interventions necessary to achieve a desired 
phenotype [65]. Nevertheless, due to the complexity of biological 
systems, mechanistic models, such as GEMs, and kinetic models can 

only offer suggestions for optimizing metabolic pathways. Optimal 
genetic interventions remain to be identified using conventional 
trial-and-error approaches [66]. To overcome these challenges, ML 
and statistical methods have been used to explore the genetic design 
space more effectively.

3.1. Active learning

Active learning reduces resource overhead and human effort by 
gradually exploring design space to improve model quality [67]. 
Design–Build–Test–Learn (DBTL) cycles are usually tedious and 
time-consuming because the learn phase of DBTL needs to be better 
developed [2]. To this end, active learning has been introduced to 
accelerate the DBTL cycle by enhancing the learning phase. For ex
ample, MiYa, an ML workflow that works in conjunction with the 
YeastFab [68] assembly strategy, was proposed to optimize the ex
pression level of numerous genes by replacing their promoters [14]. 
As an active learning method, MiYa adopted a low-throughput ex
perimental strategy to ensure the accuracy of experimental data. To 
avoid overfitting, 1000 ANN models with random initial weights 
were used to predict the best strain within the design space. In 
addition, the quality of the initial dataset has been proven to affect 
the accuracy of prediction. Since the products are colored, a high- 
quality initial training dataset was constructed via manual screening 
to improve prediction accuracy (Fig. 2). Similarly, Opgenorth et al. 
integrated ML into DBTL cycles to optimize dodecanol production in 
E. coli [69]. Nevertheless, the biosynthesis of dodecanol is more 
complicated because protein abundance within the pathway not 
only affects the yield but also the purity of the product. Thus, mul
tiobjective modeling methods, including random forest, polynomial, 
and multilayer perceptron models, have been systematically tested 
and compared. After two cycles of DBTL, the yield obtained was 6- 
fold greater than that previously reported [58]. Furthermore, active 
learning has been applied in developing classification models. For 
example, Kumar et al. [65] proposed a strategy based on an SVM, 
ActiveOpt, to enhance microbial chemical production. In their 
strategy, data are divided into two classes according to a specific 
cutoff and is used to train the SVM. The SVM is then applied to find 
the point farthest from the hyperplane within the design space. If 
this point can be verified experimentally, it is entered into the da
taset and the cutoff is updated.

Although the abovementioned studies successfully integrate ac
tive learning with DBTL, several potential problems hamper further 
application of these methods. For example, the frameworks men
tioned above adopt only one ML algorithm and may therefore be 
applicable in only some cases. Moreover, the design space is often 
too conservative due to limitations associated with experimental 
throughput. Furthermore, the methods listed above generally make 
decisions on where to evaluate in the next round based only on the 
output value of the predictive model. They can therefore be trapped 
by local optima when the confidence of the output value is ignored.

3.2. Bayesian optimization

Theoretically, active learning aims to improve a model’s perfor
mance by gradually exploring the areas of the design space with the 
lowest confidence. However, in reality, researchers generally prefer 
to use fewer resources to quickly identify optimal solutions. In ad
dition, the accuracy of the predictive model in low output regions of 
design space is not critical [70].

To escape from local optima and save resources, an ex
ploitation–exploration strategy known as Bayesian optimization has 
been introduced for metabolic pathway optimization [65]. For ex
ample, a new metabolic pathway optimization tool, the Illinois 
Biological Foundry for Advanced Biomanufacturing (iBioFAB), si
multaneously considers the expected outcome of each evaluation 
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and the confidence in the desired outcome [71]. Gaussian Process 
was employed to assign a mean and variance to each point within 
the design space. With increasing size of the training set, the mean 
value and confidence are gradually adjusted. Next, an acquisition 
function, termed expected improvement, identifies the point of op
timal exploitation by quantifying the tradeoff between output value 
and confidence. To test the performance of iBioFAB, the lycopene 
production pathway was optimized by fine-tuning gene expression 
levels. iBioFAB successfully introduced the exploitation–exploration 
strategy into metabolic pathway optimization. However, a problem 
still exists. The prediction distribution is assumed to be Gaussian, 
which does not apply to all situations [70]. To extend the application 
scope of Bayesian optimization, an automated recommendation tool 
(ART) for ML approaches was proposed [72]. Compared with iBioFAB, 
ART integrates multiple ML algorithms using the scikit-learn 

toolbox. Notably, ART enables sidestepping the challenge of model 
selection using an ensemble model approach (Fig. 2). Parallel-tem
pering-based Markov chain Monte Carlo-based (MCMC) sampling is 
used as an acquisition function to determine exploration or ex
ploitation in the decision-making process. Furthermore, the cap
abilities of ART were demonstrated on simulated datasets and 
experimental data from real metabolic engineering projects related 
to the production of renewable biofuels, hops-flavored beer without 
hops, fatty acids, and tryptophan [69].

Frameworks based on active learning and Bayesian optimization 
have significantly enhanced the ability of researchers to explore the 
vastness of design space. Nevertheless, some limitations still exist. 
For example, the identification of targets in many studies is based on 
accurate prior knowledge, which limits the application scope of this 
advanced framework. Moreover, the targets often belong to the same 

Fig. 2. Main strategies used to accelerate Design–Build–Test–Learn (DBTL) cycles. Two strategies can be applied to accelerate DBTL cycles: active learning and Bayesian opti
mization. Research using the active learning strategy often avoided overfitting by multiple modeling. In this framework, data points with higher output were considered in 
subsequent evaluation rounds. In contrast, research using the Bayesian strategy attempted to avoid overfitting by constructing a Bayesian ensemble model in which the tradeoff 
between output value and confidence could be exploited.

Y. Cheng, X. Bi, Y. Xu et al. Computational and Structural Biotechnology Journal 21 (2023) 2381–2393

2385



pathway, which may strongly restrict the power of advanced ML 
frameworks to optimize metabolic flux on the genome scale.

4. Application of ML in rate-limiting enzyme engineering

Natural enzymes are rarely optimal for industrial applications 
[73]. However, their untapped potential can be leveraged to satisfy 
the demand for diverse biotechnological applications and meet 
specific biotechnological challenges [74]. There is a relationship 
between the selection function (i.e., fitness) and the sequence of 
amino acids. This is termed as the fitness landscape and is re
presented as a surface in a high-dimensional space defined by the 
function f(sequence) = fitness [75–77]. Exploration of the protein 
fitness landscape is the primary task of protein engineering [78]. 
Nevertheless, this job is challenging because the search space grows 
exponentially with the number of amino acid positions considered. 
Moreover, functional proteins are extremely rare in the fitness 
landscape [79]. To identify optimal sequences within the landscape, 
rational protein redesign and directed evolution (DE) have been 
applied to protein engineering. Rational protein redesign builds a 
mechanistic model based on molecular dynamics simulations to 
predict changes in structure and protein fitness caused by specific 
mutations [80]. However, the success of this method depends on 
accurate protein structure data. In addition, full simulations of the 
complete protein landscape in silico are resource-intensive [81]. 
Compared with rational protein redesign, DE improves protein fit
ness by iteratively accumulating positive mutation results, in
dependently of prior knowledge and simulation data in silico [82]. 
Moreover, DE can be conducted with a low screening burden be
cause only single mutations and not combinations of mutations are 
assessed in each round [83]. However, this process ignores the co
operation of different mutations and can be easily trapped by local 
optima. Increasingly, ML algorithms have been applied to approx
imate the protein fitness landscape, and they require no prior phy
sical, chemical, or biological knowledge [84].

In addition to accumulating single positive mutations, the DE’s 
ability to explore the fitness landscape can be further enhanced via 
simultaneous saturation mutagenesis. ML can be employed to assist 
traditional strategies to explore the fitness landscape. For instance, 
Wu et al. proposed a ML-assisted directed protein evolution strategy 
(MLDE) similar to the active learning pipeline mentioned above [80]; 
this model can offer data points for a researcher to collect according 
to simulation results, and the tested data points are employed to 
update the model. This cycle continues until a desired engineering 
goal is achieved. MDLE serves as an excellent framework for suc
cessfully integrating DE with ML, and it has been found to effectively 
avoid some local fitness traps or long paths to the global optimum 
(Fig. 3A). However, MLDE still needs to consider a few design con
siderations.

There are two main questions in exploring the fitness landscape 
through ML. (1) How to select the suitable encoding strategy? (2) 
How to handle low-fitness variants in the fitness landscape? Amino 
acid sequences must be numerically encoded for the training process 
[85]. Mutating amino acids to different ones (i.e., in terms of charge 
and molecular weight) is more likely to affect the structure and 
function of a protein than mutating it to residues that more closely 
resemble the original [86]. Thus, researchers generally include such 
information in ML models via an encoding step to improve the ef
ficiency of the learning phase. Nevertheless, the one-shot encoding 
strategy adopted in MLDE ignores information regarding the bio
chemical similarities and differences between amino acids [87]. In 
addition, fitness landscapes tend to be enriched in zero- or ex
tremely low-fitness variants, which provide minimal information 
regarding the regions of interest in a landscape. For instance, 92% of 
regions in the empirically determined four-site combinatorial fitness 
landscape (204 = 160,000) had fitness values that were below 1% of 

the global fitness maximum [87]. Thus, the initial sampling of the 
fitness landscape deserves more consideration. However, MLDE 
adopted a random sampling protocol to build an initial dataset, 
which may contain diverse sequences but may provide little in
formation. In any case, the model’s accuracy in predicting low-fit
ness variants is not critical.

To alleviate these challenges, an improved version of MLDE 
named ftMLDE was proposed to enhance the encoding strategy and 
initial sampling [85]. Several alternate encoding methods, including 
physicochemical encoding and learning models derived from eight 
natural language processing models, have been evaluated [88,89]. 
Furthermore, a novel strategy that leverages global sequence in
formation derived from large sequence databases was employed to 
reduce uninformative holes in MLDE training sets. Compared with 
the original MLDE, ftMLDE represents at least a 12.2-fold improve
ment in searching the fitness landscape. Thus, building a high- 
quality model of the fitness landscape of a focal protein appears to 
be feasible by improving the encoding strategy. Moreover, some 
studies are trying to reduce the exploration of low-fitness regions of 
the landscape to save resources. Complex design principles are 
hidden in the amino acid sequence of natural proteins, and by em
ploying ML to understand these principles, it may be feasible to 
appropriately predict low-fitness variants in the fitness landscape. 
An unsupervised deep learning model, UniRep, was recently em
ployed to distill the fundamental features of a protein, including 
biophysical, structural, and evolutionary information, into a statis
tical summary (Fig. 3C). Moreover, unsupervised deep learning was 
performed on >  20 million raw amino acid sequences to distill the 
general features of all functions [90]. Furthermore, a novel frame
work called Low-N protein engineering has been developed by 
combining UniRep with active learning. Unlike the studies discussed 
above, Low-N protein engineering does not rely on high-quality 
training sets but realizes data dimensionality reduction by in
corporating information from numerous proteins to improve the 
model accuracy; moreover, MCMC-based sampling can help avoid 
local optimization [90].

In addition, Bayesian optimization has been employed to search 
chimeric libraries. A recent study successfully enhanced the catalytic 
rate of alcohol-forming fatty acyl reductases on acyl-ACP substrates 
using an ML-based protein engineering strategy (Fig. 3B) [15,91]. 
Initially, better enzyme performance was achieved through the re
arrangement of different subunits of three enzymes from three dif
ferent sources. To further explore how gene shuffling can enhance 
fatty alcohol production, the authors of this study constructed an 
extensive library of rate-limited domains using SCHEMA structure- 
guided recombination. Next, a Bayesian-based DBTL cycle was used 
to optimize protein fitness. As the number of cycles increased, the 
target sequence gradually converged to a specific position in se
quence space. In the end, the target strains produced 50% more fatty 
alcohols than the parental strains.

ML has also been used to reveal the potential underlying protein 
scaffolds, whereas unsupervised deep learning has been used to 
learn the semantic grammar within protein sequences deposited in 
large databases and guide protein engineering. On the other hand, 
supervised active learning has been applied to model the protein 
fitness landscape through numerous cycles and identify optimal 
designs. These strategies can also be combined to further improve 
protein engineering. However, most of these strategies over
emphasize the intelligence of protein engineering, which may lead 
to situations where we are unable to understand the underlying 
mechanism of protein engineering.

5. Application of ML in GRE designing

Metabolic pathway optimization is based on essential GREs, such 
as promoters, ribosome binding sites (RBSs), and terminators. Hence, 
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one of the main challenges of synthetic biology is to artificially de
sign GREs to meet specific requirements [92]. So far, many studies 
have attempted to build models of the relationship between se
quences and the functional properties of proteins. For instance, 
Jensen et al. used a statistical method to explore the effect of nu
cleotide position on promoter intensity. Moreover, partial least 
squares methods were employed to analyze synthetic promoters in 
E. coli and B. subtilis, respectively [81]. Despite advancements in GRE 
modeling, these studies are hampered by small datasets, use of 

single-modeling approaches, and imperfect correlations [93]. Re
cently, ML has therefore been employed to resolve these problems.

5.1. Promoters

The de novo design of promoters, including both known and novel 
promoters, has also been facilitated by ML approaches [94]. This has 
subsequently contributed to optimizing metabolic pathways in systems 
metabolic engineering. Recently, an ML workflow was developed to 

Fig. 3. Typical machine learning (ML) applications in rate-limiting enzyme engineering. A. ML-guided directed evolution. The ML model can offer simulated data points for 
researchers to collect and test, and the results of these tests generate new data that can be used to update the model. This cycle continues until a desired engineering goal is 
achieved. B. Deep learning-based encoding strategy. Unsupervised deep learning was used to distill the fundamental features of an individual protein, including its biophysical, 
structural, and evolutionary information, into a statistical summary. C. Bayesian optimization-assisted protein engineering. A target sequence gradually converges to a specific 
position in sequence space with an increasing number of cycles of optimization.
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integrate mutation-construction-screening-characterization (MCSC) 
engineering cycles and the XgBoost algorithm to identify relationships 
between promoter sequences and promoter intensity [95]. In short, a 
de novo synthetic promoter library was reconstructed and character
ized based on high-strength constitutive promoters and broad dynamic 
range libraries. Next, ML algorithms were used to analyze the re
lationships between sequences and functions of promoters. MCSC 
could effectively extend the dynamic range of promoters and provide 
high-quality data for ML to build models [96]. However, this study was 
limited by a relatively small library size compared with all possible 
sequence combinations. In another study, the potential hidden in se
quence combinations was analyzed using a generative adversarial 
network (GAN) to extract features from natural promoters and gen
erate millions of new artificial sequences [97]. GAN learned the design 
principles of the critical regions of a promoter from the natural se
quence, such as k-mer frequency, –10 and –35 motifs, and their spacing 
constraints. Then, a considerable part of the sequence combination 
space was filtered out using a GAN. Consequently, 70.8% of AI-designed 
promoters were experimentally demonstrated to be functional, estab
lishing a new strategy for effectively designing brand-new functional 
promoters [98].

In addition to constitutive promoters, designing inducible pro
moters from scratch is attractive. For instance, ligand-responsive 
allosteric transcription factors (aTFs) are essential because they 
transform biochemical signals into gene expression changes [99]. 
Thus, accurate control of gene expression may be achieved by ma
nipulating an aTF-regulated promoter. Recently, a novel strategy was 
proposed to design aTF-regulated promoters from scratch. The in
novation of this work lies in two aspects: (1) a high-quality dataset 
was constructed based on the combination of in vivo and in vitro 
screening and (2) support vector regression was employed to build 
models to accurately predict induction ratios (Fig. 4A). Interestingly, 
the inducible promoters identified in this study were based on a 
minimal constitutive promoter.

5.2. RBSs

Promoter engineering focuses on regulating the transcriptional 
level or stability of RNA, i.e., steps that occur long before translation 
and protein folding. Unlike promoters, RBSs tune gene expression by 
directly adjusting translation levels and protein folding [100]. Re
cently, some studies have used ML to elucidate the relationship 
between RBS sequences and their strength. For example, a Bayesian 
optimization pipeline was used to improve the translation initiation 
rate (TIR) of RBSs through DBTL cycles [101]. This study used GPR to 
model the design space in the learn phase. The upper confidence 
bound multiarmed bandit algorithm was then applied to balance 
exploitation and exploration in the design phase. By testing a total of 
450 RBS variants from four DBTL cycles, RBSs with high TIR values 
exceeded their RBS benchmark by up to 34%. However, compared 
with improving RBS strength, achieving a desired output at an ap
propriate translation level is more attractive for biosensor systems. 
Hence, another study attempted to identify the optimal combination 
of RBS sequences in a biosensor system driven by small molecule 
responsive transcription factors [92]. This resulted in the construc
tion and characterization of 120,000 cross-RBSs. These biosensor 
systems were classified into five categories based on their dynamic 
range (Fig. 4B). A classification model derived from CNNs can accu
rately predict dynamic ranges based on RBS sequence combinations 
in a biosensor system by learning the dataset.

Two steps are required to understand the relationship between 
protein sequence and function: (1) prepare a training dataset and (2) 
select an ML algorithm to model the sequence space. A recent study 
provided these methods simultaneously [93]. An innovative HTP 
approach was initially developed to assign a quantitative functional 
readout to each specific sequence by constructing a three- 

component genetic architecture using the same DNA molecule. Thus, 
GRE sequences and their functional readouts could be read and 
unambiguously linked from a single sequencing read (Fig. 4C). Fur
ther, an approach termed SAPIENs has been developed to quantita
tively predict RBS activity and to reliably quantify prediction 
uncertainty using a residual CNN. Using several million data points 
from measured translation data, SAPIENs successfully identified a 
correlation between an RBS sequence and its functional readout [93]. 
Furthermore, this strategy also showed excellent portability, and 
may therefore be employed to study the relationship between se
quence and function for other GREs (Table 1).

6. Summary and outlook

Various workflows and frameworks based on ML are rapidly 
emerging and being applied to solve different types of problems. When 
sufficient available data exist, ML can replace conventional statistical 
modeling methods to build accurate models that simulate complex 
nonlinear processes. For instance, various omics datasets can be fully 
leveraged to build data-driven models that simulate complex cellular 
processes. Moreover, the relationship between sequence and function 
can be precisely characterized by ML using corresponding HTP tech
nologies. When there is insufficient data, ML can also be employed to 
effectively search design space or landscape. For example, active 
learning and Bayesian optimization have been applied to identify the 
optimal combination of gene expression levels, to guide protein en
gineering, and to redesign GREs. This critical review provides an 
overview of ML technologies that can be used to guide further meta
bolic pathway optimization. However, despite the advantages of ML 
technologies, potential challenges and research gaps may limit the 
further application of ML for metabolic pathway optimization.

These potential challenges and solutions in metabolic pathway 
optimization are as follows. First, ML has many applications in 
genome annotation, gap-filling, and metabolic network refinement. 
However, no framework or software fully integrates all advanced ML 
applications at the GEMs construction stage and therefore cannot 
provide explicit guidance for manual refining. In addition, con
structing a whole-cell model using coupling mechanism models is 
difficult because it is laborious to establish mechanistic models for 
all subcellular processes. To address these problems, ML methods for 
model construction tasks should be integrated into a framework or 
software. Moreover, an active ML framework should be combined 
with non-ML frameworks to further improve model quality by car
rying out limited experiments. Furthermore, it may also be feasible 
to simulate metabolic processes accurately by constructing a digital 
twin model. To pursue this goal, ML must be more involved with the 
construction of GEMs instead of estimating parameters for me
chanistic models. Moreover, with advancements in multistep 
pathway optimization frameworks, the potential of new toolkits 
based on active learning and Bayesian optimization will be further 
explored. Nevertheless, identifying targets in most of the studies 
mentioned above depended to some degree on prior knowledge. 
Moreover, these targets often belong to the same path, which may 
excessively restrict the power of ML to optimize metabolic flux on 
the genome scale. To alleviate these challenges, mechanistic models, 
such as GEMs, can be integrated into the pathway optimization 
toolkit to provide more convincing targets. Furthermore, ML has 
successfully identified untapped potential beneath protein scaffolds. 
However, most of these strategies overemphasize the intelligence of 
protein engineering, which may lead to our inability to understand 
the underlying mechanisms involved in particular protein en
gineering pathways. To cope with these problems, models of protein 
structures should be closely combined with the other methods listed 
above. Through multiple rounds of DBTL, we can continuously im
prove our understanding of the underlying mechanisms of all en
zyme interactions.
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In addition, we note that studies using ML for metabolic pathway 
optimization are not fully integrated, which may limit its applica
tions. For example, the targets of multistep pathway optimization 

can identify based on prior knowledge rather than by computational 
simulations. Moreover, ML-guided multistep pathway optimization 
and enzyme engineering have yet to be combined due to the lack of a 

Fig. 4. Typical machine learning (ML) applications as used in gene regulatory element (GRE) design. These strategies are divided into two steps: generating training sets and 
training models. A. Establishment of a regression model for promoter intensity. A training dataset was built based on in vitro enrichment and in vivo characterization. Support 
vector regression was then used to build the model. B. Establishment of a classification model for ribosome binding sites (RBSs). A cross-RBS (c-RBS) library was constructed by 
combining RBSs and biosensor systems. Next, the total dynamic range of these c-RBSs was divided into five sub-libraries. Finally, a convolutional neural network was used to build 
a model to classify c-RBSs according to dynamic range. C. A large-scale DNA-based phenotypic recording strategy. A three-compartment genetic architecture was used to record 
GRE phenotypes. Subsequently, a deep learning model relates sequence to function.
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global perspective. Furthermore, the data generated from DBTL cy
cles was not sufficiently leveraged to strengthen the interpretability 
of this kind of “black box” model. Therefore, to further explore the 
potential of ML for metabolic pathway optimization, GEMs should be 
considered a core element during construction of an ML-assisted 
DBTL cycle (Fig. 5). According to our simulation results, GEMs can 
provide insight into target identification during multistep pathway 
optimization. Moreover, fluxomics and protein allocation data gen
erated by simulating large and complex networks can be considered 
as additional input for active learning or Bayesian optimization to 
improve the performance of predictive models. Meanwhile, the data 
generated by DBTL cycles can be employed to update GEMs. Sub
sequently, the updated GEM will identify the highest-priority en
zymes that need to be produced using enzyme cost and flux analysis. 
Coupling multistep pathway optimization and rate-limiting enzyme 
engineering with the interpretability of GEMs can therefore help 
optimize metabolic flux on a system level. This will provide global 
insights into metabolic pathway optimization. Furthermore, this 
framework can be further upgraded by adopting automated pro
cesses that use robots and high-throughput systems.
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