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Saccharomyces cerevisiae has a long-standing history of biotechnological applications even before the dawn of
modern biotechnology. The field is undergoing accelerated advancement with the recent systems and synthetic biology
approaches. In this review, we highlight the recent findings in the field with a focus on omics studies of S. cerevisiae to
investigate its stress tolerance in different industries. The latest advancements in S. cerevisiae systems and synthetic
biology approaches for the development of genome-scale metabolic models (GEMs) and molecular tools such as
multiplex Cas9, Cas12a, Cpf1, and Csy4 genome editing tools, modular expression cassette with optimal transcription
factors, promoters, and terminator libraries as well as metabolic engineering. Omics data analysis is key to the iden-
tification of exploitable native genes/proteins/pathways in S. cerevisiae with the optimization of heterologous pathway
implementation and fermentation conditions. Through systems and synthetic biology, various heterologous compound
productions that require non-native biosynthetic pathways in a cell factory have been established via different stra-
tegies of metabolic engineering integrated with machine learning.
� 2023, The Society for Biotechnology, Japan. All rights reserved.
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The complete genome sequences of humans and other species
have ushered the biological field into the post-genomic era with
systems biology, contrasting with reductionist approaches. Systems
biology is an integrated and holistic study of biological compo-
nents, such as genomics, transcriptomics, proteomics, and metab-
olomics using computational and mathematical methods. Baker’s
yeast Saccharomyces cerevisiae is one of the earliest model eu-
karyotes to have its genome completely sequenced and published
in 1996. Even before the dawn of modern biotechnology,
S. cerevisiae has been extensively utilized in winemaking, baking,
and other fermentation industries. This review summarizes the
recent advancements in systems biology studies of S. cerevisiae
with relevance to its industrial applications.

OMICS APPROACHES TO STUDY S. CEREVISIAE STRESS
TOLERANCE

The history of winemaking can be dated over 7000 years ago,
although it was only established in the late 1850s that S. cerevisiae is
responsible for the fermentation of sugar into ethanol (1).
S. cerevisiae carries out a fermentative pathway at a high sugar level
to grow faster even in the presence of oxygen. This converts sugar
into pyruvate via glycolysis rather than producing biomass via the
tricarboxylic acid (TCA) cycle. The pyruvate is then decarboxylated
into acetaldehyde and eventually reduced into ethanol. Further-
more, S. cerevisiae is also important as a leavening agent in the
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bakery industry. S. cerevisiae improves the bread structure and
texture via increased dough volume by gas generation during sugar
conversion into ethanol and carbon dioxide. However, fermenta-
tion processes for winemaking and baking are stressful for
S. cerevisiae as they introduce high osmotic pressure, low pH, low
O2, high sugar, ethanol toxicity, and oxidative stress. These stresses
can hinder the yeast fermentation ability and damage the yeast
cells, which lowers industrial productivity. Some of the findings
from recent omics studies to identify the targets and mechanisms
of various stress tolerance in S. cerevisiae (2) are depicted in Fig. 1.

S. cerevisiae is used in lignocellulosic biomass fermentation for
biofuel production. One major challenge is the acetic acid product
from the pre-treatment of lignocellulosic biomass, which is an in-
hibitor of fermentation. Therefore, acetic acid tolerance is desired
for efficient biofuel production. Genome analysis has identified
genes responsible for acetic acid tolerance, namely ASG1, ADH3,
SKS1, and GIS4 (3). Adding a second copy of HAA1 or the over-
expression of HAA1S135F improved the acetic acid tolerance in
CEN.PK113-7D strain (4). Furthermore, the overexpression of PRS3
and HAA1 related to cell wall integrity in xylose-consuming chassis
enhanced acetic acid tolerance, indicating the importance of a
robust cell wall (5). Another study identified a new strain of
S. cerevisiae mutant (AFb.01) with enhanced growth and fermen-
tation ability under acetic acid and furfural stresses due to the
upregulation of thioredoxin (TRX1), stress response proteins
(Hsp26p, Fmp16p), and increased metabolite levels of trehalose,
fatty acids, gamma-aminobutyric acid (GABA), and putrescine (6). A
comparative proteomics study of two natural S. cerevisiae isolates
(J11 and YI38) with intermediate and extreme tolerance towards
lignocellulosic inhibitors found differentially accumulated proteins
. All rights reserved.
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involved in detoxification and redox homeostasis to be a shared
proteome response upon the exposure to lignocellulosic inhibitors
(7). Proteins related to energy management were enriched in YI83
strain with extreme tolerance towards lignocellulosic inhibitor,
suggesting a detoxification mechanism with enhanced co-factor
supply and energy management of cellular processes. These
studies provide fundamental knowledge to improve strain for
lignocellulose biofuel production.

Ethanol toxicity is another stress common in the bioethanol-
producing strain. Multi-omics studies have unveiled the differen-
tially expressed proteins and shared responses between ethanol-
adapted and their ancestral strains (8). A gas chromatography-
mass spectrometry (GCeMS) analysis of metabolic response
against ethanol stress suggests that growth inhibition is linked to
the TCA cycle (9). Another study revealed that the production of
fatty alcohol induces cell wall stress (10). Other stresses such as low
pH, hypoxia, and thermal stress have also been studied via multi-
omics approaches (11e13) as summarized in Fig. 1.

Transcriptomics studies are important to identify the genes and
pathways responsible for stress response and tolerance that can be
targeted for the optimization of industrial process conditions and
the engineering of stress tolerance strains suitable for different
applications. Transcriptomics analysis shows that the upregulation
of genes related TCA cycle and oxidative phosphorylation help to
improve the specific growth rate with glycerol while genes related
to the pentose phosphate pathway were downregulated (14). This
knowledge is used to create an S. cerevisiae strain with improved
glycerol assimilation rate by overexpressing HAP4 for upregulating
TCA cycle genes, STL1 encoding glycerol/Hþ symporter for
improved growth on glycerol, and disrupting RIM15, a kinase for
transcription factor Gis1p upstream of three genes related to the
pentose phosphate pathway (14). Recently, a transcriptomics study
on S. cerevisiae strain YPH499 resulted from random mutagenesis
using clustered regularly interspaced short palindromic repeats/
CRISPR-associated enzyme (CRISPR/Cas) system contributes
FIG. 1. Findings from selected omics studi
towards 2,3-butanediol resistance (15). Likewise, genome-wide
association studies (GWAS) and proteineprotein interaction (PPI)
networks have been applied to identify novel gene targets for stress
resistance engineering in the industrial strains of S. cerevisiae via
multi-omics approaches (13). Proteome responses of S. cerevisiae
towards different carbon sources such as glucose, galactose,
maltose, and trehalose have been investigated (16). It is found that
the 1887 interactions of the 1850 transcription factors and 37
chaperones in the central carbon metabolism (CCM) are the major
changes in the proteomes of S. cerevisiae. The authors proposed that
this knowledge can contribute to genome-scale metabolic (GEMs)
modelling with a proteomics constraint.

SYSTEMS BIOLOGY IN S. CEREVISIAE STRAIN ENGINEERING

An overview of the applications of systems and synthetic biology
in the bioengineering of baker’s yeast for optimized industrial pro-
ductions is shown in Fig. 2. Systems biology captures and provides
comprehensive descriptions of cellular processes, such as the rate of
transcription, translation, and protein synthesis in S. cerevisiae
through quantitative omics analysis. In otherwords, systems biology
can address the tedious design-build-test-learn (DBTL) cycles by
providing an understanding of the genotypeephenotype relation-
ship (17). A kinetic model which uses reaction kinetics to model
time-dependent dynamics is a mathematical approach to study
metabolism and rational design of S. cerevisiae as a cell factory. A
recent review on the development for kinetics models of CCM in
S. cerevisiae suggests that the metabolomics, fluxomics, and prote-
omics datasets can be used for re-fitting of parameter values or
validation of the kinetic model simulations (18). For instance, opti-
mization and risk analysis of complex living entities (ORCALE)
framework that utilized metabolomics and fluxomics with meta-
bolic control analysis (MCA) can generate kinetic models with
improved predictive capabilities (19). Besides, flux balance analysis
(FBA) is another popular mathematical method used to simulate the
es of stress tolerance in S. cerevisiae.
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flow of metabolites in metabolic network based on stoichiometry
constraints where the sum of fluxes into a metabolite pool equals
that of leaving the pool. The objective function, which is the pro-
portion of metabolite of interest, is defined in FBA to allow the
prediction of biological processes, such as the rate of substrate
consumption, biotechnologically important metabolite synthesis, or
the growth of S. cerevisiae. For instance, FBA simulation guides the
systematic metabolic engineering of S. cerevisiae WRY2 strain by
introducing ATP citrate lyase (ACL) gene from Yarrowia lipolytica and
knocking out glycerol-3-phosphate (GPD1) gene for a higher flux of
the acetyl-CoA that eventually improve the fatty acids production by
w70% (20).

The integration of the yeast genome sequence with FBA allows
the reconstruction of GEMs. The first GEM of yeast was constructed
in 2003 and several updates have been completed over the years
(21). The latest GEMs are Yeast 8 and its iterations ecYeast8 with
integrated enzyme constraints and proYeast8DB with integrated
protein 3D structures. Furthermore, panYeast8 (with pangenome
annotation integration) and strain-specific GEMs (ssGEMs) based
on the gene presence matrix of 1011 strains lead to the creation of
coreYeast8 based on shared reactions, metabolites, and genes of
different strains. Like the ecYeast8 with an enzyme-constraint
component, GEM with Enzymatic Constraints using Kinetic and
Omics data (GECKO) or ecYeast7, whole-cell model (WM_S288C),
and Expression and Thermodynamics Flux for S. cerevisiae (yETFL)
have been developed over the years. The latest models are
proteome-constrained (pcYeast), proteome-constrained genome-
scale protein secretory model (pcSecYeast), ecYeastGEM of Yeast8
with the integration of mitochondrial component (ecMitoYeast),
and Yeast8 with the integration of enzyme cofactors (Cofactor-
Yeast). Details can refer to a recent review of S. cerevisiae GEMs and
references therein (21).

GEMs serve as a knowledge basis for all known biochemical
conversion potentials of S. cerevisiae. It allows quantitative
FIG. 2. An overview of systems and synthetic biology applications in th
predictions of metabolism and in silico simulation of phenotype-
genotype translation of S. cerevisiae. GEMs with FBA can be useful
for the design of yeast strains through rational engineering,
mutagenesis, directed evolution, and strain screening. A recent
study demonstrated the usefulness of the GEMs to enhance heme
production 70-fold by using Yeast 8 and ecYeast8 for predicting
gene targets for CRISPR/Cas9 genome editing in S. cerevisiae (22).
GEMs and FBA were also used to enhance the yield of L-phenyl-
acetylcarbinol (L-PAC) production in S. cerevisiae by predicting
novel genes deletion targets (rpe1, pda1, adh1, zwf1, and pdc1) for
increased L-PAC production. A mutant strain with zwf1 knockout
yielded 2.48 g/L L-PAC from 2 g/L benzaldehyde, which is close to
88% of the theoretical yield (23).
MOLECULAR APPROACHES FOR THE MANIPULATION OF
S. CEREVISIAE

Emergent of the revolutionary molecular tool, CRISPR system
has quickly become the gold standard of genetic manipulation in
S. cerevisiae. The first study that adopted CRISPR for genome editing
in S. cerevisiae can be traced back to the year 2013, which showed
that co-transformation of CRISPR/Cas9 and guide RNA (gRNA)
plasmids can deliver almost 100% donor DNA recombination fre-
quency at targeted CAN1 locus, which is five times higher than the
delitto perfetto method (24). More recently, CRISPR/Cas9 is used for
the genetic engineering of a yeast strain to reduce urea production
in commercial wine strains by the knockout of the CAN1 gene that
encodes for arginine permease (25). Furthermore, the genome
shuffling method using CRISPR/Cas has managed to produce a
thermotolerant strain that grows well under 39 �C (26). CRISPR/
Cas9 system is also used in (CRISPR)-PCR-mediated chromosomal
deletion (PCD) (CRISPR-PCD) and PCR-mediated chromosomal
replacement (CRISPR-PCRep) technologies to delete two
e metabolic engineering of yeast strains for industrial productions.
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chromosomal regions and replace three chromosomal regions in a
single transformation, with efficiency from 83% to 100% (27).

Multiplex genome editing using CRISPR/Cas9 system accelerates
strain engineering of S. cerevisiae. Highly efficient (80e100% effi-
ciency) one-step multiplex CRISPR/Cas9 knock out of three genes
(ADH2, GPD1, and ALD4) enhanced ethanol production ability by
1.41-fold (28). Furthermore, a reprogramming endonuclease-
deficient Cas9 (dCas9) protein has been fused with the transcrip-
tional activation domain of VP64, p65, and Rta (dCas9-VPR) for
more efficient multiplex gene regulation and configurable up- or
downregulation by changing the target position of the dCas9-
activator at the gene promoter or open reading frame (ORF) (29).
This study also demonstrated the use of a single dCas9-VPR with
Pol II promoter ribozyme-sgRNA-ribozyme expression cassette for
the expression of multiple sgRNAs in activating or repressing
multiple genes (29). Apart from CRISPR/Cas random mutagenesis
for 2,3-butanediol resistance (15) as mentioned above, Morita et al.
(30) used dCas9 system to improve the production of 2,3-
butanediol by suppressing PDC1 promoter in ethanol synthetic
pathway. Another study demonstrated that bacterial endor-
ibonuclease Csy4 can produce multiple gRNAs from a single tran-
script by cleaving mRNA with gRNA sequences flanked with Csy4
recognition motifs for multiplex genome editing or CRISPR inter-
ference (CRISPRi) in S. cerevisiae (31).

Cas12a, also known as Cpf1 is a new class II/type V CRISPR-Cas
system used for genome editing in S. cerevisiae. One major advan-
tage of CRISPR/Cas12a is its endoribonuclease domain with pre-
crRNA processing activity that auto-process own CRISPR RNA
(crRNA), unlike Cas9 which requires a trans-activating CRISPR RNA
(tracrRNA). This allows the expression of multiple gRNAs from one
simple crRNA array for CRISPR/Cas12amultiplex genome editing, in
contrast to CRISPR/Cas9 which requires complex or multiple gRNA
expression constructs. A comparison of Cpf1 orthologs AsCpf1,
LbCpf1, and FnCpf1 shows that LbCfp1 and FnCpf1 have comparable
efficiencies as CRISPR/Cas9 (32). Multiplex genome editing using
CRISPR/FnCpf1 (Francisella novicida) on four loci of the S. cerevisiae
genome was accomplished with 100% efficiency (33). Later, Li et al.
(34) developed self-cloning CRISPR/Cas12a (scCRISPR/Cpf1) for
singleplex (80% efficiency) and tripleplex (32% efficiency) that
enable genomic integration of b-carotene pathway and strain en-
gineering of S. cerevisiae for patchoulol production without cloning
steps.

One of the challenges in CRISPR-based genome editing of
S. cerevisiae is due to the lack of specific protospacer adjacent motif
(PAM) in the target sequence: SaCas9 (PAM ¼ NNGRRT), SpCas9
(PAM¼ NGG), and AsCas12a (PAM¼ TTTV). Therefore, the joint use
of these CRISPR/Cas systems will increase the availability of PAM in
the target sequence and improve the range of editable targets in the
S. cerevisiae genome. Recently, Okada et al. (35) have designed a
series of CRISPR-SpCas9/SaCas9/AsCas12a backbone vectors with an
URA3 marker and GAL1 promoter that is compatible with Golden
Gate Assembly. These backbones which are available at NBRP Yeast
Resource Center can shorten the genome-editing process of
S. cerevisiae to 2 weeks.

The promoter is one of the most essential regulatory compo-
nents in gene expression. Native promoters that exist in the
S. cerevisiae genome have been identified and characterized for
their promoter strengths. This library of the promoter is useful for
optimizing the expression of the desired gene for industrial pur-
poses (36). The effect of promoter on xylose-utilizing strain was
investigated by expressing the lacZ reporter gene with 29 different
promoters in different culture conditions (aerobic/microaerobic in
xylose or glucose-containing media) (37). A more recent study has
selected 30 out of 66 native S. cerevisiae promoters for (2S)-nar-
ingenin biosynthesis pathway optimization and managed to
improve the titer to 1.21 g/L, the highest record to date (38).
Promoter engineering of the RIM15 gene (encodes for protein ki-
nase RIM15p that phosphorylates GIS1p transcription factor to
activate genes in glycerol and acetatemetabolism, and genes for the
survival during quiescent stage) by inserting promoter of gluco-
neogenic gene (PCK1) to 50-untranslated regions of RIM15 suc-
cessful repressed RIM15 gene in the early glucose-rich stage and
induce RIM15 gene in the late stage of alcohol fermentation and
outperformed RIM15-deleted strain under severe alcohol fermen-
tation process (39). Another important regulatory element for gene
expression is the terminators. In 2017, Wei et al. (40) identified and
characterized the strength of 100 native S. cerevisiae terminators
(45 strong, 31 moderate, and 24 weak) and showed that strong
terminators increase mRNA level and protein expression, although
the effect is reduced if paired with strong promoters.

Furthermore, the development of the toolkits for gene
expression in S. cerevisiae also contributes to advancement in the
metabolic engineering of S. cerevisiae. For instance, the modular
gene expression toolkit for S. cerevisiae with a set of activator/
repressor transcription factors (TFs) with TF-dependent and native
promoters can control heterologous expression and allow
switching between two alternative metabolic branches (41).
Moreover, a CRISPR/Cas9-based toolkit for S. cerevisiae gene
expression which includes sgRNA plasmids, promoters with
different strength and protein tags, together with a Cas-Designer
web tool for primer design successfully improved the expression
of taxadiene synthase by 25-fold (42). Besides, many computa-
tional methods and tools have been published recently to help the
engineering of S. cerevisiae strains (Table 1) (43e49).
PATHWAY ENGINEERING STRATEGIES

S. cerevisiae has great potential for heterologous productions
that require non-native biosynthesis pathways, such as plant phe-
nylpropanoids (50,51) and terpenoids (52). Multi-omics studies
identified novel genes and biosynthetic pathways for metabolic
engineering or synthetic biologymodifications of S. cerevisiae. DBTL
cycles are applied to redesign and optimize the heterologous
biosynthesis pathway in S. cerevisiae by introducing efficient
biosynthetic enzymes (52,53). This section will discuss recent
strategies used in metabolic pathway engineering of S. cerevisiae,
including pathway refactoring, orthogonal pathway, combinatorial
pathway, cofactor and metabolic flux redirection, and subcellular
engineering.

Advances in synthetic biology allow the implementation of
different strategies for pathway engineering in S. cerevisiae. With
the help of DNA assembly technologies such as Golden Gate As-
sembly and gene synthesis services, multigene construction for
pathway refactoring is simplified. Nowadays, synthetic genes can
be cloned into plasmid constructs with multiple promoters and
terminators to create a series of expression cassettes. The con-
structs can later be assembled into a fully refactored pathway using
hierarchical Golden Gate Assembly. This strategy is not only highly
effective in refactoring the zeaxanthin biosynthetic pathway in
S. cerevisiae but also has high modularity that allows gene deletion
or exchange using spacer plasmids if desired (54).

The orthogonal pathway is a recent strategy used to improve
limonene synthesis in S. cerevisiae (55). In the study, a more efficient
orthogonal limonene biosynthetic pathway with neryl diphosphate
synthase 1 (SINDPS1) and plant limonene synthase improves the
limonene yield by 6-folds when compared to conventional limo-
nene biosynthetic pathway. The bottleneck present in the conven-
tional limonene biosynthetic pathway is due to heterologous
limonene synthase that produces limonene using endogenous
substrate geranyl diphosphate (GPP) that is also involved in the
yeast sterol pathway. In orthogonal limonene biosynthetic pathway,



TABLE 1. List of example computational methods and tools for S. cerevisiae systems and synthetic biology.

Tool Type Description Reference

Experiment data depot (EDD) Online tool Repository of experiment data andmetadata, visualization of data, and standardization of
export data. Can be used for the storage of characterized synthetic biology parts,
leveraging proteomics data to improve biofuel yield, and using extracellular metabolite
concentrations to predict intracellular metabolic fluxes.

43

Network-based gene
enrichment analysis (NETGE-PLUS)

Webserver Standard functional interpretation for gene sets of model organisms including
S. cerevisiae. Functional enrichment of genes and exploration of functional relationships
in KEGG pathway via KEGG-NET resource.

44

Network propagation for
functions prediction (NPF)

Protein annotation
method

Function prediction using network propagation complement with multi-omics data such
as domain annotation and protein complex information. The comprehensive evaluation
shows NPF delivers better performance than the competing method.

45

YEASTRACT Database and
search tool

YEAst Search for Transcriptional Regulators and Consensus Tracking (YEASTRACT) can be
used for the analysis and prediction of transcription factors and the target genes in
S. cerevisiae.

46

Yeast-GEM GEM database Database of up-to-date consensus GEMs including Yeast 8 (https://github.com/
SysBioChalmers/yeast-GEM)

47

GECKO 2.0 GEM Toolbox Updated GECKO toolbox for construction of enzyme-constraint GEMs model (ecModels)
for S. cerevisiae and other organisms. (https://github.com/SysBioChalmers/GECKO/
releases/tag/v2.0.2)

48

Cas-Designer CRISPR/Cas9
design tool

Design possible guide RNA sequences based on DNA sequence input and their potential
off-target sites in the target genome and aid in choosing suitable gene knockout sites.

49
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the SINDPS1 produces neryl pyrophosphate (NPP) (cis-GPP) instead
of GPP from isopentenyl pyrophosphate and dimethylallyl pyro-
phosphate (DMAPP) and the plant limonene synthase converts NPP
to limonene, which in turn bypassing the bottleneck present in
conventional limonene biosynthetic pathway (55).

Pathway engineering using the combinatorial design is another
strategy to improve the production of S. cerevisiae. Combinatorial
approach for pathway engineering in S. cerevisiae can be achieved
through a combination of enzyme homologs with various charac-
teristics or a combination of pathways with similar functions (56).
The latter approach is used to improve the production of ger-
anylgeraniol (GGOH) to nearly 9-fold, in which two different
branches of GGOH biosynthetic pathways were combined to
overproduce geranylgeranyl pyrophosphate (GGPP) substrate for
yeast endogenous phosphatase to produce GGOH (56).

Altering cofactor availability and redirecting metabolic flux can
also be used in the metabolic engineering of S. cerevisiae. For
instance, the production of protopanaxadiol (PPD) in engineered
strain is significantly improved (>11-fold) by redirecting metabolic
flux to increase NADPH availability, coupled with optimized
expression balance of genes in the PPD pathway with different
combinations of promoters (57). Combinational use of chromo-
somal integration of endogenous genes (tHMG1, ERG1, ERG20, ERG9,
POS5 or UPC2.1), knockout of genes affecting mevalonate (MVA)
pathway using CRISPR/Cas9 (BTS1, ROX1, YPL064w, and YJL062w),
the introduction of high efficiency heterologous TwOSCT502E frie-
delin synthase enzyme produces GQ1 strain, which hold the
highest friedelin titer record of 2.45 mg/L, 65-fold higher than the
wild-type strain BY4741 under optimized culture media (58).

Another example of metabolic engineering is the study by
Yamada et al. (59) that optimized the expression of 12 genes
involved in glycolysis and heterologous d-LDH gene in S. cerevisiae
to produce a stable high D-lactic acid production strain with high
glucose metabolism and low ethanol production. Lycopene pro-
duction in S. cerevisiae was improved to 115.64 mg/mL, 2689-folds
higher than the starting strain via pathway and chassis meta-
bolism optimization. This is achieved by increasing the pool of
rate-limiting step metabolite GGPP and expanding MVA pathway
under the control of a constitutive promoter and CEN.PK2e1C as a
chassis with enhanced terpenoid precursor synthesis (60).
Furthermore, an increased copy number of genes in (2S)-nar-
ingenin metabolism pathway (4CL and CHS) eliminated the feed-
back inhibition of tyrosine and downregulated competitive
pathways in a high titer p-coumaric acid strain and yielded
149.8 mg/L of (2S)-naringenin (61).
Apart from pathway assembly in the cytosol, subcellular engi-
neering is getting popular for metabolic engineering in recent years
(62). Subcellular engineering is engineering of pathways in the
organelles such as the mitochondria, peroxisomes, endoplasmic
reticulum (ER), Golgi apparatus, vacuoles, and cell wall. For re-
combinant protein expression in S. cerevisiae, one obstacle is low
yield due to low protein secretion and intracellular retention of the
protein. Hence, the ER and Golgi apparatus pathway of S. cerevisiae
is engineered to improve protein production. Deleting VPS5 and
VPS17 that participate in endosome-to-Golgi trafficking signifi-
cantly improves heterologous protein secretion and reduces
intracellular retention of the protein. This modification improved
protein secretion from milligrams per liter scale to 2.5 g/L of a-
amylase (63).

ROLE OF MACHINE LEARNING IN S. CEREVISIAE METABOLIC
ENGINEERING

One of the challenges in systems biology is to transform a huge
amount of data obtained from omics studies into knowledge. For
example, it is difficult to understand the genotypeephenotype
relationship due to a poor correlation of metabolome to gene
expression. Machine learning (ML) can analyze and learn the pat-
terns from huge experiment data obtained from systems biology
studies and use the pattern to guide the metabolic engineering of
S. cerevisiae. A recent ML study accurately predicted S. cerevisiae
metabolome phenotype and essential genes in metabolic regula-
tion based on enzyme abundance by mapping regulatory enzyme
expression patterns of 97 S. cerevisiae strains with kinase knockout
(64). Another study extensively evaluated 27 ML techniques to
combine metabolic flux data captured from GEMs created by
genome-wide expression profiles and transcriptomes of 1143
S. cerevisiae mutant strains to generate a multimodal artificial
neural network (MMANN) that can predict and characterize cell
growth of another 86 strains (65). Another neural network algo-
rithm predicted ethanol yields from S. cerevisiae fermentation
within 30- and 60-min using yeast morphological data with a co-
efficient of determination >0.9 (66).

ML has been used in the metabolic engineering of S. cerevisiae
strain for industrial applications. GEMs were used for identifying
gene targets (PCK1, TKL1, TAL1, CDC19, and PFK1) that perturb
tryptophan synthesis and search transcriptomes to find 30 pro-
moters for a total of 7776 combinational designs (67). Two ML
models adopting the automated recommendation tool (ART) or
Bayesian optimization inspired EVOLVE algorithm from TeselaGen
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were trained using datasets from high-throughput analysis of
tryptophan accumulation using engineered tryptophan biosensor.
EVOLVE allows predictive engineering of S. cerevisiae by predicting
the outcome of metabolic engineering based on the strain design as
input. Based on the ART and EVOLVE prediction, CDC19 and PFK1
genes were knock-downed to produce SP606 strain with improved
tryptophan titer and productivity up to 74% and 43%, respectively
(67). ML workflow in conjunction with the YeastFab Assembly
strategy (MiYA) is another example of ML application in the DBTL
cycle of yeast strain engineering. MiYA can aid in optimizing
combinatorial metabolic pathways by capturing rate-limiting steps
and decreasing the accumulation of undesired byproducts or in-
termediates (68). MiYA uses an artificial neural network (ANN)
ensemble trained with a small dataset from the compilation of
genotypic and phenotypic information from representative
S. cerevisiae strains. This ANN ensemble can predict the best
genotypic design for experimental validation. For instances, MiYA is
used by the same study to predict a strain with empirically verified
2.42-fold higher violacein production amongst 3125 designs fed to
MiYA. A recent study used a model trained using sequences of
fungal and bacterial sugar transporters together with a comparative
genomics approach of 182 yeast phylogenomic analysis successfully
identified three new yeast xylose transporters (Spx, SpH, and SpG)
(69). Wet lab analysis showed that the hexose transporter deficient
EBY_Xyl1 strain with a xylose consumption pathway harboring one
of these transporters outperformed the control strain in cell growth
as well as the uptake and consumption of xylose (69).

Other than strain engineering, the ML approach is also adapted
for predicting yield and optimization of the fermentation process.
For instance, ML using an optimized decision-making system al-
gorithm is used to improve glucose consumption and ethanol
production by optimizing fermentation parameters such as shaking
speed, temperature, time, as well as pH and biomass (cellulose,
hemicellulose, and lignin) content and can predict yield based on
parameters used with 95% accuracy (70). These studies demon-
strate how ML can be employed in an industrial setting to scale up
bioproduction using S. cerevisiae.

CONCLUSION

This review presents the systems and synthetic biology studies
of S. cerevisiae in the context of its industrial applications. In short,
omics studies on the molecular mechanisms of S. cerevisiae provide
fundamental resources for applied metabolic engineering and
translational research. The rapid and continuous development of
GEMs with molecular and computational tools facilitate systematic
and efficient metabolic engineering of optimal S. cerevisiae strains
for different industrial applications. Lastly, increasing studies of ML
in recent years show that ML could be the next breakthrough for
accelerated metabolic engineering of S. cerevisiae.
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