ﬁ applied sciences

Review

Artificial Intelligence in Yeast Biotechnology: Applications,
Opportunities, and Challenges

Hossein Zakariapour Bahnamiri 1, Alica Navratilova 2, Marek Kovar 3, Lucia Klongova ! and

Miroslava Pozgajova 1*

Academic Editors: Dirk Tischler and

Giovanni Barone

Received: 19 June 2026
Revised: 19 July 2026

Accepted: 23 July 2026
Published: 27 July 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

1 AgroBioTech Research Center, Slovak University of Agriculture in Nitra, Tr. A. Hlinku 2, 949 01 Nitra,
Slovakia; hossein.bahnamiri@uniag.sk (H.Z.B.); lucia.klongova@uniag.sk (L.K.)

2 Institute of Nutrition and Genomics, Slovak University of Agriculture in Nitra, Tr. A. Hlinku 2,
949 01 Nitra, Slovakia; alica.navratilova@uniag.sk

3 Institute of Plant and Environmental Sciences, Slovak University of Agriculture in Nitra, Tr. A. Hlinku 2,
949 01 Nitra, Slovakia; marek.kovar@uniag.sk

* Correspondence: miroslava.pozgajova@uniag.sk; Tel.: +421-37-641-4922

Abstract

The adoption of artificial intelligence (AI) has been steadily growing across various fields
in recent years. Al can have significant advantages for industries, including automation,
reliable prediction, enhanced process control, and improved efficiency. Particularly, the
field of academic research has embraced Al as a tool to address global challenges. Yeast
strains, especially Saccharomyces cerevisiae, serve as key model organisms and industrial
cell factories, enabling fundamental biological discoveries and advanced biotechnological
applications through conserved eukaryotic pathways and modern metabolic engineering
tools. Yeast cell biology can benefit from Al through its optimization of the fermentation
process via an advanced control system, accelerated identification and classification of
yeast strains through deep learning, predictive analysis of multi-omics biological data,
strain engineering, and as a powerful approach in the evolution of the yeast genotype-
phenotype map to explore novel biology. This review evaluates the benefits of using Al
in biological studies leveraging yeast strains, discusses the challenges and limitations, and
outlines the prospects.

Keywords: artificial intelligence; machine learning; yeast synthetic biology; phenotype
prediction; metabolic engineering; fermentation optimization

1. Introduction

Yeast cells are widely used as a model organism for studying eukaryotic cell biology
and investigating the molecular mechanisms underlying a wide range of human diseases,
as many fundamental eukaryotic genes, proteins, and cellular pathways are
evolutionarily conserved between yeast and humans [1]. Moreover, yeast strains,
especially Saccharomyces cerevisiae, are widely used as cell factories for producing fuels,
beverages, foods, food ingredients, chemicals, pharmaceuticals, and vaccines [2,3] for use
in the environmental, agricultural, medicine, energy, and materials sectors. Advances in
metabolic engineering, aimed at improving cellular metabolism to enhance metabolite
production, together with developments in synthetic biology, have led to the creation of
microbial strains with enhanced capabilities to produce chemicals from renewable
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feedstocks. These microbes, known as microbial cell factories (MCFs), were engineered to
produce multiple specialized compounds, including pharmaceuticals, biofuels, food
additives, and platform chemicals [2]. In most cases, the bacterium E. coli and the yeast S.
cerevisine are used as platform cell factories [4]. Despite success in developing many
processes, the complete development of MCFs is usually time- and budget-consuming,
requiring substantial effort to advance a proof-of-concept strain toward commercial
production [5].

Historically, scientific discoveries were solely dependent on humans to generate
hypotheses, which then underwent experimental validation and analysis. With advances
in scientific research, even comparatively simple model organisms, such as S. cerevisiae,
exhibit complexity far beyond what humans can reliably interpret or experimentally
validate within a reasonable timeframe. To achieve reliable and scalable scientific
outcomes under these conditions, acquiring integrated automated experimental and
computational methods is essential. The time- and resource-intensive process of MCF
development can be mitigated using genome-scale metabolic models (GEMs) and
computational algorithms to identify non-intuitive gene-engineering targets that enhance
production efficiency [6]. Methods for MCF design, including MOMA (Minimization of
Metabolic Adjustment), which predicts metabolic responses to gene deletions; FSEOF
(Flux Scanning based on Enforced Objective Flux), which identifies overexpression
targets; optKnock (Optimization of Knockouts), which determines gene deletions that
couple growth with product formation; and optForce (Optimization-based Force
Identification), which identifies the set of genetic interventions required to achieve a
desired production phenotype, can predict extensive lists of gene target candidates and
generate ranked lists and prioritize suggestions; however, they lack integration with
additional analysis [2].

The Design-Build-Test-Learn (DBTL) cycle is the foundation of synthetic biology
methodology, which adopts engineering principles to ensure reproducibility and
efficiency in biological research. Iterative DBTL biological engineering cycles enable
researchers to test large-scale genetic designs and apply Al/Machine Learning (ML) to
improve the design process [7]. All phases of the DBTL cycle can benefit from Al and ML
applications. In the design phase, Al has the potential to support hypothesis generation,
host organism selection, and the design of sgRNAs, metabolic pathways, and
experiments. In the build phase, Al contributes to chromosome synthesis, genome editing,
pathway engineering, and DNA assembly. During the test phase, Al facilitates
sequencing, automation, screening, and experimental manipulation, while in the learn
phase, it enhances omics data analysis, phenotype identification, and classification.
Foundational pre-trained Al models, such as Large Language Models (LLMs), can serve
as valuable assistants in creating training materials for new employees, optimizing
protocols, and gathering biological information. Moreover, ML applications in synthetic
biology can overcome the DBTL cycle’s “learning” bottleneck by processing vast volumes
of data and providing predictive models by choosing appropriate features to represent
the phenomenon of interest and identify unseen patterns [8].

Wet-lab assays impose a high cost, where only a limited number of designs can be
empirically tested, while Al-driven in silico exploration of thousands of genetic
configurations enables the prioritization of high-confidence variants for validation [9]. In
addition, Al can be utilized to evaluate the reliability of high-throughput screening data
through the identification of anomalies from robotic errors or instrument drift and
enhances standardization through domain-specific € onstruction File’ (CF) formats
encoding molecular biology operations, leading to automated detection of design flaws
and validation of workflows across labs [10,11]. LLMs, PLMs (Protein Language Models),
GEMs, BioCAD (Biological Computer-Aided Design), SBOL (Synthetic Biology Open

https://doi.org/10.3390/app16157489



Appl. Sci. 2026, 16, 7489

3 of 33

Pathway design (:)
Experimental design

Host selection

Omics data analysis

Phenotypic identification ﬁQ

and classification

Language), and design space exploration have the potential to improve designing speed,
predictive power, and design diversity. In addition, the acquisition of ML/AI integration
(Bayesian optimization, deep learning (DL), active learning), LIMS (Laboratory
Information Management System), and cloud-based feedback loops during the learn
phase improved predictivity, cycle speed, and hypothesis generation [12].

The optimization of the fermentation process is an undeniable requirement to
enhance the production of the desired compounds while mitigating waste, energy
consumption, and environmental impact [13]. Effective management and monitoring of
the fermentation process are essential in this context [14]. The complexity and dynamic
interactions among microorganisms and fermentation variables are obstacles preventing
mechanistic models from properly distinguishing the effects of various fermentation
conditions and simulating the fermentation process [15,16]. Moreover, these models
cannot predict the impact of factors beyond substrate concentration. In ML and Al,
empirical data and specific algorithms are used on a computer to develop models with
predictive functions. Acquiring ML methods can help in predicting fermentation yield,
optimizing the fermentation process, and monitoring the fermentation process [17].

Given the broad applications of yeast as both a model organism for understanding
eukaryotic biology and as a platform for the production of valuable bioproducts,
improving yeast research and engineering strategies remains a major objective in
biotechnology. Although several recent reviews have discussed Al applications in
synthetic biology, biotechnology, or individual areas such as metabolic engineering and
DBTL workflows, a comprehensive review dedicated specifically to yeast biotechnology
has been lacking. This review addresses that gap by providing an integrated yeast-
centered perspective on Al applications across multiple levels of biological research,
including omics data analysis, microscopy-based phenotyping, phenotype prediction,
metabolic engineering, and fermentation optimization (Figure 1). In addition, it discusses
the opportunities offered by emerging Al technologies, the current limitations affecting
their implementation, and future directions for Al-assisted yeast biotechnology.
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Figure 1. Integration of AI and ML across the Design-Build-Test-Learn (DBTL) cycle in yeast
synthetic biology. AI/ML can support each stage of the workflow, from hypothesis generation,
pathway and sgRNA design, and host selection (Design), to genome engineering and DNA
assembly (Build), automated screening and sequencing (Test), and omics-driven analysis,

phenotype prediction, and iterative strain optimization (Learn).

This narrative review was based on a comprehensive, non-systematic literature
search conducted to identify relevant studies on the application of Al in yeast
biotechnology and synthetic biology. The literature search was performed using the Web
of Science, Scopus, PubMed, and Google Scholar databases, primarily covering
publications from 2015 to 2026, while earlier landmark studies were included when
necessary to provide historical context. The main search terms included combinations of
artificial intelligence, Machine Learning, deep learning, yeast, synthetic biology, metabolic
engineering, phenotype prediction, omics, microscopy, and Design-Build-Test-Learn
(DBTL). The retrieved articles were screened based on their relevance to the scope of this
review, scientific quality, and contribution to understanding Al applications in yeast
research. Priority was given to original research articles and recent reviews describing
methodological advances, experimental applications, and emerging trends in Al-assisted
yeast biotechnology.

2. Applications of Al in Yeast Synthetic Biology and Biotechnology
2.1. Al Facilitates the Analysis and Interpretation of Yeast Genomics and Multi-Omics Data

The considerable advancements in high-throughput sequencing and multi-omics
technologies have generated vast volumes of genomic, transcriptomic, proteomic, and
metabolomic data in yeast research. While conventional statistical approaches, such as
regression analysis and analysis of variance, remain useful for structured, low-
dimensional datasets, they are often inadequate for capturing the complex nonlinear
relationships embedded in large-scale omics data [18,19]. Al and ML approaches have
emerged as powerful tools for extracting biologically meaningful patterns, inferring
regulatory relationships, and integrating heterogeneous datasets. The studies that applied
Al approaches to genomic and omics data analysis in yeast are summarized in Table 1.

Regarding the reconstruction and interpretation of gene regulatory networks, several
studies have demonstrated that DL models can uncover complex regulatory relationships
that are difficult to identify using traditional approaches. A distributed large-scale
transcriptional regulatory neural network model (DLTRNM) developed for S. cerevisiae
integrated prior biological knowledge with transcriptomic data to predict transcription
factor—target gene interactions and identify key regulatory factors [20]. However,
DLTRNM remains limited by the dynamic and condition-dependent nature of
transcriptional regulation, the scarcity of comprehensive time-series transcriptomic
datasets, and the limited interpretability of the models, highlighting the need for further
experimental validation and improved model generalizability across diverse yeast
conditions. Similarly, deep autoencoder models have been used to learn hierarchical
representations of yeast transcriptional machinery, revealing biologically meaningful
structures within gene expression data and partially reconstructing the hierarchical
organization of transcriptional regulatory systems [21], suggesting the approach is
applicable in more complex organisms. Compared to conventional autoencoders, sparse
autoencoders generate more biologically meaningful latent representations by activating
only a small subset of hidden units for each sample, which better reflects the sparse nature
of transcriptional regulation. Furthermore, unlike NMF, the hierarchical architecture of
sparse autoencoders captures regulatory information at multiple levels of abstraction,
resulting in more interpretable latent features and improved identification of
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transcriptional regulatory patterns. These studies illustrate how representation-learning
approaches can move beyond simple correlation analyses to capture latent regulatory
structures within high-dimensional transcriptomic datasets.

Recent advances have also expanded the use of Al from regulatory network inference
toward sequence-based prediction and interpretation. The emergence of protein and DNA
language models has enabled the direct extraction of biological information from
sequence data without extensive feature engineering. Sakharova and Lareau [22]
combined a Protein Language Model with large-scale experimental screening to
investigate evolutionary constraints on synonymous codon usage, demonstrating that
codon preferences can be predicted from protein sequence information and are strongly
influenced by translational accuracy and cotranslational localization; however, it relies
exclusively on protein sequence representations and therefore does not explicitly model
nucleotide-level factors, such as mRNA structure or other sequence-specific regulatory
constraints, which may also influence synonymous codon selection. Likewise, Dash and
Bornelov [23] trained deep neural networks on millions of synthetic and natural yeast
promoter sequences to predict gene expression and uncover cis-regulatory grammar.
Their prediction capability was shown to be affected by distribution shifts between
synthetic training sequences and biologically relevant promoter sequences, highlighting
the need for training datasets that better capture the diversity and complexity of natural
regulatory landscapes. Together, these studies highlight a broader shift in computational
biology from manually engineered sequence features to foundation model-based
approaches that learn regulatory principles directly from biological sequences.

Another important sector is the application of Al for multi-omics integration.
Biological phenotypes are rarely determined by a single molecular layer, making the
integration of transcriptomic, proteomic, metabolomic, and regulatory information
essential for system-level understanding. BRANEnet, a network embedding framework,
demonstrated that biologically meaningful latent representations can be learned from
heterogeneous multilayer biological networks, outperforming existing methods in
transcription factor—target prediction, integrated network inference, and module
detection [24]; however, their evaluation was limited to a yeast heat-shock multi-omics
dataset, and further validation on diverse organisms and additional omics layers is
required to assess its generalizability. Similarly, the Al-based framework iAMD
integrated transcriptomic, proteomic, and phosphoproteomic data to identify novel
regulators of autophagy in S. cerevisiae [25]. The performance of iAMD was compared with
conventional ML algorithms, including logistic regression, Support Vector Machine
(SVM), Gaussian naive Bayes (GNB), and RF. iAMD outperformed these approaches in
predicting Atgl-interacting partners and substrates, achieving higher AUC values and
highlighting the advantage of its hybrid meta-learning framework for multi-omics-based
prediction. Earlier studies, such as Mendes et al. [26], relied primarily on integrative
analyses of transcriptomic and metabolomic data to investigate the molecular basis of
aroma compound production across diverse yeast strains. Compared with these earlier
approaches, recent Al-driven frameworks are increasingly capable of learning latent
biological relationships directly from heterogeneous datasets rather than merely
identifying statistical associations between molecular features.

The studies discussed above demonstrate that Al approaches have substantially
expanded the capability of yeast genomics and multi-omics analysis beyond conventional
statistical methods by enabling the identification of nonlinear relationships, hidden
regulatory structures, and cross-layer molecular interactions. However, the suitability of
different Al architectures depends strongly on the characteristics of the biological data
and the research objective. DL and graph-based approaches are particularly valuable for
reconstructing complex gene regulatory networks and integrating heterogeneous
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biological interactions, whereas sequence-based foundation models, including protein
and DNA language models, are more appropriate for extracting regulatory principles
directly from large-scale sequence datasets. For multi-omics integration, network
embedding and multimodal learning frameworks provide advantages by capturing latent
relationships across molecular layers, while interpretable ML approaches remain
important when datasets are limited or experimental validation is required. Despite these
advances, most current AI models are trained and evaluated using a limited number of
yeast strains and specific environmental conditions, which limits their generalizability to
diverse industrial and biological contexts. Future efforts should therefore focus on
developing larger, more standardized multi-omics datasets, improving model
interpretability, and integrating Al predictions with systematic experimental validation
to enable reliable transfer of computational models across yeast species, strains, and
cultivation conditions.
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Table 1. The studies used Al and ML in yeast strain genomics and omics data analysis alongside the reported benefits.
Organis . DBT . .. . L. .
Tool/Model Type Conventional Approach Role Function/Application Yeast Eng. Application Performance Gain Reference
Reconstructionand  Regulatory network inference, + Prediction of regulatory
Mechanism Conventional TRN prediction of TRNs by identification of key correlations, +
anism- . . . s . .1
S. informed DNN inference models integrating curated TF-  transcription factors, systems- interpretability, —
cerevisia. DLTRNM with transfer (Boolean, ODE-based, L target interactions with  level modeling of yeast gene computational burden, + [20]
e learnin and conventional ML pan-transcriptomic and ~ regulation, and support for ability to identify key TFs
& approaches) time-series expression synthetic biology circuit and complement missing
data engineering subnetworks
Prediction of -
. 54.5% overall prediction
DL for Conventional codon synonymous codon L )
PLM + . . Codon optimization for accuracy compared with
S. sequence-to- optimization approaches usage constraints from . o .
.. codon . heterologous expression, 50% random baseline, +
cerevisia .. sequence based on codon usage L protein sequence to . L . . [22]
prediction . . . . synthetic gene design, improved discovery of translational
evolutionary metrics and nucleotide- uncover evolutionary . . . . ..
framework . . protein production strategies constraints, + generalization
modeling level features and translational rules ,
. . across genes and proteins
governing codon choice
+ Accuracy in predictin,
DL/ML model . Prediction of gene . . . . ymp &
Motif-based and . Promoter engineering, synthetic expression from sequence (12
S. for promoter expression from . .
. sequence feature-based biology design of gene =0.914 +£0.003, 0 = 0.962 +
cerevisia Camformer sequence-to- . L promoter sequences to . . . [23]
. promoter prediction . ) . expression systems, and 0.002), + discovery of cis-
e expression infer cis-regulatory logic . L
. approaches regulatory circuit optimization regulatory rules, + scalable
prediction and regulatory grammar . .
promoter activity modeling
+ Discovery of TF-associated
Learning hierarchical . . latent variables, +
. . Functional genomics, .
Conventional latent representations .. .. representation of
S. Sparse . . . . transcription factor activity o
.. DL transcriptomic analysis from microarray data; . transcriptional programs vs.
cerevisia autoencode . , , . L . inference, gene regulatory . [21]
. . autoencoder  using dimensionality uncovering linear methods, +

reduction models

transcriptional regulatory
structure

network inference, systems . . . .
Y hierarchical biological

interpretability of latent
representations

biology analysis
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+ Accuracy of TF-target
prediction, Average AUPR
improvement was ~10%

Graph
d with the best
representation Existing network co.mpare Wi ¢ es
. . . . . . baseline methods for average
S learning embedding and multi- Multi-omics integration TF-target prediction, integrated and weiehted L2 operators:
cerev.isia BRANEnet (random-walk omics integration and embedding of omics network inference, wei h’?e d12 AUII’DR was ! [24]
. + matrix methods (OhmNet, heterogeneous biological  identification of heat-stress 20 ‘Vghi her than BRANE
factorization +  Multi-Net, deepNF, networks regulatory modules ° g ..
SVD BRANE-Exp, and MOSS) Exp, + module detection in
embedding) Ps multilayer omics networks, +
8 scalable integration of
heterogeneous omics data, +
interpretability
S.
ze(rj;)izri;a Multi-omics Understanding aroma formation + Discovery of eenes linked
sake ! PCA and integration + Identification of gene in fermentation; identification of to arorr?a Cogrgn ound
cacha Ia MFA multivariate _ L expression—metabolite ~ candidate genes influencing sunthesis. + i denti};ication of [26]
s statistical associations ester and higher alcohol Y L
laborato modeling production aroma-associated pathways
ry
strains)
+ Identification of unknown
Integration of autophagy regulators (AUC
AIf k
tljrirrllefz;/\;or Conventional ML transcriptomic, Svstems bioloov analvsis of =0.874; 95% CI = 0.820—
S. {AMD autopha approaches (PLR, SVM, proteomic, and autg haev re ulii,ion d};scover 0.922), improved AUC
cerevisia PRA8Y  Gaussian Naive Bayes, L phosphoproteomic data Phagy I°g ’ y by >11.6% for Atgl- [25]

framework regulators from of autophagy-associated

.. RF) and basic DNN to infer autophagy . interacting partner
multi-omic genes/proteins . ) .
data models regulatory networks and prediction, + integration of
protein interactions heterogeneous omics

datasets

DBTL, Design-Build-Test-Learn cycle; D, Design; B, Build; T, Test; L, Learn. Assignment to individual DBTL stages was based on the primary function of the Al
application within the workflow. Applications primarily involving data interpretation, pattern recognition, or predictive modeling were assigned to the Learn
stage, whereas those supporting experimental evaluation or phenotype measurement were assigned to the Test stage. DLTRNM, Distributed Large-Scale

Transcriptional Regulatory Neural Network Model; PLM, Protein Language Model; BRANEnet, A multi-omics integration framework for multilayer
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heterogeneous network; PCA, Principal Component Analysis; MFA, Multiple Factor Analysis; iAMD, inference of autophagy regulators from multi-omic data;
DL, Deep learning; ML, Machine Learning; SVD, Singular Value Decomposition; TRN, transcriptional regulatory network; PLR, Penalized Logistic Regression;
SVM, Support Vector Machine; RF, Random Forest; DNN, deep neural network; AUC, area under the curve; CI, confidence interval. Plus symbol (+) indicates
enhancement or improvement of the evaluated characteristic. Minus symbol (-) indicates a reduction of the evaluated characteristic, such as labor, costs, processing
time, or resource consumption.
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2.2. Machine Learning Increases the Efficiency of Yeast Phenotype Prediction by Saving Time
and Labor

The majority of biological traits are complex and regulated by multiple genetic loci,
environmental factors, and their interactions. In organisms with large-scale genomic and
phenotypic datasets available, genome-wide association studies (GWASs) have been
widely used to identify genetic markers associated with phenotypic traits [27]. However,
GWASs often have limited power to detect rare variants, small-effect loci, and higher-
order interactions among genetic factors, resulting in an incomplete representation of the
genetic architecture underlying complex traits [28]. To address these limitations, ML
approaches have increasingly been employed to model complex genotype-phenotype
relationships and to prioritize causal variants by integrating genomic, transcriptomic,
proteomic, metabolomic, and environmental information [16-18]. Among ML methods,
Random Forests (RF) have emerged as one of the most widely applied algorithms for
biological data analysis due to their ability to handle high-dimensional datasets, capture
nonlinear relationships, and identify informative features that contribute to phenotypic
variation. Such capabilities make ML particularly suitable for predicting complex
phenotypes in yeast, where traits often arise from interactions among numerous
molecular and environmental factors [29]. Studies applying Al and ML for phenotype
prediction, along with their advantages, are presented in Table 2.

One of the major applications of ML in yeast phenotype prediction is the
identification of growth-associated traits from genomic and environmental data. Harrison
et al. [30] trained an RF model using environmental, metabolic, and genomic features to
predict the growth of Saccharomycotina species on different carbon sources. The model
achieved high predictive performance while simultaneously identifying previously
unrecognized features associated with growth on specific substrates. However, the
success of these ML models was attributed to the availability of large-scale, well-
annotated, and integrative datasets, as RF performance was improved dramatically by the
unique combination of genomic, metabolic, and ecological data from the Y1000+ Project,
which may limit the application of similar approaches in less-characterized lineages
lacking comparable datasets. Moreover, the underlying genetic architecture and
evolutionary history of the target trait are influential factors affecting ML models’
predictive power. Traits with simple genetic architectures and repeated evolutionary
origins may be more accurately predicted, whereas complex polygenic traits or traits
shaped by diverse evolutionary mechanisms remain challenging for genotype-phenotype
prediction [30]. Similarly, Khaiwal et al. [31] investigated the prediction of 223 phenotypic
traits across 1011 genome-sequenced S. cerevisizge strains using genomic and
transcriptomic information. By comparing four ML algorithms, including Ridge
regression, Elastic regression (Elastic Net), Support Vector Regression (SVR), and
Gradient-boosted trees (GBM), nonlinear models were superior to linear models in
predicting quantitative phenotypes from genomics and gene expression predictors, with
GBM as the most effective approach for phenotype prediction. This outperformance of
GBM can be attributed to its ability to capture nonlinear relationships and interactions
among genomic features underlying complex phenotypes. In addition, the prediction
accuracy varied considerably among traits, with stress-resistance phenotypes being
predicted more accurately than nutrient-utilization traits, highlighting differences in the
genetic complexity of individual phenotypes. This difference may also originate from the
fact that complex growth-related phenotypes are regulated by broader metabolic
networks and higher-order gene interactions

In addition to growth-related traits, ML has also been employed to predict metabolic
phenotypes and cellular states. Zelezniak et al. [32] demonstrated that metabolite
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abundances in S. cerevisiae could be accurately inferred from quantitative proteomic data
of kinase knockout strains when many-to-many regulatory relationships between
enzymes and metabolites were incorporated into the predictive framework and
outperformed conventional one-to-one proteome-metabolome correlation analysis. These
findings revealed a strong relationship between proteome composition and metabolic
states, highlighting the potential of ML for connecting molecular measurements to cellular
phenotypes. However, the approach was limited by its dependence on specific proteomic
datasets and experimental conditions, which may affect its generalizability. Moreover, the
predictive performance depends on the availability and quality of quantitative proteomic
measurements, which may limit application when comprehensive proteomic datasets are
unavailable.

These studies demonstrate that ML provides a powerful framework for improving
yeast phenotype prediction by integrating diverse biological data types and capturing
complex genotype—phenotype relationships beyond the capabilities of conventional
approaches. The ability of ML models to identify informative features, model nonlinear
interactions, and prioritize potential determinants of phenotypic variation highlights their
potential for accelerating yeast strain characterization and engineering. However, the
predictive success of these approaches remains highly dependent on the availability of
comprehensive, high-quality datasets, appropriate representation of biological
complexity, and the genetic architecture of the target traits. Therefore, further integration
of multi-omics data, improved model interpretability, and validation across diverse yeast
lineages will be essential for translating ML-based predictions into reliable biological
insights and practical applications in strain development.

https://doi.org/10.3390/app16157489
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Table 2. The studies used Al and ML tools in yeast phenotype prediction and the benefits gained.
Organis Tool/Mod Conventional DBTL . .. . L. .
5 Type Function/Application Yeast Eng. Application Performance Gain Reference
m el Approach Role
+ Accuracy for growth phenotypes
Prediction of carbon-source Strain engineering, carbon  prediction, prediction accuracy of
. utilization from genomic, source utilization 92.2% using curated galactose genes
Saccharo Supervised Manual feature-based . genon Lo . ° ?3; 8 e 8
) metabolic, and ecological optimization, evolutionary and 93.3% when genomic and
mycotin RF ML genotype-phenotype L . e . . . . [30]
. . features, identification of ~ biology of metabolism, = metabolic features were combined, +
a algorithm analysis . . e . .
determinants of galactose identification of alternative  discovery of unknown galactose
metabolism metabolic pathways utilization pathway, + genotype-
phenotype mapping
Supervised
ML Prediction of complex traits + Phenotype prediction from genomic
) . . Prediction of 223 e p }.Ip p. . &
S. algorithm Ridge regression, . . and prioritization of data, + identification of genotype—
. ) phenotypic traits from . .
cerevisii.  GBM  (ensemble  Elastic Net and SVR L . . phenotype-associated phenotype associations, + [31]
genomic variation across . . S .
e tree-based  (benchmark models) ) ) variants for strain prioritization of causal variants and
. diverse yeast strains .
regression improvement gene features
model)
ML -
. _ . + Prediction of metabolome changes
regression _ . Predicts metabolome from Mapping enzyme .
Supervised Conventional one-to- o . from proteome (Median cross-
S.  framework ) quantitative proteome abundance to metabolic )
. . ML (multi- one proteome- . validated R2=0.549; 10-fold CV), +
cerevisia  (Elastic . data, inference of state; systems-level . . . [32]
model  metabolome correlation . . . integration of proteomics and
e Net, RF, . . regulatory metabolic ~ understanding of metabolic . . e .
regression) analysis . . . metabolomics datasets, + identification
SVR, relationships regulation .
PLSR) of regulatory metabolic signatures

DBTL, Design-Build-Test-Learn cycle; D, Design; B, Build; T, Test; L, Learn. Assignment to individual DBTL stages was based on the primary function of the Al
application within the workflow. Applications primarily involving data interpretation, pattern recognition, or predictive modeling were assigned to the Learn
stage, whereas those supporting experimental evaluation or phenotype measurement were assigned to the Test stage. RF, Random Forest; GBM, Gradient Boosting
Machine; ML, Machine Learning; SVR, Support Vector Regression; PLSR, Partial Least Squares Regression; CV, Cross-Validation. Plus symbol (+) indicates
enhancement or improvement of the evaluated characteristic.
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2.3. Deep Learning Enhances the Accuracy and Speed of Yeast Identification and Classification
Through Microscopy Imaging, Segmentation, and Automated Image Analysis

Yeasts are frequently present in food products and food-processing environments,
where contamination by spoilage strains can lead to substantial economic losses. Since
many yeast species can grow under diverse environmental conditions, ranging from
ambient temperatures to refrigerated storage, rapid and reliable detection methods are
essential for quality control and contamination management [33]. Conventional
identification approaches typically rely on culturing visible colonies followed by
biochemical or genetic characterization, a process that often requires several days and
considerable labor [34]. Recent advances in DL and computer vision have transformed
yeast microscopy analysis by enabling automated identification, segmentation,
classification, and phenotypic characterization directly from imaging data [35]. The
studies that applied Al and DL approaches for yeast imaging and classification are
summarized in Table 3.

One of the most direct applications of DL in yeast microscopy is the rapid detection
and classification of yeast colonies. Park et al. [35] developed a DL-based classification
framework that combined conventional cultivation, white-light microscopy of
microcolonies, and deep convolutional neural networks (CNNs) for rapid strain
identification. Although the framework still relied on short-term cultivation to generate
yeast microcolonies, the whole detection and classification process was reduced to 6 h.
However, the classification accuracy varied among different strains, possibly due to a
limited training dataset and potential limitations in the morphological differences
between their microcolonies, including the overall smaller size of the microcolonies,
which makes effective discrimination more challenging [36]. To improve model
performance and overcome training data limitations, generative adversarial networks
(GANs) were used to generate synthetic microcolony images, thereby enhancing
classification accuracy and training efficiency by learning morphological characteristics at
the image level and generating synthetic images that closely mimic the real data [37].
Similarly, Aiki et al. [38] employed a YOLO-based classifier for automated detection of K.
humilis and S. cerevisiae colonies in sourdough cultures based on colony morphology and
color characteristics with high accuracy and speed. However, missing counts,
misclassification, and variable classification were mentioned as limitations of their
classifiers. These studies demonstrate how DL can substantially reduce the time required
for colony identification while enabling real-time monitoring of microbial population
dynamics during fermentation processes.

Before the widespread adoption of DL for yeast microscopy analysis, classical ML
approaches were also developed to automate cell morphology classification. One early
study combined image processing with SVM, k-Nearest Neighbor (kNN), and
Mahalanobis distance (GED) classifiers to identify yeast cell-cycle stages in microfluidic
microscopy images based on handcrafted morphological features [39]. The proposed
framework achieved a maximum classification accuracy of 82% using SVM while
reducing the subjectivity associated with manual microscopy-based cell-cycle analysis.
However, its performance relied heavily on handcrafted feature engineering and
threshold-based segmentation, making it sensitive to overlapping cells, variations in
illumination and focus, and dependent on manually labeled training data. These
limitations subsequently motivated the development of DL-based segmentation and
feature extraction methods.

Beyond colony recognition, a major focus of Al-assisted microscopy has been the
accurate segmentation of individual yeast cells, which represents a critical prerequisite for
quantitative image analysis. Traditional segmentation methods often struggle with
densely packed cells, complex backgrounds, and imaging artifacts. Hence, several DL-
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based approaches have been developed to overcome these challenges. Prangemeier et al.
[40] applied a U-Net-based DL framework to precisely segment yeast cells in complex
microstructured environments, enabling robust large-scale single-cell analysis. Compared
with conventional image segmentation methods, the U-Net model achieved more
accurate cell boundary detection and improved separation of densely packed cells while
reducing the need for manual parameter optimization. However, the model relied on
accurately annotated training datasets, and its applicability to different imaging
conditions or experimental setups may require retraining or fine-tuning. Furthermore, the
model was trained on a relatively narrow dataset representing a single microfluidic
configuration, and its performance in more diverse microstructured environments
remains to be established. Moreover, another U-Net-based model, YeastNet, was
developed by Salem et al. [41], capable of generating accurate segmentation masks from
bright-field microscopy images of S. cerevisiae. The model showed consistent performance
across various focuses, demonstrating resistance to segmentation errors usually caused
by changes in focus. YeastSpotter, introduced by Lu et al. [42], further simplified
automated cell segmentation through a user-friendly and generalizable web-based
platform, eliminating the need for extensive parameter optimization. In addition, Haja
and Schomaker [43] proposed a fully automated end-to-end workflow that integrates
segmentation, detection, and classification into a unified framework for large-scale
fluorescence microscopy analysis with minimized human effort in training and operation.
Collectively, these tools demonstrate the transition from manual image processing toward
fully automated, high-throughput single-cell analysis pipelines.

Recent developments have expanded the role of DL from image preprocessing to the
extraction of biologically meaningful phenotypes and cellular behaviors. Egebjerg et al.
[44] combined soft X-ray tomography, fluorescence microscopy, and DL to investigate
vacuole fusion and lipophagy in S. cerevisiaze. Their CNN-based models, DYFNet and
LipoSeg, enabled automated classification of vacuole fusion events and three-dimensional
segmentation of lipid droplets and vacuoles, providing quantitative insights into
intracellular lipid metabolism. However, the vacuole complex phenotype limited the
DYFNet model from properly classifying various phenotypes, forcing the complex
phenotype into a binary annotation of fully fused versus partially fused phenotypes. In
the same way, Sziics et al. [45] developed a DL image-recognition pipeline for automated
tetrad detection and classification of meiotic crossover events, enabling high-throughput
analysis of chromosome segregation and recombination patterns without the need for
tetrad dissection. At the proteome level, Litsios et al. [46] applied CNNs to millions of
fluorescence microscopy images to investigate protein localization and abundance
dynamics throughout the yeast cell cycle, revealing that a substantial proportion of the
proteome exhibits periodic regulation. The networks produced ~20 subcellular
localization classes. Although DeepLoc achieved 83.7% accuracy in the cell cycle-classified
dataset, misclassification was observed between closely related localization classes, such
as vacuole and vacuole periphery, and bud periphery. In combination with the findings
of Egebjerg et al. [44], these observations indicate that classification of vacuole-associated
features can remain challenging for DL approaches, particularly when phenotypes exhibit
subtle morphological or spatial differences. These studies illustrate how Al is increasingly
being used not only to identify cells but also to quantify complex biological processes and
cellular phenotypes.

Another emerging trend is the use of generative Al to overcome limitations
associated with annotated microscopy datasets. Reich [47] developed DL models (Cell-
GAN) capable of generating realistic synthetic microscopy images of S. cerevisiae. Such
synthetic datasets can augment training data, improve model robustness, and facilitate
the development of more accurate segmentation and classification algorithms. The
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integration of generative models with image analysis pipelines is expected to further
accelerate the adoption of Al-driven microscopy in yeast research. Although GAN-based
adversarial training can potentially improve future cell behavior prediction by enabling
the generation of plausible future frames, these predictions may differ from the true future
frames while still representing biologically valid outcomes [47].

The studies reviewed demonstrate that DL has evolved beyond a simple tool for
yeast identification into a comprehensive framework for automated microscopy image
analysis, encompassing detection, segmentation, classification, and quantitative
phenotypic characterization. These approaches significantly reduce analysis time,
improve accuracy, minimize manual intervention, and enable high-throughput analysis,
highlighting their potential for applications in food quality control and yeast biology
research. Nevertheless, the performance and generalizability of current models remain
constrained by the availability of diverse, high-quality annotated datasets and by the
difficulty of distinguishing subtle morphological and subcellular differences, particularly
in complex phenotypes. The integration of generative Al, such as GAN-based synthetic
image generation, represents a promising strategy to overcome data limitations and
improve model robustness. Future advances are therefore expected to focus on
standardized datasets, more generalizable and multimodal DL architectures, and
explainable Al frameworks, facilitating the broader adoption of reliable Al-driven
microscopy for yeast identification and characterization in both research and industrial
settings.
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Table 3. The studies used Al and ML in microscopy and imaging to identify, segment, and classify yeast strains.
(0) isTool/Mod C tional DBTL
T8ans Lo V0 Type onventiona Function/Application  Yeast Eng. Application Performance Gain Reference

m el Approach Role

+ Automated yeast morphology
ML-based classification, — subjectivity,
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e GED . monitoring . . .. ..
automated and size cycle phases variable illumination conditions,
analysis + classifier decision speed (SVM:
0.7 ms/sample)
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L P . identification based on Rapid image-based yeast High-throughput + Classification accuracy
hansenii, CNN, DL image ) . ] . e ..
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W. GAN classification . T e o . o . [35]
followed by genetic or classification from  and monitoring of spoilage of 96.3%), + training efficiency, —
anomaluy augmenta  model ) ) . . .
s ton biochemical microcolony microscopy yeasts detection time and labor (6 h)
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hum;'lis DL obiect counting and yeast Automated colony Monitoring sourdough + Counting speed (126
’ ) identification based on detection, counting, and yeast mycobiota and  milliseconds to count colonies on
S. YOLO  detection ) T , e . . . e [38]
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cerevisin. Mask R- and instance segmentation T . e analysis in microfluidic . . [40]
. microfluidic microscopy o processing speed, + real-time
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yeast-cell segmentation
tools

of 0.939 in focus), — dependency
on labeled training data

Automated quantification

Deep CNN
P of vacuole fusion, lipid High-throughput )
for image . ) . . + Automated 3D analysis, +
S. ... . Manual annotation and droplet segmentation, and  phenotypic analysis of .
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images
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. . classificati | and classification from classification of fluorescent frequency, interference,
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. . microscopy images of ~ microscopy experiments, experimental effort, + simulation
e  prediction model microscopy data .. . .
model yeast cells and support for training of microscopy experiments
image analysis models
Parameter-free operation, +
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without manual parameter morphological correlation = 0.969), — manual
tuning quantification tuning effort
Automated segmentation,
. °¢6 High-throughput + Automation, throughput,
DL detection . detection, and . . .
Mask R- . Manual analysis of L subcellular phenotyping  speed of image analysis (F1-
Yeast and instance classification of yeast cell o
. , ) fluorescence T and automated score of 98% in terms of accuracy [43]
strains segmentatio . . compartments from . .
YOLO microscopy images . fluorescence microscopy and speed), — manual annotation
n model fluorescence microscopy

. analysis and image processin
images y 4 &

DBTL, Design-Build-Test-Learn cycle; D, Design; B, Build; T, Test; L, Learn. Assignment to individual DBTL stages was based on the primary function of the Al
application within the workflow. Applications primarily involving data interpretation, pattern recognition, or predictive modeling were assigned to the Learn
stage, whereas those supporting experimental evaluation or phenotype measurement were assigned to the Test stage. SVM, Support Vector Machine; kNN, k-
nearest neighbor; GED, Mahalanobis distance classifier; CNN, Convolutional Neural Network; GAN, Generative Adversarial Network; DL, Deep learning; CV,
Cross-Validation. Plus symbol (+) indicates enhancement or improvement of the evaluated characteristic. Minus symbol (=) indicates a reduction of the evaluated

characteristic, such as labor, costs, processing time, or resource consumption.
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2.4. Al Has the Potential to Improve Synthetic Biology and Metabolic Engineering by Enhancing
the Efficiency and Comprehensiveness of the DBTL Cycle

The engineering of yeast strains for improved biomass formation and product
synthesis remains challenging due to the complexity of eukaryotic metabolism, which
involves numerous interconnected enzymatic reactions, tightly regulated gene expression
programs, and condition-dependent metabolic flux redistribution. These characteristics
often limit the predictive power of conventional engineering approaches and necessitate
extensive experimental iterations. Al and ML have emerged as powerful tools for
addressing these challenges by enabling predictive design, accelerating experimentation,
and facilitating the integration of complex biological datasets. As a result, Al is
increasingly being incorporated across all stages of the DBTL cycle, thereby improving
the efficiency and comprehensiveness of synthetic biology and metabolic engineering for
yeast. The Al and DL approaches used for yeast synthetic biology and metabolic
engineering are summarized in Table 4.

In the design phase, Al enables the rational selection and optimization of genetic
elements, pathways, and engineering strategies before experimental implementation.
Recent advances in CRISPR-based technologies, including CRISPR nucleases, base
editors, and prime editors, have significantly expanded genome engineering capabilities;
however, variability in editing efficiency and off-target activity remains a major challenge
[48]. Al-assisted approaches can improve guide RNA design, predict off-target effects, and
optimize editing outcomes by learning from large experimental datasets [49]. An example
of this strategy is DeepGuide, a DL framework developed for Y. lipolytica that predicts
highly active CRISPR sgRNAs using genome-wide experimental data, thereby improving
the efficiency of CRISPR-based genetic screens [50]; however, the prediction accuracy for
low-activity Cas9 guides was reduced due to bias in the training dataset toward highly
active guides, limiting the model’s ability to learn features associated with poorly active
guides. This highlights the importance of using a balanced and representative training
dataset for optimal model training and improved prediction accuracy. Moreover, limited
cross-species generalizability is a restriction for DeepGuide. The model requires both
organism-specific training data and genome-specific unsupervised pre-training to capture
the genomic context of the target organism for achieving optimal predictive performance
[50]. In addition to gene editing, Al has also been applied to the design and evaluation of
regulatory elements and metabolic engineering strategies. Polygraph, a Python-based
framework, was developed to provide a systematic assessment of synthetic regulatory
DNA sequences by integrating multiple computational approaches, including sequence
analysis, motif identification, predictive neural network models, DNA language
modeling, and sequence diversity metrics. This framework enables quantitative
comparison and prioritization of engineered regulatory elements based on their predicted
functional properties and similarity to native regulatory sequences, facilitating more
informed design of synthetic regulatory elements [51]. Similarly, Yang et al. [52]
developed Pymaker, an Al framework that leverages the pre-trained DNA language
model DNABERT to predict promoter activity and design robust promoter sequences in
S. cerevisiae. The pre-trained DNA models consistently outperformed non-pre-trained
models, particularly when training data were limited, highlighting the advantage of
transfer learning in synthetic biology. Importantly, their results showed that the
effectiveness of pre-training depends on the relevance of the pre-training data to the target
task, as DNA-specific models such as DNABERT and DNABERT2 outperformed
BioBERT, which was trained primarily on biomedical text. By integrating promoter
activity prediction with a mutation-based sequence generation approach, Pymaker
enabled the identification of high-expression and mutation-resistant promoters, which
were experimentally validated to enhance protein production.
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Beyond regulatory element design, Al-assisted computational approaches have also
been applied to optimize metabolic engineering strategies. Domenzain et al. [2] developed
an enzyme-constrained metabolic modeling framework (ecFactory) based on
ecYeastGEM to predict optimal gene modification strategies for enhancing chemical
production in S. cerevisiae, facilitating the rational design of industrial platform strains. By
incorporating enzyme capacity constraints into metabolic simulations, this approach
improved the quantitative prediction of cellular behavior by accounting for enzyme-
associated protein and substrate costs, enabling more realistic identification of
engineering targets. Compared with conventional stoichiometric models, enzyme-
constrained models substantially reduced the number of predicted gene targets,
facilitating the selection of experimentally feasible modifications and supporting the
development of versatile platform strains. However, the accuracy and broader
applicability of these approaches were dependent on the availability of high-quality
metabolic reconstructions and enzyme kinetic parameters, particularly for non-model
organisms. The integration of DL-based prediction of enzyme parameters and expansion
to diverse hosts represent important future directions for improving computational
metabolic engineering.

The build phase focuses on implementing engineered designs through genome
modification and strain construction. Although advances in CRISPR technologies have
greatly simplified genome engineering, successful implementation often depends on
selecting highly efficient guide RN As and minimizing unintended genomic modifications.
Al-assisted CRISPR platforms contribute to this process by predicting editing outcomes,
improving target selection, and supporting the development of novel genome-editing
systems with enhanced precision and efficiency [49]. Consequently, Al is increasingly
serving as an enabling technology, improving the reliability and scalability of strain
construction workflows.

Al is also transforming the test phase by enabling automated and real-time
evaluation of engineered strains and bioprocess performance. Conventional growth
monitoring relies heavily on optical density measurements, which are affected by light
scattering, turbidity, and the inability to distinguish viable from nonviable cells. To
overcome these limitations, AlMarzooqi et al. [53] developed an Al-enhanced
electrochemical impedance spectroscopy platform for real-time monitoring of S. cerevisiae
growth. By integrating impedance biosensing with Gaussian Process Regression, the
system accurately predicted growth dynamics while providing uncertainty-aware
estimates suitable for continuous process monitoring. The proposed framework also
established the foundation for a real-time digital twin, enabling predictive monitoring and
supporting future adaptive control strategies for intelligent fermentation processes,
thereby facilitating continuous data acquisition and strengthening the transition from the
Test to the Learn phase of the DBTL cycle.

The learning phase is one of the most influential applications of Al in metabolic
engineering, as it converts large-scale experimental data into actionable biological
knowledge. Al models trained on transcriptomic, metabolomic, proteomic, and
phenotypic datasets can uncover genotype—phenotype relationships that are difficult to
identify using conventional statistical approaches. DL frameworks were used to predict
metabolic flux distributions in engineered S. cerevisiae, enabling more accurate
characterization of cellular metabolic states and supporting iterative strain optimization
[54]. Similarly, hybrid mechanistic-ML models integrating genome-scale metabolic and
kinetic models with transformer-based architectures were developed to identify pathway
bottlenecks and prioritize engineering targets [55]. Al-driven metabolic engineering
frameworks that combine genome-scale metabolic modeling with ML were applied to
optimize biomass production in S. cerevisize. Nair and D’Souza [56] developed an
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integrative framework combining the Yeast9 genome-scale metabolic model with ML and
optimization approaches to analyze and optimize single-cell protein production in S.
cerevisize. Models including RF, XGBoost, feed-forward neural networks, variational
autoencoders, and generative adversarial networks were employed to predict biomass
flux, identify key metabolic reactions, explore metabolic patterns, and generate candidate
flux configurations. SHAP-based interpretation and Bayesian optimization further
enabled identification of important metabolic drivers and favorable -cultivation
conditions. These studies highlight the potential of Al-integrated metabolic modeling to
extract biological insights from complex datasets and provide computational guidance for
future strain engineering strategies. However, these Al-driven metabolic frameworks
remain limited by the assumptions of genome-scale metabolic models, such as steady-
state constraints and incomplete representation of enzyme kinetics and regulatory
dynamics. Furthermore, the predicted metabolic strategies require experimental
validation, and generative approaches such as GANSs still face challenges in producing
biologically feasible solutions.

The developments in Al were extended beyond individual DBTL stages toward
automating the entire engineering cycle. Brunnsaker et al. [57] developed a hybrid Al
framework integrating Large Language Models, relational learning, inductive logic
programming, metabolomics analysis, and automated laboratory systems for S. cerevisiae.
By combining hypothesis generation, experimental prioritization, logical reasoning, and
robotic experimentation within a closed-loop workflow, the framework enabled the
potential of self-driving laboratories to accelerate hypothesis-driven biological research.
Such systems represent an important step toward self-driving laboratories capable of
continuously generating hypotheses, designing experiments, interpreting results, and
refining biological knowledge with minimal human intervention. However, the current
workflow still requires limited human intervention, and further advances are needed to
increase hypothesis complexity, prioritize experiments, and fully automate laboratory
processes.

The discussed studies demonstrate that Al is becoming an integral component of the
DBTL cycle in yeast synthetic biology and metabolic engineering, enabling more rational
design, efficient strain evaluation, and data-driven learning. Across different stages, Al
approaches have improved the prediction of genetic element function, the optimization
of metabolic strategies, the real-time monitoring of engineered strains, and the extraction
of biological insights from complex datasets. However, the successful implementation of
Al-driven engineering remains constrained by several factors, including limited
availability of high-quality biological datasets, challenges in model transferability across
organisms and conditions, incomplete representation of biological complexity in
computational models, and the continued need for experimental validation. Future
advances will likely arise from the integration of Al with mechanistic models, multi-
dimensional biological data, and automated experimental platforms, ultimately enabling
more predictive, scalable, and iterative DBTL workflows for yeast engineering.
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Table 4. Al-assisted synthetic biology and metabolic engineering of yeast.
Organis Conventional . . - .
Tool/Model Type Approach DBTL Role Function/Application Yeast Eng. Application Performance Gain Reference
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literature review and
expert knowledge
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and systems biology iterative refinement of biological
knowledge hypotheses, + integration of Al
reasoning with wet-lab feedback

Manual evaluation of
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synthetic regulatory
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DBTL, Design-Build-Test-Learn cycle; D, Design; B, Build; T, Test; L, Learn. Assignment to individual DBTL stages was based on the primary function of the Al

application within the workflow. Applications primarily involving data interpretation, pattern recognition, or predictive modeling were assigned to the Learn

stage, whereas those supporting experimental evaluation or phenotype measurement were assigned to the Test stage. RF, Random Forest; VAE, Variational

Autoencoder; GAN, Generative Adversarial Network; GEM, Genome-scale metabolic model; GPR, Gaussian Process Regression; DL, Deep learning; CNN,

Convolutional Neural Network; ML, Machine Learning; LLM, Large Language Model; FBA, Flux Balance Analysis; CRISPR, Clustered Regularly Interspaced

Short Palindromic Repeats. Plus symbol (+) indicates enhancement or improvement of the evaluated characteristic. Minus symbol (-) indicates a reduction of the

evaluated characteristic, such as labor, costs, processing time, or resource consumption.
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2.5. Al-Driven Fermentation Optimization Can Lead to More Efficient Metabolite Production,
Reduced Wastage, and Lower Environmental Impacts

Fermentation is a highly dynamic and multifactorial process in which environmental
and operational variables, including temperature, pH, oxygen availability, nutrient
composition, and feeding strategy, collectively determine yeast metabolism and
ultimately influence product yield, quality, and process scalability. Although
conventional kinetic models remain valuable for describing substrate consumption and
microbial growth, they are generally insufficient to capture the complex nonlinear
interactions governing industrial fermentation systems. Consequently, Al and ML have
emerged as powerful tools for modelling these complex relationships, enabling accurate
prediction of fermentation behaviour, optimization of operating conditions, and
implementation of intelligent control strategies that improve productivity while reducing
waste and environmental impact [58,59]. Among industrial applications, the brewing
sector is one of the most advanced examples of Al-assisted fermentation, in which ML
methods are routinely used to improve product consistency, process efficiency, and
operational reliability [60]. The Al and DL approaches used in yeast fermentation
monitoring and optimization, together with their corresponding improvements, are
summarized in Table 5.

A major advancement enabled by Al is the transition from conventional offline
measurements toward continuous, non-invasive, and real-time fermentation monitoring.
Rather than relying on individual analytical measurements, modern Al frameworks
integrate information from multiple sensing platforms to construct soft sensors capable of
estimating key process variables with high accuracy while simultaneously providing
insight into yeast physiology and metabolic activity [58]. Spectroscopic approaches
combined with ML algorithms have proven particularly effective for predicting glucose,
ethanol, glycerol, biomass, and other fermentation-related variables directly from spectral
information, achieving high predictive accuracy while eliminating the need for
destructive sampling [3]. Likewise, ultrasonic sensing integrated with ANN and DL
architectures, particularly LSTM networks, has demonstrated the ability to continuously
estimate alcohol concentration throughout fermentation, highlighting the advantage of
temporal neural networks in capturing the dynamic behavior of biological processes.
However, prediction errors were still observed at certain fermentation stages, and larger
training datasets and validation under industrial-scale conditions were suggested as
requirements to improve model robustness [61]. Collectively, these approaches
demonstrate that Al-driven soft sensing not only accelerates data acquisition but also
provides reliable process information suitable for real-time industrial control.

Computer vision has emerged as another important Al-assisted monitoring strategy
by enabling direct observation of fermentation phenomena without physical sampling.
Image analysis combined with CNNs allows automated detection of CO: bubble
formation and accurate quantification of fermentation progress, facilitating precise
identification of fermentation endpoints while simultaneously capturing the influence of
operational variables such as yeast inoculum and glucose concentration on fermentation
kinetics [62]. Compared with conventional sensor-based monitoring, vision-based
systems provide an inexpensive and highly automated alternative capable of supporting
continuous process supervision and reducing operator intervention.

Beyond monitoring process variables, Al has increasingly been employed to
characterize cellular physiology, metabolic activity, and product formation through the
integration of multimodal analytical platforms. Recent study into oleaginous yeast
Rhodotorula mucilaginosa combining Field Emission Scanning Electron Microscopy
(FESEM), Transmission Electron Microscopy (TEM), Raman spectroscopy, Liquid
Chromatography-Mass Spectrometry (LC-MS), and Thin-Layer Chromatography (TLC)
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with ML algorithms has demonstrated that CNNs, RF, SVM, and ANN models can
accurately classify cell morphology, characterize lipid composition, and quantify
intracellular lipid accumulation with high predictive performance [63]. The integration of
complementary analytical techniques substantially improves model robustness by
extracting biologically meaningful features that cannot be obtained from individual
analytical methods alone, illustrating the growing importance of multimodal Al
frameworks in industrial biotechnology. Nevertheless, the generalizability of these
approaches remains constrained by relatively small datasets, limited species diversity,
and insufficient external validation, emphasizing the need for larger multi-omics datasets
and standardized validation protocols [63].

In parallel with process monitoring, ML has become an effective tool for predicting
final product quality directly from fermentation data. Various nonlinear learning
algorithms, including back-propagation neural networks (BP-NN), radial basis function
neural networks (RBF-NN), and least squares support vector machine (LS-SVM),
consistently outperform conventional linear regression methods when modelling
complex relationships between fermentation conditions and quality attributes such as
acetic acid concentration [64]. Although neural networks generally provide excellent
predictive capability, their performance often depends on large training datasets and may
suffer from limited reproducibility because of random weight initialization. In contrast,
SVM-based approaches frequently demonstrate superior robustness and generalization
when applied to relatively small, nonlinear, and high-dimensional industrial fermentation
datasets [64]. These findings indicate that algorithm selection should be guided not only
by prediction accuracy but also by dataset characteristics, computational requirements,
and industrial implementation constraints.

The reviewed studies demonstrate a clear evolution in the application of Al for yeast
fermentation, shifting from the prediction of individual fermentation parameters toward
integrated platforms capable of real-time monitoring, process optimization, and
intelligent process control. Conventional ML algorithms have shown robust performance
for modelling nonlinear relationships and predicting fermentation variables and product
quality, whereas DL models have expanded Al capabilities by enabling automated
analysis of image, spectral, and time-series data. Furthermore, the integration of advanced
sensing technologies with multimodal Al frameworks has improved predictive accuracy
and provided deeper insights into fermentation dynamics and yeast physiology. Despite
these advances, broader industrial implementation still requires larger and more diverse
datasets, standardized validation, and improved model transferability. Overall, Al is
becoming an essential tool for developing more autonomous, efficient, and sustainable
fermentation processes in industrial yeast biotechnology.
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Table 5. The studies used Al and ML tools in yeast fermentation process optimization and the benefits gained.
is Tool/M
Orglgzms o0 efl od Type Conventional Approach DBTL Role  Function/Application Yeast Eng. Application Performance Gain Reference
+ Predicti
ML- Conventional Raman accljralcc 1(())rf\
S. assisted ML-based Raman spectroscopy using PLS Real-time prediction of =~ Real-time monitoring and fermentzzcion
cerevisia  Raman spectroscopy regression and offline T fermentation parameters control of yeast fermentation metabolites and [3]
e spec}:;osco modeling fermre;et:;;)rr; Iiaerni?eter from Raman spectra processes biomass (R? = 0.89—
0.97)
+ Real-time
titati
. . Automated image-based . o quantitative
S. Conventional fermentation . . Real-time monitoring and fermentation
.. CFMM, DL-based L detection of fermentation L o
cerevisia . monitoring (MQ-3 alcohol T ) quantitative assessment of monitoring, + real- [62]
RFQS  computer vision . progress and endpoint . . .
sensor, bubble-counting sensor) . yeast fermentation time fermentation
determination . )
endpoint detection
accuracy
+ Accuracy of
forecasting
tabolite yiel
S. . Conventional fermentation Prediction of metabolite . _ metabolite yleld
.. Neural A supervised ML o . Al-assisted fermentation  (R2=0.9), + speed
cerevisia . monitoring methods (Raman T production from yeast o . ; [65]
network technique ) monitoring and forecasting  of forecasting
spectroscopy) morphological features ..
(coefficient
determination >
0.9)
+ Accuracy of
hological
Conventional lipid morpioTogica
Rhodoto L. .. . .. - classification
vula CNNs. RE characterization methods Automated lipid Al-assisted lipid profiling (95%), spectral
o Co ML models (FESEM, TEM, Raman T classification and and characterization of o p o [63]
mucilagi  SVM . . analysis (91.4%),
spectroscopy, LC-MS, and TLC characterization oleaginous yeast ..
nosa ; and lipid
analyzed independently) e L
quantification
(97%)
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+ Accuracy of
alcohol prediction
(R2=0.952), + non-
S.. ‘ STM, Periodic sampling and offline Real-time predictio'n of AI—as'sist.ed fermentation i.nva.sive
cerevisia DL models . T alcohol concentration monitoring and process ~ monitoring (R? = [61]
ANN density/alcohol measurements . . .
e during fermentation control 0.948 without
temperature
sensor), — manual
sampling
+improvement in
liability of
S BP-NN Prediction of acetic acid Al-assisted monitoring, prefieiclgg;lf(}),roboth
' o lity prediction, and
cerevisia RBF-NN, ML models PLS T concentration in the final qua 1 y‘pre' retion, an the calibration set [64]
. LS-SVM optimization of beer

beer fermentation process and the validation

in RBF-NN and LS-

SVM.
DBTL, Design-Build-Test-Learn cycle; D, Design; B, Build; T, Test; L, Learn. Assignment to individual DBTL stages was based on the primary function of the Al

fermentation

application within the workflow. Applications primarily involving data interpretation, pattern recognition, or predictive modeling were assigned to the Learn
stage, whereas those supporting experimental evaluation or phenotype measurement were assigned to the Test stage. ML, Machine learning; CFMM,
Convolutional Fermentation Monitoring Model; RFQS, Real-time Fermentation Quantification System; CNN, Convolutional Neural Network; RF, Random Forest;
SVM, Support Vector Machine; LSTM, Long Short-Term Memory; ANN, Artificial Neural Network; BP-NN, Back-propagation neural network; RBF-NN, Radial
basis function neural network; LS-SVM, least squares Support Vector Machine; DL, Deep learning; PLS, Partial Least Squares Regression; FESEM, Field Emission
Scanning Electron Microscopy; TEM, Transmission Electron Microscopy; LC-MS, Liquid Chromatography-Mass Spectrometry; TLC, Thin-Layer

Chromatography; GBDT, Gradient Boosting Decision Tree. Plus symbol (+) indicates enhancement or improvement of the evaluated characteristic. Minus symbol
(-) indicates a reduction of the evaluated characteristic, such as labor, costs, processing time, or resource consumption.
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2.6. Challenges and Limitations

Despite the substantial contributions of Al in improving the efficiency and predictive
capability of synthetic biology workflows, several technical and sociological challenges
continue to limit its widespread implementation [66]. Among technical challenges, the
availability of high-quality, standardized, and sufficiently annotated biological datasets
remains one of the most significant limitations. Biological data are often generated under
different experimental conditions, stored in heterogeneous formats, and distributed
across multiple platforms, complicating data integration and reducing the reliability of Al
model training. Therefore, effective data engineering, including data curation,
normalization, and standardization, is essential for developing robust and reproducible
Al-driven biological models [67]. Furthermore, many biological datasets, particularly
omics and imaging datasets, are characterized by high dimensionality but limited
numbers of labelled samples, increasing the risk of overfitting and reducing model
generalizability [68,69]. Approaches such as data augmentation can partially address
limited dataset size in specific applications; however, they cannot fully replace the need
for biologically representative training data [70,71]. Training large DL and foundation
models often requires substantial computational resources, including high-performance
GPUs, large memory capacity, and considerable training time. These requirements may
limit access to advanced Al approaches for many academic laboratories and increase the
environmental and financial costs associated with model development.

Beyond data limitations, AI models face challenges related to interpretability,
uncertainty estimation, and biological complexity. Many ML models provide accurate
predictions but offer limited insight into the underlying biological mechanisms, which is
particularly problematic in complex systems characterized by stochastic behaviour and
context-dependent regulation. Moreover, conventional performance metrics, such as
prediction accuracy or regression scores, may not fully reflect whether a model captures
biologically meaningful relationships. The limited ability of Al models to extrapolate
beyond their training domain represents another major challenge. For example,
DeepGuide demonstrated that optimal performance required organism-specific training
data and genomic context, indicating that models developed for one species may require
additional training before application to other organisms [50]. Biological datasets are also
frequently affected by class imbalance, in which rare phenotypes, mutations, or cellular
states are substantially underrepresented compared with common classes. Such an
imbalance can bias model training toward dominant classes, reducing predictive
performance for biologically important but infrequent events. Similarly, neural network-
based models may perform poorly under biological conditions substantially different
from those represented in the training dataset, highlighting the importance of evaluating
model transferability across strains, environments, and experimental conditions [50,67].
Models developed using laboratory-scale datasets may not be well applicable to industrial
fermentation processes, where cultivation conditions, strain backgrounds, media
composition, and process variability differ considerably.

In addition to predictive limitations, Al-driven biological design raises important
biosafety and reliability considerations. Al-generated genetic sequences or engineering
strategies may produce unintended biological effects that are difficult to predict, while
biases within training datasets can compromise model reliability in unexplored biological
contexts. Consequently, rigorous experimental validation, transparent model
development, and appropriate biosafety assessments remain essential for responsible
application of Al in synthetic biology [52]. The limited transparency of many DL models
also presents another challenge in regulatory and industrial settings, where decisions
related to strain development, food production, or biotechnology applications often
require interpretable and traceable evidence.
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Successful adoption of Al in synthetic biology requires addressing sociological and
interdisciplinary challenges. Computational scientists and experimental biologists often
differ in their training backgrounds, research priorities, and approaches to problem-
solving, which may create communication barriers and limit effective collaboration. While
computational approaches emphasize automation, scalability, and predictive modelling,
experimental researchers frequently prioritize biological feasibility, practical
implementation, and mechanistic understanding. Addressing these challenges will be
critical for the reliable and scalable implementation of Al-driven synthetic biology.

2.7. Future Perspectives

The integration of Al and synthetic biology is expected to progress from predictive
modelling toward increasingly autonomous and data-driven biological engineering.
Rather than serving solely as analytical tools, future Al systems are likely to support the
entire DBTL cycle by enabling inverse biological design, automated experimental
planning, real-time data analysis, and adaptive decision-making. As biological datasets
continue to expand in both size and complexity, Al will play an increasingly important
role in accelerating strain engineering, optimizing bioprocesses, and improving the
efficiency and reproducibility of yeast biotechnology [67].

A key priority for future research is the development of more robust and
generalizable Al models. This will require greater availability of high-quality,
standardized, and well-annotated biological datasets encompassing diverse strains,
cultivation conditions, and analytical platforms. Emerging approaches such as self-
supervised learning, continual learning, transfer learning, and foundation models offer
promising opportunities to reduce dependence on large manually labelled datasets while
improving model adaptability across different biological systems and experimental
conditions.

Another important direction is the integration of multimodal biological data with
mechanistic knowledge. Combining genomic, transcriptomic, metabolomic, proteomic,
imaging, and fermentation data within unified Al frameworks, together with genome-
scale metabolic and kinetic models, is expected to improve the prediction of genotype—
phenotype relationships while increasing model interpretability and biological relevance.
Such hybrid approaches could facilitate more reliable biological design and support
rational optimization of engineered yeast strains.

Future advances are also expected to accelerate the implementation of Al in
industrial biotechnology. The integration of Al with advanced sensing technologies,
automated bioreactors, robotics, and digital twin platforms will enable real-time
monitoring, closed-loop process control, and autonomous optimization of fermentation
processes. In parallel, improvements in computational efficiency and high-throughput
microscopy will facilitate online single-cell analysis, adaptive cultivation strategies, and
rapid strain characterization. Collectively, these developments are expected to transform
Al from a predictive tool into a core component of intelligent, autonomous, and
sustainable yeast biotechnology.

3. Conclusions

Yeast synthetic biology is increasingly being transformed by Al, which has expanded
from a data analysis tool to a key enabling technology across the DBTL cycle, strain
engineering, microscopy, metabolic engineering, and fermentation optimization. By
integrating ML with experimental biology, Al has improved predictive accuracy,
accelerated biological discovery, enhanced process automation, and increased the
efficiency of industrial yeast biotechnology. Despite these advances, challenges related to
data quality, model interpretability, generalizability, and interdisciplinary collaboration
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continue to limit broader implementation. Addressing these challenges through
improved data resources, explainable Al, and closer integration of computational and
experimental approaches is essential for translating Al into reliable and scalable biological
applications. Overall, the convergence of Al and synthetic biology is expected to drive the
next generation of intelligent, autonomous, and sustainable yeast biotechnology.
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