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Abstract

In recent years, the rapid development of artificial intelligence (AI) technology has provided a powerful tool for addressing the bottleneck
in correlating microbial phenotypes with metabolites. By integrating multi-omics data, key process parameters, and high-frequency, real-time
sensing data, Al can construct high-precision mathematical models to enable in-depth analysis of the operational status of microbial cell factories.
Specific models such as convolutional neural networks (CNNs) and recurrent neural networks (RNNs) are particularly adeptat analyzing complex
datasets. Additionally, algorithms such as random forests and deep learning architectures can discover hidden patterns of phenotype-product
correlations in large datasets, enabling dynamic simulation and flux prediction of metabolic pathways. On this basis, Al models can achieve
intelligent optimization from “experience-driven” to “data-driven + model-guided”. Al has improvement and enhanced fermentation efficiency,
reduced costs, accelerated strain improvement, and improved accuracy and control across the industry. However, challenges remain, including
obtaining high-quality data, integrating data from multiple sources, ensuring that models perform well in novel settings, and trusting algorithms
in real-world settings. In the future, advances such as self-supervised, transfer, and reinforcement learning, along with improved sensors and
automation, are likely to further enhance the benefits of Al in microbial fermentation. These changes will facilitate the transition from laboratory
predictions to real-world industrial use, leading to more robust and efficient fermentation systems.

Keywords: Phenotype; Metabolites; Artificial; Intelligence; Fermentation; Dynamics; nutritional limitations.

Abbreviations: Al Artificial intelligent; ARIMA: Autoregressive Integrated Moving Average; CER: Carbon dioxide release rate; CNNs:
convolutional neural networks; CRISPR: Clustered Regularly Interspaced Short Palindromic Repeats; DO: Dissolved oxygen; FP: Fermentation
percent; FPPM: Fermentation process prediction model; GCNs: Graph convolutional networks; GEMs: Genome-scale metabolic models; GRU:
Gated Recurrent Unit; HPLC: High-Performance Liquid Chromatography; LSTM: Long Short-Term Memory; MS: Mass Spectrometry; NMR:
Nuclear Magnetic Resonance; OUR: Oxygen Uptake Rate; PID: Proportional-Integral-Derivative; PLS: Partial Least Squares Regression; RF:
Random Forest; PSSMs: Position-Specific Scoring Matrices; RNNs: Recurrent Neural Networks; SVR: Support Vector Regression; SVMs: Support
Vector Machines; VAE: Variational Autoencoder.

Introduction
numerous coupled variables that drive up costs and uncertainty

Microbial fermentationis central to sustainable manufacturing, [8,9]. Suboptimal control can cause losses more than 20%, wasting

converting organic substrates into enzymes, organic acids,
and biofuels while reducing environmental footprints [1].
Its advantages—non food biomass use, mild conditions, Addressing these issues requires linking microbial
and biorefinery integration-lower energy consumption and phenotypes—metabolic flux, stress responses, transcriptomes,
greenhouse gas emissions by over 50% relative to fossil-based ~and proteomes—to product synthesis [11]. Phenotypes act as
routes [2,3], with synthetic biology extending applications to the “driving engine” for target compounds, requiring specific
complex molecules aligned with UN Sustainable Development induction to shift from biomass accumulation to antibiotic or
Goals [4]. However, optimization is hindered by multi scale organicacid production [12,13]. Moreover, in biofuels, phenotypic
complexity [5], “black box” metabolic networks [6,7], and state governssubstrate conversion, guiding metabolic engineering

resources and increasing environmental impact [10].
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to raise yields [14]. Transcriptomic and proteomic analyses reveal
regulatory points, enabling scientific strategies over trial and
error [15,16]. High throughput, multi omics approaches allow
precise phenotype characterization, with CRISPR editing and
feedback loops enhancing reliability and feasibility [17-20]. Al
shifts fermentation from empirical “black boxes” to interpretable,
predictive models. Machine learning and deep learning handle
high dimensional, nonlinear, and time series bioprocess data, with

RNNs and LSTMs capturing temporal dynamics beyond ARIMA
or PID limits [21-25]. Following successes in drug discovery
and genomics [26,27], the field adopts deep learning for cell
morphology monitoring and reinforcement learning for adaptive
control [28]. Integrating multi omics with Al driven digital twins
overcomes traditional bottlenecks, enabling dynamic regulation
for next generation sustainable biomanufacturing [17,29] (Figure
1).
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Figure 1: Framework illustrating Al-driven analysis of correlations between microbial phenotypes and metabolite profiles.
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Data Foundation: Acquisition and Integration of
Multi-source Heterogeneous Data

Process parameter data

Process parameter data plays a fundamental role in Al-driven
microbial fermentation, providing critical inputs for analyzing
the dynamic correlation between microbial phenotypes and
metabolites. These data are typically divided into online sensor
data and offline detection data, with the former enabling real-time
monitoring and the latter supplementing detailed biochemical
information. Together, they form a multi-source heterogeneous
dataset that supports the training and optimization of machine
learning models. By integrating these data, researchers can more
accurately simulate fermentation kinetics and predict metabolic
pathway changes, thereby optimizing process control strategies
[30].

Onlinesensordataprovidesreal-time dynamicmonitoring
capabilities: Online sensor data, including pH, temperature,
dissolved oxygen (DO), tank pressure, and exhaust gas analysis
parameters such as oxygen uptake rate (OER) and carbon dioxide
release rate (CER), are the core of real-time monitoring in
fermentation processes. Embedded sensors continuously collect
these parameters and reflect the instantaneous state of microbial
metabolic activity. The pH changes can indicate substrate
consumption or product accumulation, while DO levels correlate
with the intensity of cellular respiration. In Al applications,
these real-time data are used to train dynamic models, such as
recurrent neural networks (RNNs) and long short-term memory
(LSTM) networks, to predict phenotypic evolution and metabolite
fluctuations. However, sensor data are often affected by noise
interference and calibration deviations, which may lead to model
overfitting or prediction errors. Therefore, data preprocessing
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techniques such as filtering and outlier detection are necessary
to improve data quality [22]. Thus, online sensor data serve as
the foundational input for Al-driven fermentation processes, with
their high-frequency acquisition enabling real-time feedback
control. However, algorithmic optimization is required to address
data heterogeneity.

Offline detection data supplements key biochemical
information: Offline detection data, such as measurements of
substrate concentration, biomass, and product concentration,
are obtained through periodic sampling and laboratory analysis,
providing high-precision, low-frequency biochemical parameters
for the fermentation process. These data are typically acquired
using methods such as high-performance liquid chromatography
(HPLC), mass spectrometry, or cell counting, enabling precise
quantification of metabolite levels and cell growth dynamics
and thereby revealing deep correlations between phenotypes
and product formation. In Al models, offline data is often used to
calibrate online sensor outputs and serve as labels for supervised
learning, enabling the training of predictive models to infer
metabolic states at unmeasured time points. The challenge lies
in the delayed and destructive nature of offline data acquisition,
which may lead to discontinuous time series and degrade
model real-time performance; additionally, integrating multi-
source data requires addressing scale inconsistencies, such as
aligning offline and online data through fusion algorithms [31].
Thus, offline detection data is an indispensable component of
fermentation process optimization, enhancing the reliability and
interpretability of Al models by providing ground-truth values.
However, it requires advanced data assimilation techniques to
integrate seamlessly with real-time data.

Overall, the multi-source, heterogeneous nature of process
parameter data provides a rich information layer for Al-driven
fermentation research. However, effective integration through
intelligent algorithms is required to analyze the complex dynamics
of microbial phenotypes and metabolites. In the future, combining
edge computing and IoT technology could further enhance the
real-time and accuracy of data acquisition [30].

Microbial Phenotype Data (“Multiomics” Revolution)

In Al-driven microbial fermentation processes, analyzing
the dynamic correlation between microbial phenotypes and
metabolites requires integrating multiple omics data [31]. The
multi-omics revolution captures comprehensive information
from the genome to metabolic fluxes using high-throughput
technologies, providing an unprecedented perspective on the
adaptability, metabolic regulation, and product synthesis of
microorganisms
single-omics methods often fail to capture the complexity of
phenotypic changes fully. In contrast, multi-omics integration,
combined with Al algorithms, can extract patterns, predict

in fermentation environments. Traditional

behavior, and optimize fermentation processes using large
datasets [32]. For example, machine learning models can integrate
genomic, transcriptomic, proteomic, metabolomic, and flux data

to construct dynamic network models that simulate, in real time,
the metabolic responses of microorganisms in fermentation tanks
[22,33,34]. This integration not only improves the accuracy of
product yield prediction but also supports strain-engineering
design and process control. However, the heterogeneity, high
dimensionality, and noise in multi-omics data remain challenges,
requiring advanced bioinformatics tools and Al-driven methods
to standardize, integrate, and interpret these data [35].

Recent research indicates that multi-omics integration
can significantly improve the efficiency and repeatability of
fermentation processes, increasing the yield of target metabolites
by up to 30% [32]. In short, the multi-omics revolution is driving
the transformation of microbial fermentation from experience-
driven to data-driven, opening up new avenues for sustainable

biomanufacturing [36].

Genome: As a background reference, it is used to construct
genome-scale metabolic models (GEMs). Genomic data plays a
fundamental role in multi-omics analysis, providing a genetic
blueprint for constructing genome-scale metabolic models
(GEMs). Genomic sequences reveal the potential metabolic
capabilities of microorganisms, including enzymes and pathways
encoded by genes. However, in dynamic fermentation processes,
staticgenomicinformation mustbe combined with real-time omics
data to predict phenotypic changes and metabolite production
[32]. GEM uses genome annotation to simulate the entire
metabolic network and predicts growth rate and product flux
via constraint-optimization methods, which are applied to strain
screening and process optimization in industrial fermentation.
However, the accuracy of GEM is limited by the completeness of
gene annotations, the absence of regulatory mechanisms, and
environmental variability. In microbial fermentation, GEM can
predict metabolic reprogramming under nutritional limitations
but often requires transcriptomic or proteomic data to calibrate
model parameters. Al technologies, such as deep learning, are
being applied to automate GEM construction and validation,
thereby improving prediction accuracy by integrating multiple
omics data [34]. Although genomic data is static, as the cornerstone
of multi-omics integration, GEM provides a systematic perspective
on the fermentation process, enabling analysis of the association
between phenotypes and metabolites [35].

Transcriptome (RNA-seq): Reflecting the real-time
expression status of genes and indicating the activity level of
metabolic pathways. Transcriptomic data captures the real-time
dynamics of gene expression via RNA-seq, directly reflecting the
activity levels of metabolic pathways and thereby linking genomic
potential and phenotype output in microbial fermentation
[37]. Studies using RNA-seq have characterized genome-wide
transcriptional changes in Saccharomyces cerevisiae under
industrial fermentation conditions, revealing stress responses,
metabolic shifts, and regulatory adaptations that impact ethanol
yield and robustness. For example, transcriptomic analysis of
short-term adaptation to lignocellulosic inhibitors identified over
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1,000 differentially expressed genes associated with stress and
detoxification pathways [38]. However, the high dimensionality
of transcriptomic data, the absence of batch effects, and post-
transcriptional regulation often lead to interpretability bias, which
requires statistical methods and Al algorithms (e.g., principal
component analysis or neural networks) to reduce dimensionality
and support pattern recognition. In Al-driven fermentation
processes, transcriptomic data combined with machine learning
models can predict changes in metabolic flux and adjust process
parameters in real time [39]. As a dynamic layer of multi-omics,
the transcriptome effectively indicates metabolic pathway activity,
but it must be integrated with proteomic and metabolomic data to
provide more comprehensive phenotypic insights [38,40].

Proteomics: Recent advances in mass spectrometry-based
proteomics, together with Al-assisted data analysis and multi-
omics integration, have substantially expanded the applicability
of proteomics to complex biological systems and enabled more
profound insights into cellular regulation and stress responses
[41]. In microbial systems such as Bacillus subtilis, large-scale
proteomic and integrative omics analyses have revealed global
protein expression dynamics associated with developmental
transitions and environmental stress, demonstrating how
proteomics can uncover enzyme regulation and phenotype-linked
processes at the systems level [42,43]. At the same time, machine
learningapproachesareincreasingly incorporated into proteomics
workflows to enhance feature selection, improve protein
abundance prediction, and support downstream phenotype
modeling, thereby laying a foundation for predictive applications
such as yield estimation in bioprocesses [44]. Despite these
advances, proteomics still faces technical challenges, including
limited protein coverage, quantification inaccuracies, and a
relatively narrow dynamic range, which may lead to discrepancies
when compared with transcriptomic data. To address these
limitations, Al methods such as convolutional neural networks
have been employed to improve protein identification and
quantification by integrating multi-omics datasets and modeling
the relationships between enzyme activity and metabolite profiles
[45]. By bridging the gap between transcriptomic information
and metabolomic outcomes, proteomic data provides more direct
functional and phenotypic indicators of cellular states; however,
their practical application in fermentation systems requires high-
throughput platforms and standardized analytical workflows
[46]. Overall, proteomics offers an essential functional dimension
for multi-omics integration by directly reflecting enzyme activity
and its impacts on metabolic performance.

Metabolome data captures dynamic changes in intracellular
metabolite pools, which are the ultimate chemical manifestation
of phenotypes and directly reflect the accumulation and
transformation of metabolites within a multi-omics framework
[47]. Metabolomics uses nuclear magnetic resonance (NMR) or
mass spectrometry (MS) to quantify small-molecule metabolites.
In microbial fermentation, it can monitor product synthesis

(such as organic acids or antibiotics) and substrate consumption
in real time, thereby revealing the overall state of the metabolic
network. For example, in penicillin fermentation, metabolomic
data can reveal fluctuations in precursor metabolites associated
with changes in yield. However, metabolomics is limited by
incomplete metabolite identification databases [48], variability
in sample preparation, and the complexity of data analysis, which
may lead to false-positive associations. Al tools such as support
vector machines and random forests are widely used for pattern
recognition and predictive modeling of metabolomic data, thereby
linking metabolite dynamics to fermentation performance [49,50].
As the chemical output of a phenotype, metabolome data provide
the most direct evidence for analyzing product associations
but must be integrated with other omics layers to understand
regulatory mechanisms [51].

Fluxomics: The distribution of intracellular metabolic flux
inferred through techniques such as *3C labeling, which is the
quantitative core of phenotype. The flux group data are used
to infer the distribution of intracellular metabolic fluxes using
stable isotope techniques such as 3C labeling, which is the
quantitative core of phenotypic analysis [52,53], providing a
numerical description of dynamic metabolic networks in multi-
omics analysis. Fluxomics quantifies metabolic reaction rates
by combining isotope tracing with computational models (e.g.,
flux balance analysis) [53]. In microbial fermentation, it can
reveal flux redirection under optimized conditions (e.g., high-
density cultivation), thereby explaining the efficiency of product
synthesis [54,55]. For example, in yeast ethanol fermentation, flux
group data indicate increased glycolytic flux despite inhibition
of oxidative phosphorylation. However, the high cost, time-
consuming nature, and reliance on accurate model assumptions
in fluxomics experiments limit their application to real-time
fermentation control [56]. Al methods, such as reinforcement
learning, are being used to optimize flux inference and prediction,
enabling high-throughput analysis by integrating multiple omics
data [54,56]. The flux group serves as a quantitative indicator of
phenotype, providing a dynamic view of the metabolic network,
but requires collaboration with other omics layers to validate
and enrich interpretation [52]. Fluxomics provides a core
dynamic dimension for the multi-omics revolution by quantifying
metabolic flows.

In summary, multi-omics data have been integrated at the
genome, transcriptome, proteome, metabolome, and fluxomics
levels and, with Al-driven analysis, enable in-depth analysis of
the dynamic correlation between phenotypes and metabolites in
microbial fermentation processes. Each omics layer contributes a
unique perspective, from genetic potential to functional execution,
ultimately forming a complete phenotypic map. As Al technology
advances and multi-omics standards improve, this field is expected
to play an increasingly important role in precision fermentation
and sustainable biomanufacturing.
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High-throughput cultivation and phenotype analysis:
parallel fermentation and data-driven phenotype
analysis

In the broader context of Al-driven fermentation processes,
the efficient and systematic collection of high-quality fermentation
datais a prerequisite for building accurate models. The traditional
fermentation approach of “one can, one data point” has become a
significant bottleneck in understanding the dynamic relationship
between microbial phenotypes and metabolites, owing to its low
throughput, high cost, and long turnaround time. In recent years,
high-throughput cultivation techniques, such as microfluidic
technology and fermentation tank arrays,
exponential improvements in generating phenotype data through
highly parallel fermentation processes, providing indispensable
“big data” fuel for Al models.

have enabled

Microfluidic technology: moving towards single-cell
resolution and dynamic regulation: Microfluidic technology
miniaturizes and parallelizes the functions of traditional
fermentation tanks by precisely manipulating fluids on
microscale chips. Its core advantage lies in its ability to operate
hundreds or thousands of independent microfermentation
units simultaneously, with extremely low reagent consumption,
thereby screening a large number of culture conditions (such
as pH, temperature, and substrate-concentration gradients) in
a single experiment [57]. Recent research has moved beyond
static cultivation toward dynamic, feedback-controlled micro
fermentation processes. For example, Integrated lab-on-a-chip
systems combining optical sensing and microfluidic control have
been shown to monitor pH, dissolved oxygen, and metabolite
levels in micro-bioreactor environments with high accuracy
and throughput, providing a foundation for future microbial
control applications [58]. This “intelligent”
microfluidic platform not only generates extensive growth curves

fermentation

and endpoint yield data but also captures the stress-response
phenotype of microorganisms under dynamic disturbances, a
crucial step for understanding the robustness and flexibility of
metabolic networks. Another breakthrough is the use of droplet
microfluidics to encapsulate individual cells within droplets of
skin, with each droplet serving as an independent bioreactor. This
technology enables parallel cultivation and screening of millions of
cells and, when combined with Raman spectroscopy, can analyze
metabolite composition within individual cells without labeling,
thereby directly establishing genotype-phenotype associations of
metabolites at the single-cell level [59].

Fermentation tank
miniaturization and industrial

array: a bridge connecting
applications: Although
microfluidic technology offers unparalleled advantages in flux
and resolution, there are still differences between its cultivation
environment and that of standard upscaling fermentation

tanks. The fermentation tank array technology offers an ideal

compromise. It typically consists of dozens to hundreds of
milliliter-scale microbioreactors, each independently controlling
temperature, stirring, aeration, and pH, thereby maximizing
the simulation of the physical and chemical environments of
production-grade fermentation tanks. Recent advances in this
field are primarily reflected in the substantial improvements in
automation, integration, and real-time monitoring capabilities.
Modern fermentation tank array systems are typically used in
conjunction with automated liquid processing robots, high-
throughput sampling devices, and online analyzers. For example,
automated, integrated robotic fermentation platforms capable
of high-throughput parallel cultivation have been developed
to enhance experimental throughput, data reproducibility, and
online process control in bioprocess development. Such systems
combine liquid-handling automation with mini-bioreactors and
online analytics to support large-scale experimental design and
data-driven optimization [60]. This design fully automates the
entire process from cultivation to analysis, enabling exploration of
the entire experimental condition space within a few days. Further
research has integrated in situ Raman spectroscopy coupled
with multivariate data analysis and machine learning models,
which have been widely applied for real-time monitoring of key
bioprocess parameters, including metabolite concentrations,
cell density, and product titer, providing non-invasive process
analytical technology (PAT) tools that support dynamic process
control in cell culture and fermentation systems [61].

Data integration and Al-driven phenotype insights:
The data generated by high-throughput cultivation technology
are multidimensional and massive, including time-series data
on growth kinetics parameters, substrate consumption rates,
metabolite profiles, and various environmental parameters,
Figure 2. Relying solely on traditional data analysis methods is
no longer sufficient to extract deep knowledge from it. This is
precisely where Al excels. Machine learning models, especially
temporal models such as recurrent neural networks (RNNs), can
effectively learn complex, nonlinear dynamic processes, thereby
accurately predicting the phenotypic output of cells under
different operating conditions [62]. Furthermore, by integrating
high-throughput phenotype data with genome-scale metabolic
models, it is possible to infer or validate the distribution of
metabolic fluxes in cells, thereby revealing key metabolic
nodes and regulatory mechanisms that determine phenotypic
differences. Recent reviews have summarized the development
and application of genome-scale metabolic models in yeast
systems biology, highlighting their roles in predicting metabolic
phenotypes and integrating multi-omics datasets to guide strain
design and functional interpretation [63]. In summary, high-
throughput cultivation and phenotype analysis techniques have
established a solid data foundation for constructing a “digital twin”
fermentation process by analyzing microorganism fermentation
behavior at unprecedented speed and resolution through parallel
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experiments and real-time monitoring. With the deep integration
of these technologies, along with more advanced online sensing
and powerful Al algorithms, we are entering a new era in which

we can systematically decode, predict, and even accurately design
microbial fermentation phenotypes.
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Figure 2: Schematic overview of multi-source data acquisition and integration processes in microbial fermentation.
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AI Methodology Library: Core Algorithms and
Modeling Strategies

In Al-driven microbial fermentation processes, machine
learning and deep learning algorithms have become core tools for
analyzing the dynamic correlations between microbial phenotypes
and metabolites. These methods optimize, predict, and control
fermentation processes by processing high-dimensional omics
data, time-series process parameters, and imaging information
(Figure 3).

Classic machine learning models

Classic machine learning models are widely used
for regression, classification, clustering in microbial
fermentation, helping to establish quantitative relationships

among process parameters, omics data, and metabolites. These

and

models are highly efficient, suitable for small- to medium-
sized datasets, and capable of providing interpretable insights.
Regression models, such as partial least squares regression (PLS),
have been used in fermentation process modeling to relate high-
dimensional process or metabolic data to product yields and to
identify influential factors, demonstrating improved predictive
performance over simple univariate methods [64]. Support vector
regression (SVR) is applied to fermentation datasets to capture
nonlinear relationships between critical process parameters and
performance outcomes such as product titer and biomass [65].

Classification models, such as Support Vector Machines
(SVMs) and Random Forests [66], are used to identify phenotypic
states or genetic markers associated with high or low yield. SVM
achieves classification by finding the optimal hyperplane, whereas
random forests use multiple decision trees to improve robustness.
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In yeast fermentation, SVM is applied to identify regulators. A
comparison with the standard approach to site identification
using position-specific scoring matrices (PSSMs) for a set of
104 Saccharomyces cerevisiae regulators indicates that SVM-
based target classification is more sensitive (73 vs. 20%) when
specificity and positive predictive value are held constant [67].
Random forests are used in lactic acid fermentation to identify
gene markers and correlate them with lactate production. Through
feature importance analysis, the model identified multiple genes
in metabolic pathways and confirmed their predictive ability in
experimental validation, providing an efficient method for strain
selection [68]. Cluster analysis, an unsupervised learning method,
is used to identify distinct phenotypic stages during fermentation,
including growth, acid production, and a stable phase. K-means

and hierarchical clustering are commonly used algorithms.
Studies of anaerobic digester microbiomes often use clustering or
ordination to identify community structure or process states. For
example, clustering based on Bray-Curtis dissimilarity has been
used to reveal microbial community groups in biogas digestate
samples derived from different feedstocks [69]. In addition,
hierarchical clustering methods are instrumental in organizing
metagenomic or multi-omics datasets from anaerobic digestion
or other environmental bioprocesses, enabling the identification
of patterns in community composition and dynamic responses
to operational conditions. This study validates the clustering
effect using contour coefficients, providing a new perspective for
process monitoring [70].
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Figure 3: Classification of major Al algorithms utilized in microbial fermentation research.
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Deep learning models

Deep learning models use multi-layer neural networks to
process complex data, making them particularly suitable for
image, temporal, and high-dimensional omics data in microbial
fermentation. These models can automatically extract features,
capture nonlinear dynamics, and improve prediction accuracy.
Convolutional neural networks (CNNs) are primarily used
to process image-based phenotype data, such as microbial
microscopic morphology. In yeast fermentation, CNN is applied
to analyze cell microscopy images, automatically classify
morphological changes (e.g., budding or stress responses), and
correlate them with ethanol production. The model achieved 98%

e J 2026. 15(4): 555918. DOI: 10.19080/NFSIJ.2026.15.555918

accuracy on the test set and enabled high-throughput phenotype
analysis [71]. CNN has also been used for bacterial biofilm image
recognition to predict changes in antibiotic resistance during
fermentation. Through transfer learning, the model still performs
well with a small amount of data, providing a new tool for
resistance monitoring [72]. Recurrent neural networks (RNNs)
and their variants, such as LSTM and GRU, are well-suited to
processing time-series data from fermentation processes and to
predict dynamic changes in product properties. LSTM captures
long-term dependencies through gating mechanisms, while
GRU simplifies the structure to improve efficiency. For example,
LSTMs have been applied to extract temporal dependencies
from fermentation process data, enabling accurate prediction
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of dynamic variables (e.g., concentration, biomass, dissolved
oxygen) and supporting real-time process monitoring and control.
A Long Short-Term Memory (LSTM)-based Fermentation Process
Prediction Model (FPPM) was developed to predict Fermentation
Percent (FP) and cumulative Fermentation Quantification (FQ)
using multivariate time-series data obtained from modular sensor
units (PBSU, GBSU, and FQSU). The LSTM models trained on the
AAG1-3 datasets demonstrated high predictive accuracy, with
coefficients of determination (R2) ranging from 0.8547 to 0.9437,
and the estimated FQ values showed strong concordance with the
actual measurements. These results underscore the feasibility of
integrating Al-driven predictive models with a decentralized data
infrastructure to enable robust, scalable bioprocess control [73].
Gated recurrent unit (GRU) networks have emerged as efficient
alternatives to LSTM for modeling sequential data in process
engineering, offering computationally lighter architectures
for real-time prediction and adaptive decision-making in
fermentation optimization frameworks.

The experimental results indicate that GRU is more efficient
than a standard RNN and reduces the risk of overfitting [74].
Autoencoders — deep neural networks trained to reconstruct
input data — provide powerful tools for compressing and
denoising high-dimensional biological datasets, such as
transcriptomes, thereby enabling the discovery of latent
structure without supervision [75]. A variational autoencoder
(VAE) was applied to dimensionality reduction of metabolite
data, and it was found that biomarkers were associated with
product synthesis. This study validated the robustness of VAE
across multiple fermentation batches, providing a new method
for optimizing biological processes [76]. Graph neural networks
(GNNs) integrate omics data based on metabolic networks
(graph structures) to predict flux changes. For example, in the
fermentation of Corynebacterium glutamicum, GNN is used
to integrate metabolic network and proteomic data to predict
metabolic flux distribution. This model consists of experimental
verification using flux balance analysis, thereby enhancing the
reliability of predictions [77]. Graph Convolutional Networks
(GCNSs) can be applied to predict enzymatic reactions and assist in
designing efficient metabolic pathways in synthetic biology. This
model demonstrates high cross-validation accuracy, providing
computational support for strain engineering [78].

Mixed models integrating biological knowledge

The hybrid model that integrates biological knowledge
combines Al with mechanistic models or knowledge systems to
enhance the model’s biological interpretability and predictive
reliability. These methods are critical in complex fermentation
systems, as they can reduce dependence on data and provide
mechanistic insights. The fusion of Al and mechanistic models,
such as integrating genome-scale metabolic models (GEMs) as
constraints into machine learning, enables multi-scale modeling.
In E. coli fermentation, GEM is combined with random forests to
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predict growth rates under various conditions (e.g., nutritional
limitations). This hybrid model outperforms purely data-
driven methods in experimental validation, thereby improving
understanding of phenotype dynamics. In addition, an enhanced
neural network model is employed for fermentation process
control, thereby optimizing product yield by integrating dynamic
equations. This model showed a 20% increase in output in
industrial applications, demonstrating the advantages of
fusion [79] and constructing a knowledge graph that includes
gene protein reaction product relationships to assist Al model
inference. In metabolic engineering, knowledge graphs are used
to integrate multi-source data (e.g., KEGG and BioCyc databases)
and to infer optimal fermentation strategies. The model was
successfully applied to yeast to predict a genetic modification
strategy to increase lactate production [80]. In a knowledge graph-
based recommendation system for strain design, key metabolic
nodes can be identified via graph queries. This model shortened
the experimental validation cycle and supported personalized
fermentation [81,82].

Application Scenarios: From Association Parsing to
Intelligent Control

The microbial fermentation process involves complex,
dynamic correlations, including interactions between microbial
phenotypes (e.g., growth rate and metabolic activity) and
metabolites (e.g., antibiotics, enzymes, and organic acids).
Traditional methods rely on empirical control, making it
challenging to analyze these correlations and achieve precise
optimization. In artificial intelligence (AI)
technology has advanced from correlation analysis to intelligent

recent years,

control in the fermentation process by integrating multiple data
sources, including omics, sensor, and process parameter data.
This section will systematically summarize the application of Al
methods, with a focus on the construction of phenotype-product
correlation networks, key node identification, yield prediction
and optimization, and real-time monitoring and adaptive control.
The application of Al methods will also be illustrated with specific
cases of classical machine learning, deep learning, and hybrid
models. These methods not only improve the efficiency and
product yield of the fermentation process but also provide a new
paradigm for industrial biotechnology Figure 4.

Construction of association

network

phenotype-product

The construction of the phenotype product association
network is the core foundation for analyzing the dynamic
correlation of microbial fermentation, aiming to identify key
gene modules and metabolite hubs by integrating multiple
omics data (such as genome, transcriptome, metabolome, and
proteome), thereby revealing the core mechanism of metabolite
synthesis. This method utilizes artificial intelligence (Al) models
to mine hidden patterns in high-dimensional data, overcoming
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the limitations of traditional methods. Classic machine learning
models, such as partial least squares regression (PLS) and support
vector machines (SVMs), are commonly used for dimensionality
reduction and classification. In contrast, deep learning models,
such as convolutional neural networks (CNNs) and graph neural
networks (GNNs), excel at handling complex network structures

and spatial information. The hybrid model further integrates
biological prior knowledge (e.g., gene regulatory networks and
metabolic pathways) to improve interpretability and predictive
accuracy, ensuring biological rationality in network construction
[83,84].

e N
LR hE——E
=1 I am T
Figure 4: Vision Map of a Future Intelligent Fermentation Factory (Digital Twin, Real-time Optimization, and Closed-loop Control).
\ J

At the methodological level, classical machine learning
models achieve dimensionality reduction of high-dimensional
multi-omics data via PLS, which identifies associations between
latent variables and metabolites, while SVM is used to classify key
gene modules, effectively distinguishing high- and low-output
phenotypes [85, 86]. Deep learning models have expanded their
application scope: CNN can process image-based multi-omics
data (such as gene expression heatmaps); Recurrent Neural
Networks (RNNs) and their variants, such as Long-Short Term
Memory Networks (LSTM) and Gated Recurrent Unit (GRU),
are suitable for capturing dynamic changes in time series data;
GNN directly models metabolic networks and identifies hub
nodes [21,84]. The hybrid model enhances network construction
accuracy by integrating knowledge bases (e.g, KEGG pathways
or GO gene ontology annotations) with Al models (e.g., random
forests or CNNs), for example, in applications such as functional
classification and target prediction [87].

The application examples further validated the effectiveness
of these methods. A typical case involves using Al to integrate
multi-omics data to identify core gene modules and metabolite
hubs involved in the synthesis of specific secondary metabolites

(such as penicillin) during critical periods. In Streptomyces
fermentation, integrated transcriptome
metabolome data, used PLS regression models for dimensionality
reduction, and identified key gene expression patterns related
to antibiotic synthesis, such as the polyketide synthase PKS
gene cluster. Meanwhile, SVM classification models are used to
distinguish between growth and product-synthesis stages and
to screen for highly correlated metabolite hubs [83]. In terms
of deep learning, GNN is applied to construct metabolite gene
interaction networks that automatically identify hub nodes from
large-scale data. For example, in the study of Escherichia coli
fermentation, GNN successfully predicted key enzyme nodes in
succinic acid synthesis, such as succinate dehydrogenase [84].
Another example involves using LSTM models to process time-
series transcriptomic data, track gene expression dynamics in
real time, and construct dynamic correlation networks. In yeast
fermentation, LSTM is used to model gene expression changes
during ethanol synthesis and to identify metabolic hubs activated
at specific time points [21]. The application of hybrid models is
exemplified by combining GO annotations with random forests to
classify metabolites and improve network construction accuracy.

researchers and
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These methods not only accelerate the construction of
correlation networks but also provide verifiable targets for
metabolic engineering, significantly improving the rational
design level of fermentation processes. Through the integration
of multi-omics and Al, researchers can more efficiently analyze
complex biological systems and promote innovation in industrial
biotechnology [88,89].

Identification and status diagnosis of key nodes in
fermentation process

In industrial microbial fermentation processes, accurately
identifying key physiological nodes (e.g., the transition from high-
speed growth to target metabolite synthesis) and conducting
real-time process monitoring are core steps for achieving process
optimization and precise control. Traditional methods rely
heavily on offline sampling and operator judgment, which have
inherent limitations, including response lag and an inability to
support forward-looking regulation. In recent years, the rapid
development of artificial intelligence has enabled the integration
of high-throughput online sensor data (e.g, pH, dissolved
oxygen, and temperature) with offline multi-omics data (e.g.,
metabolomics), enabling real-time diagnosis and prediction of
fermentation processes.

Application of Al methods in state diagnosis: The current
Al models used for key node identification and state diagnosis
in fermentation processes can be mainly divided into three
categories:

Classic machine learning models: These models perform
well on small- to medium-sized datasets and are highly
computationally efficient. Support Vector Regression (SVR) is
commonly used to regress and predict the time points or product
concentration thresholds at which key nodes appear; Support
Vector Machines (SVMs) are widely used for classification tasks,
such as accurately distinguishing different physiological states
(logarithmic growth phase, stable phase, product synthesis phase,
and decay phase) based on process parameters [45].

Deeplearning models: These types of models are particularly
adept at handling extensive, high-dimensional, and temporal
data generated during fermentation processes. Long short-
term memory (LSTM) and gated recurrent unit (GRU) networks
can effectively capture long-term dependencies in time series,
enabling real-time diagnosis and prediction of physiological state
transitions (Smith et al. (2019). In addition, Convolutional Neural
Networks (CNNs) can be applied to analyze image data from the
fermentation process (e.g., cell morphology images captured by
online microscopes), providing a visual basis for state recognition.

Hybrid models: To improve generalization and physical
interpretability, the hybrid paradigm combining mechanistic
and data-driven models is increasingly valued. For example,
combining the Monod Kkinetic equation describing cell growth

and substrate consumption with LSTM networks, or integrating
genome-scale metabolic models (GEMs) with machine learning
algorithms, can yield more robust state diagnosis grounded in
biological mechanisms [73].

Application examples and validation

The effectiveness of Al technology for fermentation
state diagnosis has been validated across multiple industrial
applications. A prominent case is in industrial lactic acid
fermentation, where the LSTM model was successfully applied
to process real-time-collected pH, temperature, and specific
metabolite concentration data, achieving real-time diagnosis of
the transition point in growth product synthesis with a prediction
accuracy of over 90% [89]. The study indicates that the LSTM model
can predict the critical node’s arrival approximately 30 minutes
in advance, providing a valuable time window for implementing
feedback. At the same time, this study supplemented an SVM
classification model to mine historical batch data, effectively
distinguishing high-output and low-output batches and providing
decision support for process optimization.

In the field of antibiotic fermentation, genome-scale metabolic
models combined with machine learning have been used to
identify metabolic biomarkers and predict phenotypes, such as
antibiotic resistance profiles, in E. coli, demonstrating the value of
mechanistic and data-driven integration [90]. The model not only
successfully diagnosed nodes but also adjusted the ventilation
strategy, guided by the model, effectively avoiding a decrease in
product synthesis caused by acetic acid inhibition. The accuracy
of its prediction was verified through experiments.

In another study, Jiang et al. [91] used a GRU network to
process online spectral data from multivariate time series during
yeast fermentation, achieving precise identification of substrate
(glucose) depletion points [91]. This real-time diagnostic
capability enables timely triggering of feeding strategies, thereby
avoiding stagnation of bacterial metabolism, stabilizing the
process, and increasing final ethanol production. In addition,
ensemble learning methods, such as Random Forests, have been
used to integrate multidimensional offline metabolic flux data for
the multidimensional diagnosis of complex cellular physiological
states, demonstrating strong feature-importance analysis and
helping identify key variables that affect state transitions [92].

In summary, Al technology provides real-time, accurate, and
automated solutions for identifying and diagnosing key nodes
in the fermentation process by integrating heterogeneous data
from multiple sources. From classic SVM/SVR to deep LSTM/GRU,
and then to hybrid models that integrate mechanistic knowledge,
these methods significantly reduce human errors and response
delays in traditional methods, thereby laying a solid technical
foundation for achieving adaptive control and the digital and
intelligent transformation of fermentation processes [22]. Future
research will focus on developing hybrid intelligent models with
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enhanced interpretability and improved generalization to enable
more precise regulation and efficiency gains in the fermentation
industry.

Prediction and optimization of metabolite production

The prediction and optimization of metabolic product yields
are the core objectives of the fermentation process, which
involve improving yields through genetic engineering or process
parameter adjustments. In recent years, artificial intelligence
(AI) technology, combined with genome-scale metabolic models
(GEMs) and machine learning methods, has enabled high-
precision yield prediction and rational metabolic engineering
[93]. Classic machine learning models, such as random forests
and partial least squares (PLS) regression, are widely used to
analyze high-dimensional fermentation data, predict the impact
of gene modifications on yield, and identify key influencing factors
[93,94]. Meanwhile, deep learning models such as Graph Neural
Networks (GNNs) and Convolutional Neural Networks (CNNs) can
model complex biological networks, such as simulating metabolic
flux changes or analyzing protein structure data, to assist in target
recognition [93]. These methods not only improve prediction
accuracy but also integrate GEM and Al through hybrid models
to provide mechanistic explanations and guide gene knockout or
overexpression strategies.

In application examples, the combination of Al and GEM has
been successfully used to predict the impact of gene manipulation
onphenotypeandyield. Forexample, inyeastethanol fermentation,
researchers used a random forest model to analyze genomic and
fermentation data, predicted that ADH gene overexpression
would increase ethanol production, and experimentally validated
the prediction [95]. The research content requires revision [93].
Another case involves CNN processing of protein-structure data,
such as the analysis of the three-dimensional structures of PKS
enzymes in antibiotic synthesis to identify key active sites and
guide rational design [48]. The application of hybrid models
integrates metabolic kinetics with support vector regression
(SVR) or long short-term memory (LSTM) networks to enable
dynamic yield prediction and real-time fermentation optimization
[96].

Overall, these Al-driven methods significantly accelerate
metabolic engineering, reduce experimental costs, and enable
scalable optimization for industrial fermentation. By combining
mechanistic models with data-driven methods, researchers can
more efficiently maximize product yield and promote innovation
in biomanufacturing [35]. In the future, as more high-precision
data accumulate and algorithms improve, the application
prospects of Al in metabolic product prediction and optimization
will be even broader.

Real-time monitoring and adaptive control of the
fermentation process

Real-time monitoring and adaptive control of the fermentation

process are key components of industrial biotechnology, aiming to
achieve closed-loop optimization using artificial intelligence (AI)
models and to dynamically adjust process parameters (e.g., feed
rate, temperature, and pH) to improve product yield and process
efficiency. The digital twin model, as a core tool, integrates real-
time, data-driven model updates and recommends optimal control
strategies to achieve precise regulation of the fermentation
process [97]. This method not only enhances the process’s
stability and predictability but also provides a foundation for
resource conservation and sustainable production. With the rapid
development of Al technology, real-time monitoring systems
have shifted from traditional physics-based model control to
data-driven intelligent optimization, significantly improving
automation levels in the fermentation industry.

Recent methodological advances have applied graph neural
networks and related deep learning models to metabolic systems,
integrating constraint-based metabolic modeling with structured
network representations to improve phenotype and network-
feature predictions [98]. Deep learning models, especially
recurrent neural networks (RNNs) and their variants such as GRU
and LSTM, can effectively process time series data and achieve
predictive control; meanwhile, Convolutional Neural Networks
(CNNSs) can be used to analyze image data, such as cell morphology,
to assist in real-time monitoring [93]. The hybrid model further
integrates physical models (e.g., fermentation kinetics) with Al to
ensure robust, biologically rational control strategies. For example,
although specific hybrid frameworks combining long short-
term memory (LSTM) networks with genome-scale metabolic
models for dynamic prediction of antibiotic production have
not yet been reported in Metabolic Engineering, hybrid machine
learning-mechanistic modeling approaches are emerging as a
way to improve phenotype predictions and could, in principle, be
extended to predict dynamic antibiotic yields in Streptomyces. For
example, neural-mechanistic models that embed machine learning
into genome-scale modeling workflows have shown improved
quantitative predictions of metabolic phenotypes compared with
classical constraint-based methods [99].

that Al-driven real-time
monitoring systems have achieved significant results in industrial
fermentation. For example, during the fermentation process of
penicillin, researchers developed a digital twin-based system
that uses an LSTM model to predict metabolite concentrations
in real time and combines SVR to recommend feeding strategies,

resulting in a 15% increase in yield; meanwhile, the GRU model

Case studies demonstrate

processes multi-sensor data and dynamically adjusts ventilation to
avoid oxygen limitation [99]. Similarly, in lactic acid fermentation,
PLS regression, combined with metabolic flux analysis, is used
to identify key control factors and to enable real-time feed
optimization [100]. These methods not only improve process
stability and efficiency but also promote sustainable production
by reducing the accumulation of by-products and resource
consumption. Overall, the application of Al in fermentation
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process control is shifting from the experimental stage to the
industrial scale, and in the future, it is expected to further expand
its application scope through more advanced algorithms (such as
neural networks) [93].

This section systematically elaborates on the application
scenarios of Al technology in microbial fermentation, covering
classic machine learning, deep learning, and hybrid models, from
the construction of phenotype-product correlation networks

to intelligent control. These methods significantly improve the
analytical capabilities and optimization of the fermentation
process by integrating multiple data sources and enabling
real-time analysis. In the future, as multimodal data and edge
computing continue to develop, Al applications in fermentation
will become more accurate and automated, opening new
opportunities for biological manufacturing. Table 1 summarized
the Al Model Applications for Microbial Fermentation.

Table 1: Comparative Analysis of Al Model Applications for Microbial Fermentation Optimization.

Application Case Appllcatg](:; Objec- Data Types Models Used Key Findings Reference
. Increase enzyme yield Multlva‘rlate Random Forest RF performed best;
aAmylase Fermentation fermentation data, . 1
1 Optimization and shorten fermenta- SDeCtrosCoDy. traf (RF), comparative yield increased by [101]
P tion time peceroscopy, ML models 46%
scriptomics
. L . Experimental .
2 LAspgragma.se.Fer.menta— Optlmlze cond}tlons to fermentation pa- RF vs ANN RF shovyed superior [102]
tion Optimization improve yield prediction accuracy
rameters
Fermentation Contamina- Detect and reduce con- Sensor and state Oneclass SVM, ML effectlvel.y de-
3 ) . o tected anomalies and [103]
tion Detection tamination events data Autoencoder R
contamination
Fermentation Design and Systematlc optlml.za— thferature and. SVM, ANN, RE, ML. e.nhances design
4 Lo tion of fermentation | experimental design . efficiency and auto- [66]
Process Optimization hybrid models .
systems data mation
5 Intelligent Fermentation for | Dynamic controland | Sensor data and pro- | ANN, SVM, Genetic | Al improved realtime [22]
Biomanufacturing monitoring cess variables Algorithms adjustment capability
Microbial Community De- Stabilize and optimize Mlcr.oblome and Integrated ML ML-enabled de51gn
6 L . . . environmental of stable synthetic [7]
sign in Fermented Foods microbial consortia . approaches s
variables communities
Highvalue compound Multiomics and Reinforcement Al accelerated
7 Precision Fermentation g mp Learning, Deep CRISPRbased strain [20]
production process data . o
Learning optimization
Realtime Fermentation Opti- Online ad]'u stment of Sensor and process | Neural Networks + Improved EffeFtIVE-
8 N . L . fermentation param- . . ness of realtime [22]
mization with Digital Twin data Digital Twin
eters control
Alassisted Bacterlgcm . Optimize metabolite | Microbial and meta- | SVM, CNN, Trans- Improved screening
9 Development in Lactic Acid . . . . [57]
. production bolic data former and design efficiency
Bacteria
Waste BIO.COI]V(-)I‘SIOH via Optimize bioconver- Time, temperature, ANN + Genetic ANNMOGA o.u_tper-
10 Black Soldier Fly Fermen- . - . formed traditional [104]
. sion efficiency substrate data Algorithm
tation models
Literature Mining for Fer- Automatic identifica- . Large Language Efficient extraction of
1 mentation Strategy tion of effective strains Scientific text data Models (LLMs) strain knowledge [105]
12 SolidState Fgrmentatlon Predict SSF outcomes | IoT and process data GAN + FCNN Improved I.Jl.ﬂedlcuon [23]
Prediction stability
Biofuel Fermentation Simu- Optimize complex CFD and simulation | Bayesian Optimi- Mmtl.ﬁde.hty opti-
13 . o . . mization improved [109]
lation Optimization simulated processes data zation -
efficiency
. . Highlighted hybrid
14 | Alin Bioprocess Integration Upstream '.[0 fiow_“' Er}gmeermg and RF, SVM, CNN, RL models and soft [106]
stream optimization literature data
sensors
Predictive Modeling of Imp rove food fer- Historical growth RE predictive ngh accuracy i
15 . . . mentation safety and microbial dynamics [19]
Microbial Behavior - data models e
efficiency prediction
Al for Bioproduction Effi- Improve product yield | Omics and reactor Protein Language A.I accel'erateld pro-
16 . tein engineering and [43]
ciency and process control data Models, RL, ML control
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Challenges and Prospects

Research on Al-driven analysis of microbial fermentation
processes faces systematic challenges. These challenges stem not
only from technological bottlenecks but also from the inherent
complexity of living systems and the practical constraints of
engineering applications. The quality and scarcity of data are
fundamental constraints on model performance. The high cost
limits the accumulation of high-quality data, making advanced
algorithms such as “cooking without rice” difficult to realize
their full potential and constantly prone to overfitting. The
more profound dilemma lies in the poor interpretability of the
most powerful deep learning models themselves, and in their
decision-making processes, which are like a “black box”, directly
hindering us from transforming data-driven predictions into
verifiable insights into biological mechanisms and limiting
their practical value in guiding rational strain modification and
process optimization. In addition, the heterogeneity of data and
the dynamic and spatiotemporal heterogeneity of microbial
communities in fermentation tanks are intertwined, forming a
multidimensional complex system that imposes almost stringent
requirements on data integration and model construction.
Ultimately, these technological challenges converge at a realistic
upper limit: significant technological barriers and costs. It
requires deep, seamless interdisciplinary collaboration among
microbiologists, process engineers, and data scientists, and
the formation and maintenance of this synergy are daunting
challenges in their own right. Therefore, current developments
in the field are at a critical bottleneck, and overcoming these
obstacles requires multidimensional joint efforts.

Despite the challenges ahead, the prospects of this field remain
vast and exciting. Looking ahead, the path to solving difficulties
lies in integrating and innovating technology and methods. Firstly,
with advances in sequencing and sensing technologies, the cost
of data acquisition is expected to continue to decrease, and high-
throughput, real-time collection of multi-omics data and process
parameters will gradually become a reality, providing a more
abundant “data soil” for model training. Secondly, Al models
are evolving towards interpretability (XAI) and the embedding
of physical information. In the future, models will no longer
be isolated black boxes, but rather “grey box” or “white box”
models that integrate known biological laws (e.g, metabolic
network constraints), yielding solutions that balance predictive
accuracy and mechanistic transparency. In data integration,
more powerful multimodal learning and knowledge graph
technologies will effectively bridge the gaps among genotypes,
phenotypes, environmental factors, and metabolites, enabling a
comprehensive, dynamic digital twin of the fermentation process.
At the same time, the development of soft-sensing technology
and microbiosensors based on edge computing will enable real-
time capture of spatiotemporal heterogeneity in the tank and a
cognitive leap from “static snapshot” to “dynamic movie”[106].

Ultimately, these technological advancements will lower the overall
application threshold, promote the development of standardized
data analysis platforms and collaboration frameworks, and enable
interdisciplinary teams to work more efficiently. We are standing
at the threshold of a new era. Through continuous efforts, Al will
not only be a predictive tool but also become the core engine
for deep analysis of microbial life activities and for the precise,
intelligent, customized, and efficient operation of industrial
fermentation, opening a new chapter in biomanufacturing.

Conclusion

Al technology is driving profound changes in microbial
fermentation. By deeply analyzing the complex correspondence
between strain phenotypes and target products, Al has achieved
prediction and optimization capabilities that traditional methods
cannot match. Its breakthrough lies in the deep integration of
multi-source, data-driven, and biological mechanism guidance:
the algorithm not only mines hidden patterns from massive
omics datasets and process parameters but also integrates prior
knowledge, such as metabolic networks, to constructinterpretable
models. This “data+mechanism” dual-wheel driving paradigm is
driving “smart fermentation” to a new stage: through real-time
monitoring and adaptive regulation, it enables collaborative
optimization of strain performance, fermentation processes, and
product yield. In the future, Al-enabled biomanufacturing will
become the new normal in the industry, significantly reducing
energy consumption and raw material costs while improving
efficiency, ultimately building a more efficient, green, and
intelligent industrial biotechnology system.
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