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Abstract: Industrial fermentation processes are often limited by low
efficiency, poor real-time control, and high resource wastage due to
inadequate monitoring of key process variables. This study aimed to develop
and evaluate a digital twin-assisted Al framework integrated with multi-
omics data for optimizing microbial fermentation processes. Laboratory-
scale fermentation experiments were conducted using a 5 L stirred-tank
bioreactor equipped with IoT-enabled sensors to continuously monitor
temperature, pH, dissolved oxygen, agitation speed, substrate concentration,
and biomass growth. Data were collected from three microbial systems
(Saccharomyces cerevisiae, Lactobacillus plantarum, and Aspergillus niger),
preprocessed through cleaning, normalization, interpolation, and feature
selection, and used to develop ANN, LSTM, Random Forest, and SVM
models. Whole genome sequencing, transcriptomics (RNA-seq), proteomics
(LC-MS), and metabolomics (GC-MS/HPLC) were integrated with process
data using data fusion and dimensionality reduction techniques. The digital
twin system was trained using 70:15:15 data splitting and validated using k-
fold cross-validation. Results showed high predictive accuracy (R? = 0.91-
0.97) with low error margins (RMSE < 0.18-0.32) and real-time prediction
latency below 10 seconds. The system enabled continuous monitoring and
automatic adjustment of fermentation parameters, resulting in improved
biomass and metabolite yields, reduced waste, and a 10-25% increase in
productivity. Multi-omics integration further enhanced model accuracy,
robustness, and biological interpretability. In conclusion, the integration of
digital twin technology, Al models, and multi-omics data provides a highly
efficient framework for optimizing industrial fermentation processes. It is
recommended that bioprocess industries adopt digital twin systems,
advanced Al models, and multi-omics integration alongside IoT-enabled
infrastructure to improve productivity, reduce waste, and enhance process
control.

Keywords: Digital Twins, Artificial Intelligence Modeling, Industrial
Fermentation, Bioprocess Control.
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Introduction

Industrial fermentation and bioprocessing form the foundation for the production of food
products, pharmaceuticals, biofuels, enzymes, and other high-value bioproducts through the
controlled cultivation and metabolic activity of microorganisms. These processes depend on highly
sensitive biological systems that respond dynamically to changes in environmental and operational
conditions such as temperature, pH, dissolved oxygen, nutrient concentration, and agitation rate.
Traditional bioprocess control systems rely largely on fixed-parameter monitoring and manual
intervention, which limits process efficiency, reproducibility, and scalability. Consequently,
maintaining optimal fermentation performance and consistent product quality remains a major
challenge in industrial biotechnology. Recent advancements in Artificial Intelligence (Al) and digital
technologies have introduced new opportunities for improving bioprocess monitoring, optimization,
and control. Al-driven models, including machine learning and deep learning algorithms, enable the
analysis of complex nonlinear relationships within fermentation systems, allowing accurate prediction
of microbial growth, metabolite production, and process deviations. These computational approaches
enhance decision-making by identifying hidden patterns in large bioprocess datasets and supporting
real-time optimization of operational parameters [1]. In parallel, Digital Twin technology has
transformed industrial bioprocessing through the development of virtual replicas of physical
fermentation systems. A digital twin integrates real-time sensor data with predictive models to
simulate, monitor, and optimize bioprocess performance throughout its lifecycle. This integration
establishes continuous feedback between the physical system and its digital counterpart, enabling real-
time adjustments that improve efficiency, reduce production costs, and minimize process failures. The
integration of Al modeling and Digital Twin systems represents a major advancement in industrial
fermentation and bioprocess control. This combined approach supports predictive monitoring,
intelligent automation, and adaptive process optimization, thereby improving yield, product quality,
and operational stability. Consequently, Al-enabled digital twins have become a transformative
strategy for next-generation industrial biotechnology systems [2].

Udugama et al. [3] aimed to define the concept of digital twins in biomanufacturing using a
conceptual framework and case-based analysis; the study found that digital twins improve process
understanding and enable model-based control when integrated with real-time data systems. Herwig
et al. [4] examined on-line monitoring and control in bioprocessing through analytical and simulation-
based approaches, reporting improved optimization of fermentation parameters and enhanced
scalability. Fuller et al. [5] investigated enabling technologies for digital twins using a systematic
literature review; the results showed that integration of Internet of Things (IoT) and artificial
intelligence enhances bidirectional data flow and process automation. Similarly, Tao et al. [6] explored
the state-of-the-art of digital twins in industry using conceptual and applied analyses, revealing
improved synchronization between physical and virtual systems for enhanced operational efficiency.
Negri et al. [7] reviewed the roles of digital twins in cyber-physical production systems using literature
synthesis and found that digital twins significantly enhance system monitoring, diagnostics, and
predictive capabilities. Qin [8] examined process data analytics in the era of big data using analytical
modelling approaches, reporting that data-driven methods improve decision-making and process
optimization in industrial systems. Kadlec et al. [1] investigated data-driven soft sensors in process
industries through modelling and validation techniques, finding improved real-time estimation of
critical process variables. In a related study, von Stosch et al. [9] explored hybrid semi-parametric
modelling in process systems engineering using computational modelling, demonstrating improved
prediction accuracy and adaptability in bioprocesses.

Schuler et al. [10] evaluated bioprocess monitoring and control strategies using review-based
analysis and identified key opportunities for improving process robustness and efficiency through
advanced control systems. Liu et al. [11] examined digital twin-driven smart manufacturing using
conceptual modelling and case analysis, revealing improved real-time decision-making and system
optimization. Kritzinger et al. [12] conducted a categorical literature review on digital twins in
manufacturing and found that their implementation enhances system transparency, flexibility, and
predictive maintenance. Ribeiro et al. [13] investigated explainable artificial intelligence using
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experimental machine learning approaches, showing that model interpretability improves trust and
usability in predictive systems. LeCun et al. [14] examined deep learning using experimental and
theoretical approaches, reporting significant improvements in pattern recognition and predictive
modelling accuracy. Similarly, Goodfellow et al. [1] provided a comprehensive analysis of deep
learning techniques through theoretical and applied modelling, demonstrating their effectiveness in
handling complex, high-dimensional industrial datasets. Zhang et al. [15] studied process monitoring
and fault detection using data-driven modelling techniques and found improved detection accuracy
and system reliability. Lee et al. [16] examined cyber-physical system architectures for Industry 4.0
using system design frameworks, revealing enhanced integration between physical processes and
computational intelligence. Wang et al. [17] investigated smart factory implementation using
distributed system modelling and reported improved automation, connectivity, and production
efficiency. Craven and Sharratt [18] explored advanced control strategies for fermentation processes
using modelling and simulation, demonstrating improved control of key fermentation parameters and
process stability. Olsson and Nielsen [19] examined the role of metabolic engineering in industrial
biotechnology using review-based analysis, highlighting improved microbial productivity and process
optimization. Finally, Schmidt et al. [20] analyzed machine learning applications using computational
modelling, revealing improved feature selection, prediction accuracy, and optimization in complex
industrial and bioprocess systems.
Aim and Objectives of the Study
The aim of this research is to determine the application of Digital Twins and Artificial Intelligence
(AI) modeling in improving the monitoring, prediction, and control of industrial fermentation and
bioprocess systems. The objectives were to:
i. Design and implement digital twin models that simulate industrial fermentation processes for
microbial product optimization;
ii. Evaluate the accuracy of Al-driven digital twins in predicting microbial growth dynamics and
metabolite production.
iii. Investigate how digital twin-assisted control can enhance efficiency, reduce waste, and optimize
fermentation parameters in real-time;
iv. Explore the integration of multi-omics data with Al models to improve predictive capabilities of
industrial microbial bioprocesses.

Materials and Methods

2.1 Design and implement digital twin models that simulate industrial fermentation processes
for microbial product optimization

Data were first collected from fermentation systems in IAUE using controlled laboratory-scale
bioreactors. Key process variables such as temperature, pH, dissolved oxygen, agitation speed,
substrate concentration, and biomass growth rate were continuously monitored using integrated
sensors. These data were recorded at fixed time intervals and stored in a structured database to form
the physical process dataset. The collected datasets were preprocessed to ensure quality and
consistency. Data cleaning was performed to remove noise and inconsistencies, while normalization
was applied to standardize variable ranges. Missing values were handled using interpolation
techniques, and time-series alignment was conducted to ensure uniform sampling across all process
variables. Feature selection was carried out to identify the most influential parameters affecting
microbial growth and product yield. A virtual process model (Digital Twin) of the fermentation system
was then developed using machine learning and mechanistic modelling approaches. Artificial Neural
Networks (ANN) and Long Short-Term Memory (LSTM) networks were trained using historical
fermentation data to learn nonlinear relationships between input variables and output responses such
as biomass concentration and product formation. The dataset was divided into training, validation, and
testing subsets to ensure robust model development. The trained Digital Twin model was integrated
with real-time simulation software to replicate the behaviour of the physical fermentation system. Real-
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time sensor inputs were fed into the model to generate continuous predictions of microbial growth
dynamics and metabolite production. The model output was compared with actual fermentation
performance to evaluate prediction accuracy and system reliability. Model optimization was performed
by adjusting hyperparameters and refining feature inputs to improve predictive performance. The
Digital Twin system was then used to simulate different operational scenarios, including variations in
temperature, substrate concentration, and aeration rates, to determine optimal conditions for microbial
productivity and the optimized Digital Twin was deployed as a decision-support tool for bioprocess
control, enabling continuous monitoring, performance prediction, and optimization of industrial
fermentation processes for improved microbial product yield and process efficiency.

2.2 Accuracy of Al-driven digital twins in predicting microbial growth dynamics and
metabolite production

Fermentation experiments were carried out using a 5 L stirred-tank bioreactor system equipped
with online sensors for temperature, pH, dissolved oxygen, and agitation speed. Sterile fermentation
media consisting of glucose (30 g/L), yeast extract (10 g/L), and peptone (5 g/L) were prepared and
autoclaved at 121°C for 15 minutes before inoculation. Three industrially relevant microbial strains
were used: Saccharomyces cerevisiae (ethanol-producing yeast), Lactobacillus plantarum (lactic acid
bacterium), and Aspergillus niger (citric acid-producing filamentous fungus). Standard inoculum size of
100107 CFU/mL was introduced into the bioreactors under aseptic conditions. The fermentation
process was maintained at 30°C for S. cerevisiae and L. plantarum, and 28°C for A. niger, with pH
maintained between 5.0 and 6.5 using automated acid/base control. Agitation speed was set at 200 rpm,
while aeration was maintained at 1.0 vvm. Process parameters were continuously recorded using a
digital data acquisition system connected to bioreactor probes. Microbial growth was monitored at 6-
hour intervals using optical density measurements at 600 nm (OD600), plate count methods on selective
media, and dry cell weight determination. Metabolite production was quantified using high-
performance liquid chromatography (HPLC) for ethanol and lactic acid, and spectrophotometric
analysis for citric acid concentration. All experimental measurements were recorded as observed values
for model validation. The Al-driven digital twin models, developed using Artificial Neural Networks
(ANN), Random Forest, and Long Short-Term Memory (LSTM) algorithms, were then applied to the
experimental dataset. The models generated predicted microbial growth curves and metabolite
production profiles based on real-time process inputs from the bioreactor system. Model predictions
were compared with laboratory-obtained values to determine accuracy. Performance evaluation was
conducted using root mean square error (RMSE), mean absolute error (MAE), coefficient of
determination (R?), and percentage prediction accuracy. Cross-validation was performed using k-fold
validation to assess model stability across different fermentation conditions. Sensitivity analysis was
conducted to determine the influence of key process variables such as pH, temperature, substrate
concentration, and dissolved oxygen on prediction performance. The accuracy of the digital twin
system was finally determined based on the level of agreement between predicted and observed
microbial growth dynamics and metabolite production profiles across all three microbial fermentation
systems.

2.3 How digital twin-assisted control enhance efficiency, reduce waste, and optimize
fermentation parameters in real-time

The digital twin-assisted control system was integrated with the bioreactor through an IoT-based
feedback loop, where real-time sensor data were transmitted to the Al model for continuous analysis.
The digital twin generated dynamic predictions of microbial growth rate and metabolite production,
which were used to adjust fermentation parameters automatically. Process optimization was achieved
by continuously regulating key variables. Temperature was maintained at 30°C for S. cerevisiae and L.
plantarum and 28°C for A. niger. pH was automatically adjusted within 5.0-6.5 using acid and base
dosing systems. Agitation speed (150-300 rpm) and aeration rate (0.5-1.0 vvin) were dynamically
optimized based on model predictions to improve oxygen transfer efficiency and substrate utilization.
Waste reduction analysis was conducted by measuring substrate consumption efficiency, residual
glucose concentration, and by-product accumulation. Samples were collected at 6-hour intervals, and
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residual substrate levels were quantified using spectrophotometric methods, while metabolite yields
were measured using HPLC. Fermentation efficiency was evaluated by comparing biomass yield (g/L),
product yield (g/L), and conversion efficiency (%) between digital twin-controlled runs and
conventional fixed-parameter fermentation runs. The Al-driven digital twin system, using ANN,
Random Forest, and LSTM models, continuously updated process recommendations, enabling real-
time corrective actions that minimized deviation from optimal fermentation conditions. Performance
evaluation was conducted using efficiency improvement percentage, waste reduction rate, and yield
optimization index. Cross-comparison between controlled and uncontrolled fermentation batches was
carried out to determine the impact of digital twin-assisted control. The effectiveness of the system was
determined based on its ability to enhance fermentation productivity, reduce raw material wastage,
and maintain optimal bioprocess conditions through real-time intelligent feedback control.

2.4 Integration of multi-omics data with AI models to improve predictive capabilities of
industrial microbial bioprocesses

During fermentation, multi-omics datasets were generated from the microbial systems. Genomic
data were obtained through whole genome sequencing (WGS) to identify functional gene expression
potential. Transcriptomic analysis was performed using RNA sequencing (RNA-seq) to capture gene
expression patterns under different fermentation phases. Proteomic profiling was conducted using
liquid chromatography-mass spectrometry (LC-MS) to quantify protein expression levels, while
metabolomic analysis was performed using gas chromatography-mass spectrometry (GC-MS) and
high-performance liquid chromatography (HPLC) to identify and quantify metabolic products. All
omics datasets were synchronized with process parameters and time-series fermentation data. Data
preprocessing involved quality filtering, normalization, missing value imputation, and feature scaling
to ensure compatibility across heterogeneous datasets. Feature integration techniques such as data
fusion and dimensionality reduction (principal component analysis and autoencoders) were applied to
extract relevant biological and process features. The integrated dataset was then used to train Al
models, including Artificial Neural Networks (ANN), Random Forest, Support Vector Machines
(SVM), and Long Short-Term Memory (LSTM) networks. These models were designed to associate
multi-omics features with microbial growth dynamics and metabolite production patterns. Model
training was performed using 70% of the dataset, while 15% was used for validation and 15% for
testing. Cross-validation techniques were applied to ensure robustness and prevent overfitting across
complex multi-omics datasets. Model performance was evaluated using predictive accuracy, coefficient
of determination (R?), root mean square error (RMSE), and mean absolute error (MAE), focusing on
improvements in prediction of fermentation yield, growth kinetics, and metabolic flux. The
effectiveness of multi-omics integration was determined by comparing model performance with and
without omics data incorporation, assessing improvements in predictive precision, system
responsiveness, and biological interpretability within industrial microbial bioprocess simulations.

Results and Discussion

Table 3.1. Digital twin models that simulate industrial fermentation processes for microbial product

optimization.
Al/Digital Twin Key Model
Process Stage Component Used  Variables/Inputs Output Result
Data IoT-enabled Temperature, Time-series High-resolution,
Acquisition sensors and a pH, dissolved fermentation structured dataset
bioreactor oxygen, agitation dataset capturing real-time
monitoring system  speed, substrate fermentation
concentration, dynamics
biomass growth
rate
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Data Data cleaning, Raw sensor Clean and Noise reduced by ~20-
Preprocessing normalization, outputs standardized 35%; improved data
interpolation, time- dataset consistency and model
series alignment readiness
Feature Statistical analysis ~ Process variables Selected Identification of key
Selection and machine affecting growth predictive drivers (pH,
learning filtering and yield features temperature, substrate,
DO) contributing >80%
of model accuracy
Model ANN and LSTM- Historical Trained High-capacity
Development  based digital twin fermentation predictive nonlinear model
models data digital twin capturing microbial
growth and metabolite
trends
Model Supervised Input-output Optimized Al Training accuracy
Training learning (70:15:15 fermentation model >95%; strong
split) relationships generalization across
datasets
Model Cross-validation Validation Refined Reduced overfitting;
Validation and dataset predictive improved R? 20.95
hyperparameter model
tuning
Real-time Digital twin Real-time Continuous Near real-time
Simulation integrated with live  bioreactor inputs  prediction of  prediction (latency <10
sensor data microbial seconds) of
growth and fermentation
product yield performance
Model Comparison with Predicted vs Performance RMSE <0.20; R? 20.95
Evaluation laboratory observed metrics indicating high
fermentation biomass and (RMSE, R?, prediction accuracy
outcomes metabolite MAE)
production
Scenario Virtual Temperature, Optimized Identification of
Simulation fermentation pH, substrate process optimal conditions
optimization concentration, conditions increasing yield by
testing aeration ~10-25%
variations
System Digital twin Integrated Al Real-time Improved process
Deployment decision-support model + IoT control stability and reduced
system system recommendat  production variability
ions
Process Al-assisted Continuous Enhanced Increased biomass and
Optimization fermentation system feedback microbial metabolite yield with
Outcome control product yield reduced resource

wastage

The results in table 3.1 revealed that integrating digital twin models with Al-driven analytics

significantly transforms industrial fermentation into a highly predictive, adaptive, and efficient
process. With high accuracy (R? 2 0.95) and low error margins (RMSE < 0.20), the system enables precise
monitoring and control of critical variables such as pH, temperature, and substrate concentration in
near real time. This reduces uncertainty, minimizes production variability, and enhances process
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stability. The ability to run scenario simulations and identify optimal conditions leading to a 10-25%
increase in yield implies improved productivity and cost-efficiency, alongside reduced resource
wastage.

Table 3.2. Digital twin-assisted control enhancing efficiency, reduce waste, and optimize fermentation

parameters in real-time.

) ) Prediction Observed vs Key
N;l;:?ebr;al hé‘;gcell RMSE MAE Vflile Accuracy Predicted Influencing
(%) Trend Variables
Saccharomyces ANN <0.25 <0.18 =094 92-96% Strong Glucose
cerevisiae agreement; concentration,
(Ethanol) slight deviation pH,
at late temperature
stationary
phase
Saccharomyces LSTM <020 <0.15 =>0.96 94-97% Excellent time-  Substrate, DO,
cerevisiae series agitation
(Ethanol) prediction; speed
captures
growth phases
accurately
Saccharomyces Random <0.30 <0.22 >0.92 90-94% Good Substrate
cerevisiae Forest prediction; less  concentration,
(Ethanol) effective for pH
dynamic trends
Lactobacillus ANN <023 <0.17 2095 93-96% High pH,
plantarum agreement in temperature,
(Lactic Acid) exponential nutrient
and stationary ~ concentration
phases
Lactobacillus LSTM <018 <0.14 =097  95-98% Very high DO, pH,
plantarum accuracy in substrate
(Lactic Acid) growth and
metabolite
prediction
Lactobacillus Random <0.28 <020 20.93 91-95% Moderate pH, substrate
plantarum Forest prediction of concentration
(Lactic Acid) time-dependent
changes
Aspergillus ANN <0.27 <0.19 2094  92-95%  Good fit; minor =~ Temperature,
niger (Citric lag in early pH, aeration
Acid) growth phase
prediction
Aspergillus LSTM <022 <0.16 =20.96 94-97% Excellent Aeration,
niger (Citric dynamic substrate, DO
Acid) prediction
across all
phases
Aspergillus Random <032 <024 20091 89-93% Acceptable Substrate,
niger (Citric Forest accuracy; temperature
Acid) weaker
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temporal
modeling

The results in table 3.2 demonstrated that digital twin—assisted control systems significantly
enhance fermentation efficiency by enabling highly accurate, real-time prediction and adjustment of
critical process parameters. With consistently high predictive performance (R?>0.91-0.97 and accuracy
up to 98%), especially from LSTM and ANN models, the system effectively captures microbial growth
dynamics and metabolite production across different organisms. This level of precision allows for
timely optimization of variables such as pH, temperature, substrate concentration, and dissolved
oxygen, thereby reducing process deviations, minimizing resource wastage, and improving overall
yield. The weaker performance of Random Forest in temporal modeling further highlights the
importance of time-series-based models for dynamic bioprocesses.

Table 3.2.1. Quantification of Fermentation and Model Parameters.

. Quantified Measurement L
Parameter Unit Significance
Range/Value Method
Temperature °C 28-30°C Bioreactor Controls microbial
temperature probe metabolic rate
pH pH units 50-6.5 pH sensor with Affects enzyme
auto-control activity and growth
Dissolved Oxygen (DO) % 40-100% DO probe Critical for aerobic
saturation metabolism
Agitation Speed rpm 200 rpm Agitation controller Ensures proper
mixing and oxygen
transfer
Aeration Rate vvm 1.0 vvim Gas flow controller =~ Maintains oxygen
availability
Substrate (Glucose) g/L 30 g/L Chemical Primary carbon
preparation source
Yeast Extract g/L 10 g/L Media composition Nitrogen and
growth factor
source
Peptone g/L 5¢g/L Media composition =~ Supports microbial
growth
Inoculum Size CFU/mL 106 — 107 Plate count method Determines initial
CFU/mL biomass density
Biomass Growth OD600 / 01-25 Spectrophotometer ~ Indicates microbial
g/L OD600 growth kinetics
Dry Cell Weight g/L 0.5-8.0g/L Gravimetric Accurate biomass
analysis quantification
Ethanol Production (S. g/L 5-15g/L HPLC Indicates
cerevisiae) fermentation
efficiency
Lactic Acid (L. plantarum) g/L 8-20g/L HPLC Reflects metabolic
productivity
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Citric Acid (A. niger)
Sampling Interval
RMSE
MAE
R? (Coefficient of
Determination)

Prediction Accuracy

Latency (Prediction
Time)

g/L

Hours

%

Seconds

10-30 g/L
Every 6
hours
<0.18-0.32
<0.14-0.24
0.92-0.97

90 —98%

<10s

Spectrophotometry

Time-series
collection

Statistical analysis

Statistical analysis

Model evaluation
Comparative

analysis

System output

Key industrial
metabolite
Captures dynamic
changes
Measures prediction
error
Average prediction
deviation
Measures model
accuracy

model performance

Real-time prediction

capability

The quantified parameters in table 3.2.1 indicated that the fermentation process operated under

well-controlled and optimal biological conditions, enabling stable microbial growth and efficient
metabolite production. The tight ranges for temperature, pH, dissolved oxygen, and substrate
concentration suggest effective process regulation, which is essential for maximizing microbial
performance. The high biomass yield and metabolite concentrations confirm that the system supports
strong productivity across all organisms. Furthermore, the low error metrics (RMSE and MAE) and
high coefficient of determination (R?=0.92-0.97) demonstrate that the Al-driven models provide highly
accurate and reliable predictions. The high prediction accuracy (90-98%) combined with rapid response
time (latency <10 seconds) implies that the system is capable of real-time monitoring and control.

Table 3.3. Digital Twin-Assisted Fermentation Optimization.

Digital

Conventiona . %
] Twin- Improvem Measurem
Parameter  Unit . Controlled ent Significance
Fermentatio . ent/
Fermentatio Method
n (Control) N Change
Temperature  °C +2-3°C £0.2-0.5°C ~80-90%  Temperatur Precise thermal
Stability fluctuation fluctuation  improvem e probe control
ent improves
enzyme kinetics
and microbial
growth
pH Stability  pH 4.5-7.0 5.0-6.5 ~70-85%  Automated Maintains
unit  (fluctuating) (stable) improvem  pHsensor optimal enzyme
s ent activity and
metabolic
balance
Dissolved % 30-70% 60-90% ~40-60% DO probe Enhances
Oxygen (DO) satu improvem aerobic
Efficiency  ratio ent metabolism and
n product
formation
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Agitation
Optimization

Aeration
Rate
Optimization

Biomass
Yield

Product
Yield
(Metabolite)

Conversion
Efficiency

Residual
Substrate
(Glucose)

By-product
Accumulatio
n

Substrate
Utilization
Efficiency
Fermentation
Time

Real-time
Prediction
Accuracy

Process
Deviation
Rate
Waste
Reduction
Rate

Yield
Optimization
Index

Ipm

vvin

g/l

g/L

%

g/L

g/l

%

hou
rs

%

Inde

X
(0-
)

Fixed (200
rpm)

Fixed (0.5
vvm)

8-12 g/L

5-10 g/L

50-65%

10-20 g/L

High (3-6
g/L)

60-70%

72-96 hrs

Not
applicable

15-25%

Baseline

0.5-0.7

Dynamic
(150-300
rpm)

Dynamic
(0.5-1.0 vvm)

14-20 g/L

12-18 g/L

80-92%

2-6 g/L

Low (1-2
g/L)

85-95%

48-72 hrs

85-95%

3-8%

50-75%

reduction

0.85-0.95

~25-40%
efficiency
gain

~30-50%
improvem
ent

~50-70%
increase

~60-80%
increase

~30-45%
increase

~60-80%
reduction

~50-70%
reduction

~25-35%
increase

~25-35%
reduction

~60-80%
reduction

~50-75%
improvem
ent

~30-50%
increase

Agitation
controller

Flow meter

Gravimetri
c analysis

HPLC

Stoichiomet
ric
calculation
Spectropho
tometry

HPLC

Mass
balance
analysis

Time
tracking

Model
validation
(ANN, RF,

LSTM)
Statistical

analysis

Comparati
ve analysis

Composite
performanc
e metric

Improves
mixing and

oxygen transfer

efficiency
Optimizes
oxygen supply
based on
microbial
demand
Higher
microbial
growth
efficiency
Increased
metabolite
production
efficiency

Better substrate-

to-product
conversion
Indicates
improved
substrate
utilization
Minimizes
unwanted
metabolic
pathways
Reduces raw
material waste

Faster
production
cycles
Enables
proactive
process control

Maintains stable

fermentation
conditions
Significant
reduction in
unused
substrates and
by-products

Indicates overall

process
optimization
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Efficiency
Improvemen
t Percentage

%

Baseline

40-70%
improvement

~40-70%
increase

Comparati
ve analysis

Reflects overall

system

performance
enhancement

The results in table 3.3 showed that digital twin—controlled fermentation substantially improves
bioprocess performance compared to conventional fermentation systems. The marked improvement in

temperature, pH, dissolved oxygen, and aeration stability shows that real-time Al-driven feedback
control maintains optimal physiological conditions for microbial growth and metabolism. This leads to
significantly higher biomass and product yields, improved substrate utilization, and reduced residual
glucose and by-product formation, demonstrating enhanced process efficiency and reduced waste
generation. The reduction in fermentation time and process deviation further confirms increased

operational stability and productivity.

Table 3.4. Multi-Omics Integration with AI Models for Fermentation Prediction.

Without With
Model / . Mul,tl- Mul,tl- Improvement Evaluation . g
Unit Omics Omics Significance
Parameter . . / Change Method
Integrati  Integratio
on n
ANN % 75-85% 90-97% ~10-20% Model Improved
Predictive increase validation nonlinear
Accuracy mapping of
biological
processes
Random % 70-82% 88-95% ~12-18% Cross- Better feature
Forest increase validation selection and
Accuracy interpretability
SVM % 68-80% 85-93% ~12-20% Classification Improved
Accuracy increase metrics separation of
metabolic
states
LSTM % 78-88% 92-98% ~10-15% Temporal Enhanced
Accuracy increase validation dynamic
(Time-series fermentation
prediction) forecasting
R? — 0.70-0.82  0.90-0.97 ~15-25% Regression Stronger fit
(Coefficient improvement analysis between
of predicted and
Determinatio actual values
n)
RMSE g/L 1.5-3.0 0.5-1.2 ~50-70% Error analysis Higher
(Growth reduction precision in
Prediction biomass
Error) prediction
MAE g/L 1.2-2.8 0.4-1.0 ~50-65% Error analysis Improved
(Metabolite reduction metabolite
Prediction yield
Error) forecasting
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Fermentation % 70-83% 90-96% ~15-25% Experimental =~ More reliable
Yield increase validation yield
Prediction estimation

Accuracy
Growth % 72-85% 91-97% ~15-22% Time-series Improved
Kinetics increase comparison microbial
Prediction growth
Accuracy modeling
Metabolic % 65-80% 88-94% ~18-25% Flux balance Better
Flux increase analysis understanding
Prediction of metabolic
Accuracy pathways
Feature Score 0.60-0.75  0.85-0.95 ~20-30% Model Better
Importance  (0-1) improvement interpretability biological
Identification insight from
omics features
Data % 60-70% 85-95% ~25-35% Dimensionality Improved
Integration increase reduction multi-source
Efficiency output data
harmonization
Model % High Low (5- ~60-75% Cross- Improved
Stability (20-35%) 10%) reduction validation generalization
(Overfitting performance
Risk)
System seco 5-10s 1-3s ~60-80% Runtime Faster real-
Responsiven  nds faster analysis time
ess fermentation
(Prediction control
Time Lag)
Biological Inde  0.5-0.7 0.85-0.95 ~30-50% Model Better linkage
Interpretabili  x (0- increase explainability =~ between omics
ty Score 1) tools and process
behavior
Overall Inde 0.65-0.78  0.88-0.96 ~20-30% Composite Demonstrates
Model x (0- increase scoring superior
Performance 1) predictive
Index system

The results in table 3.4 implied that integrating multi-omics data with Al models substantially
enhances the predictive power, reliability, and biological relevance of fermentation process modeling.
The marked improvements in predictive accuracy, R? values, and reductions in RMSE and MAE
indicate that the models are better able to capture complex, nonlinear relationships between microbial
genetics, gene expression, protein activity, metabolic outputs, and process conditions. This leads to
more precise forecasting of growth kinetics, metabolite production, and metabolic flux. Additionally,
the improved data integration efficiency and reduced overfitting demonstrate that multi-omics fusion
strengthens model robustness and generalization across fermentation conditions.

Discussion

The results of Table 4.1 showed that the digital twin—Al fermentation system achieved high
predictive accuracy (R? > 0.95) with low prediction error (RMSE < 0.20). Real-time monitoring and
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control of key process variables (pH, temperature, dissolved oxygen, agitation speed, and substrate
concentration) were achieved with prediction latency of less than 10 seconds. Scenario simulation
indicated a 10-25% increase in microbial product yield under optimized conditions. The high predictive
accuracy (R? 2 0.95) and low error margin (RMSE < 0.20) observed in this study are consistent with the
work of Zhang et al. [21], who reported that digital twin-enabled bioprocess systems significantly
enhance real-time monitoring accuracy and reduce process uncertainty in microbial fermentation.

Similarly, Patel and Kumar [22] found that integrating ANN and LSTM models into bioreactor
systems improved prediction of microbial growth kinetics and metabolite production, leading to more
stable and efficient fermentation control. The observed 10-25% increase in yield through scenario
simulation also agrees with findings by Li et al. [23], who demonstrated that virtual fermentation
environments can optimize parameter selection and improve productivity by identifying optimal
process conditions before physical implementation. However, Wang et al. [24] argued that digital twin
systems may face limitations in scalability and real-world industrial deployment due to high
computational demands and sensor integration challenges, which can reduce responsiveness in large-
scale bioreactors. Despite these concerns, the present findings reinforce the argument by Singh and
Verma [25] that advances in IoT infrastructure and machine learning algorithms have significantly
mitigated earlier limitations, making digital twin systems more reliable for continuous fermentation
optimization.

The results of Table 4.2 showed that digital twin—-assisted control systems achieved high
predictive performance across all microbial systems, with R? values ranging from 0.91 to 0.97 and
prediction accuracy between 90% and 98%. LSTM and ANN models consistently outperformed
Random Forest in capturing fermentation dynamics, with LSTM achieving the best performance (RMSE
<0.18-0.22; MAE < 0.14-0.16) due to superior time-series learning capability. Real-time prediction and
control were achieved with latency below 10 seconds, enabling continuous adjustment of key
fermentation variables such as temperature (28-30°C), pH (5.0-6.5), dissolved oxygen (40-100%),
agitation speed (200 rpm), and substrate concentration (30 g/L). Among the microbial systems,
Saccharomyces cerevisiae, Lactobacillus plantarum, and Aspergillus niger all showed strong
agreement between observed and predicted values, with only minor deviations during early or late
growth phases.

The results are consistent with Zhang et al. [21], who reported that digital twin-based
fermentation systems significantly improve predictive accuracy and enable precise real-time control of
bioprocess variables. Similarly, Patel and Kumar [22] found that ANN and LSTM models enhance
prediction of microbial growth and metabolite production, particularly in dynamic fermentation
environments, which aligns with the high accuracy observed in this study. The superior performance
of LSTM over Random Forest supports the findings of Li et al. [23], who emphasized that time-series
deep learning models are more effective for capturing nonlinear and temporal fermentation patterns.
However, Wang et al. [24] noted that machine learning-based digital twin systems may face challenges
related to computational complexity and scalability in industrial-scale bioreactors.

In contrast, Singh and Verma [25] argued that advancements in IoT integration and cloud-based
computing have significantly reduced these limitations, improving real-time applicability and system
responsiveness. The results of Table 4.2.1 showed that the fermentation process was maintained under
tightly controlled and optimal operating conditions. These findings are also consistent with Chen et al.
[26], Rodriguez and Patel [27], Kim et al. [28], Osei and Zhang [29], and Martins and Okafor [30], who
highlighted that precise environmental control and Al-enabled monitoring improve microbial
productivity, model prediction reliability, and operational stability in industrial fermentation systems.

The results of Table 4.3 showed that digital twin—controlled fermentation substantially improved
bioprocess performance compared to conventional fermentation systems. The system achieved
enhanced stability in key process variables, including temperature (+0.2-0.5°C), pH (5.0-6.5), dissolved
oxygen (60-90%), and aeration and agitation rates, indicating effective real-time Al-driven feedback
control. This optimization resulted in higher biomass yield (14-20 g/L), increased metabolite
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production (12-18 g/L), improved conversion efficiency (80-92%), and reduced residual substrate levels
(2-6 g/L).

In addition, significant reductions were recorded in by-product accumulation, fermentation time
(48-72 hrs), and process deviation rate (3-8%), while waste reduction reached 50-75%, confirming
improved process efficiency and resource utilization. These findings are supported by Alvarez and
Chen [31], who reported that digital twin-based control systems enhance real-time bioprocess
regulation, leading to improved yield and reduced variability in industrial fermentation.

Similarly, Nwankwo et al. [32] found that Al-integrated fermentation systems significantly
improve substrate utilization efficiency and metabolic productivity by maintaining optimal
environmental conditions. The observed reduction in fermentation time and waste generation aligns
with Hassan and Lee [33], who demonstrated that predictive control models reduce production cycle
time while increasing output efficiency in microbial bioprocesses.

However, Garcia and Mohammed [34] argued that implementing digital twin systems in large-
scale fermentation can be constrained by high computational requirements and data integration
challenges. In contrast, Olumide and Becker [35] emphasized that advancements in machine learning
algorithms and IoT-enabled sensors have greatly improved system responsiveness and scalability,
making real-time optimization more feasible in industrial applications.

The results of Table 4.4 showed that integrating multi-omics data with AI models significantly
improved the predictive performance of fermentation systems across all evaluated algorithms. ANN,
Random Forest, SVM, and LSTM models recorded higher predictive accuracy (90-98%) compared to
systems without omics integration (68-88%), while R? values increased to 0.90-0.97, indicating stronger
agreement between predicted and observed outcomes. In addition, substantial reductions were
observed in prediction errors, with RMSE decreasing to 0.5-1.2 g/L. and MAE to 0.4-1.0 g/L, reflecting
improved precision in biomass and metabolite forecasting. The system also demonstrated enhanced
prediction of fermentation yield (90-96%), growth kinetics (91-97%), and metabolic flux (88-94%),
alongside improved data integration efficiency (85-95%) and reduced overfitting risk (5-10%).

Furthermore, response time improved significantly to 1-3 seconds, supporting real-time
predictive capability. These findings are supported by Zhao et al. [36], who reported that integrating
multi-omics datasets with machine learning models significantly improves predictive accuracy and
biological interpretability in industrial bioprocesses. Similarly, Fernandez and Okoye [37] found that
multi-layer biological data integration enhances model robustness and reduces prediction errors in
fermentation systems by capturing complex metabolic interactions. The improved metabolic flux
prediction aligns with Kumar and Silva [38], who demonstrated that omics-informed AI models
provide more reliable mapping of cellular metabolic pathways and product formation dynamics.
However, Brown and Alabi argued that multi-omics integration can increase computational complexity
and require advanced infrastructure, potentially limiting accessibility in low-resource settings. In
contrast, Liang and Mensah emphasized that advances in cloud computing and automated
bioinformatics pipelines have significantly reduced these challenges, enabling scalable and efficient
multi-omics integration in industrial applications.

Conclusion

The results of this study demonstrate that integrating digital twin technology, Al-driven
modeling, and multi-omics data significantly improves the efficiency, accuracy, and stability of
industrial fermentation processes. Across all analyses (Tables 4.1-4.4), the digital twin system achieved
high predictive performance (R? > 0.91-0.97) with low error margins (RMSE < 0.18-0.32), enabling
precise real-time monitoring and control of critical fermentation parameters such as temperature, pH,
dissolved oxygen, and substrate concentration. The system also enhanced microbial productivity by
increasing biomass and metabolite yields while reducing process deviations, fermentation time, and
waste generation. Furthermore, multi-omics integration improved model robustness, interpretability,
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and predictive accuracy by capturing complex biological interactions across genomic, transcriptomic,
proteomic, and metabolomic levels.

Recommendations

ii.

ii.

iv.

Based on the findings, the following were recommended;

. Bioprocess industries should adopt digital twin-based monitoring and control systems to enhance

real-time optimization of fermentation processes, improve yield consistency, and reduce production
variability.

Machine learning models such as LSTM and ANN should be prioritized for fermentation prediction
and control due to their superior ability to capture nonlinear and time-dependent microbial
dynamics.

Genomic, transcriptomic, proteomic, and metabolomic data should be integrated into fermentation
modeling frameworks to improve predictive accuracy, biological understanding, and process
optimization.

Bioprocess facilities should invest in IoT-enabled sensors and smart bioreactor systems to support
real-time data acquisition, rapid decision-making, and scalable implementation of Al-driven digital
twin technologies.

REFERENCES

(1]

(2]

(3]

(9]

P. Kadlec, B. Gabrys, and S. Strandt, "Data-driven soft sensors in the process industry," Computers
& Chemical Engineering, vol. 33, no. 4, pp. 795-814, 2009.

M. von Stosch, R. Oliveira, J. Peres, and S. Feyo de Azevedo, "Hybrid semi-parametric modeling
in process systems engineering: Past, present and future," Computers & Chemical Engineering, vol.
60, pp. 86-101, 2014.

C. Herwig, I. Marison, and U. von Stockar, "On-line monitoring and control in bioprocessing:
State of the art and future trends," Biotechnology Advances, vol. 49, pp. 107-121, 2021.

A. Fuller, Z. Fan, C. Day, and C. Barlow, "Digital twin: Enabling technologies, challenges, and
open research," IEEE Access, vol. 7, pp. 108952-108971, 2019.

E. Negri, L. Fumagalli, and M. Macchi, "A review of the roles of digital twin in CPS-based
production systems," Procedia Manufacturing, vol. 11, pp. 939-948, 2017.

S. Tao, H. Zhang, A. Liu, and A. Y. C. Nee, "Digital twin in industry: State-of-the-art," IEEE
Transactions on Industrial Informatics, vol. 15, no. 4, pp. 2405-2415, 2019.

I. Udugama, L. A. H. Petersen, F. C. Falco, H. Junicke, A. Mitic, X. F. Alsina, S. S. Mansouri, and
K. V. Gernaey, "Digital twins in biomanufacturing: Conceptualization, opportunities, and
challenges," Biotechnology Journal, vol. 16, no. 2, pp. 20-56, 2021.

P. Schuler, I. W. Marison, and U. von Stockar, "Bioprocess monitoring and control: Key
challenges and opportunities,” Current Opinion in Chemical Engineering, vol. 27, pp. 158-164, 2020.
Y. Liu, Y. Zhang, S. Ren, M. Yang, Y. Wang, and D. Huisingh, "Digital twin-driven smart
manufacturing: Connotation, reference model, applications, and research issues," Robotics and
Computer-Integrated Manufacturing, vol. 61, pp. 101-137, 2020.

[10] W. Kritzinger, M. Karner, G. Traar, J. Henjes, and W. Sihn, "Digital twin in manufacturing: A

categorical literature review," IFAC-PapersOnLine, vol. 51, no. 11, pp. 1016-1022, 2018.

[11] M. M. Schmitt, M. Marques, S. Botti, and M. A. L. Marques, "Recent advances and applications

of machine learning in solid-state materials science," npj Computational Materials, vol. 5, no. 1, pp.
83-121, 2019.

[12] P. Ribeiro, S. Singh, and C. Guestrin, "“Why should I trust you?” Explaining the predictions of

any classifier," in Proc. 22nd ACM SIGKDD Int. Conf. Knowledge Discovery and Data Mining, 2016,
pp. 1135-1144.

[13] I Goodfellow, Y. Bengio, and A. Courville, Deep learning, MIT Press, 2016.
[14] Y.LeCun, Y. Bengio, and G. Hinton, "Deep learning," Nature, vol. 521, no. 7553, pp. 436-444, 2015.

American Journal of Biology and Natural Sciences | 43




(13]
(16]
(17]
(18]
(19]

(20]

(21]

(22]

(23]

(24]

(25]

(26]
(27]
(28]
[29]

(30]

(31]
(32]
(33]
(34]
(35]

(36]

Okpabi T. S. et al. /Biojournal Vol 3 (6), June

L. Lee, J. Bagheri, and H. A. Kao, "A cyber-physical systems architecture for industry 4.0-based
manufacturing systems," Manufacturing Letters, vol. 3, pp. 18-23, 2015.

M. Craven and P. Sharratt, "Advanced control strategies for fermentation processes," |. Chem.
Technol. Biotechnol., vol. 91, no. 4, pp. 1006-1017, 2016.

L. Olsson and ]. Nielsen, "The role of metabolic engineering in industrial biotechnology,"
Metabolic Engineering, vol. 50, pp. 1-3, 2018.

C.Kadlec, B. Gabrys, and S. Strandt, "Data-driven soft sensors in the process industry," Computers
& Chemical Engineering, vol. 33, no. 4, pp. 795-814, 2009.

S. Zhang, J. Edgar, T. F. Baldea, and W. Wojsznis, "Process monitoring and fault detection: A
data-driven approach,” Computers & Chemical Engineering, vol. 99, pp. 146-160, 2017.

X. Li, Y. Zhao, and L. Chen, "Virtual fermentation environments for process optimization and
productivity enhancement using digital twin technology," Computers & Chemical Engineering, vol.
148, pp. 107-118, 2021.

R. Patel and S. Kumar, "Application of artificial neural networks and LSTM models for prediction
of microbial growth kinetics and metabolite production in bioreactors," J. Biotechnology, vol. 345,
pp. 45-58, 2022.

J. Kim, S. Park, and H. Lee, "Machine learning—assisted prediction of fermentation yield under
controlled environmental conditions," Biotechnology Progress, vol. 38, no. 4, e3254, 2022.

T. Wang, Q. Zhou, and H. Li, "Challenges in scaling digital twin systems for industrial
bioprocessing: Computational and integration perspectives," Chem. Eng. Res. Design, vol. 180, pp.
250-262, 2022.

Z. Chen, Y. Huang, and D. Lin, "Environmental control and machine learning integration for
improved microbial productivity in industrial fermentation," Bioprocess and Biosystems
Engineering, vol. 47, no. 2, pp. 233-247, 2024.

M. Rodriguez and S. Patel, "Optimization of bioprocess parameters for enhanced metabolite
production using Al-based simulation models," |. Chem. Technol. Biotechnol., vol. 98, no. 5, pp.
1450-1462, 2023.

E. Fernandez and I. Okoye, "Enhancing fermentation model robustness through multi-layer
biological data integration," Computational Biology and Chemistry, vol. 98, pp. 107-119, 2022.

L. Zhao, Q. Sun, and Y. Zhang, "Multi-omics data integration with machine learning for
improved prediction in industrial bioprocesses," Bioinformatics, vol. 39, no. 6, btad210, 2023.

V. Kumar and M. Silva, "Omics-informed artificial intelligence models for metabolic pathway
prediction in fermentation systems," Metabolic Engineering, vol. 82, pp. 45-59, 2024.

G. Alvarez and X. Chen, "Digital twin-based control strategies for enhanced bioprocess
performance and stability," Computers & Chemical Engineering, vol. 170, pp. 108-125, 2023.

E. Nwankwo, O. Adeyemi, and A. Bello, "Artificial intelligence-integrated fermentation systems
for improved substrate utilization and productivity," African |. Biotechnology, vol. 21, no. 8, pp.
310-322, 2022.

R. Garcia and A. Mohammed, "Data integration challenges in implementing digital twin systems
for industrial fermentation," J. Ind. Eng. Manag., vol. 14, no. 3, pp. 567-580, 2021.

O. Martins and C. Okafor, "loT-enabled adaptive control systems for scalable fermentation
processes," Sensors and Actuators B: Chemical, vol. 380, pp. 133-145, 2023.

H. Liang and P. Mensah, "Cloud-based bioinformatics pipelines for scalable multi-omics data
integration in bioprocess engineering," BMC Bioinformatics, vol. 24, no. 1, 210, 2023.

A. Olumide and T. Becker, "Machine learning and IoT-enabled sensors for scalable real-time
fermentation optimization," J. Cleaner Prod., vol. 389, 136150, 2023.

T. Osei and L. Zhang, "Limitations of process control in large-scale industrial fermentation
systems," J. Process Control, vol. 102, pp. 12-21, 2021.

A.Wang, J]. Wan, D. Li, and C. Zhang, "Implementing smart factory of industry 4.0: An outlook,"
Int. |. Distributed Sensor Networks, vol. 12, no. 1, 31-59, 2016.

American Journal of Biology and Natural Sciences | 44




(37]

(38]

Okpabi T. S. et al. /Biojournal Vol 3 (6), June

I. von Stosch, R. Oliveira, J. Peres, and S. Feyo de Azevedo, "Hybrid semi-parametric modeling
in process systems engineering: Past, present and future," Computers & Chemical Engineering, vol.
60, pp. 86-101, 2014.

I. Herwig, U. von Stockar, and I. Marison, "On-line monitoring and control in bioprocessing:
State of the art and future trends," Biotechnol. Adv., vol. 49, pp. 107-121, 2021.

American Journal of Biology and Natural Sciences | 45




