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ABSTRACT

Aim/Background: This study aims to develop an Al-enhanced virtual lab framework. It addresses
the high costs and operational risks of traditional biopharmaceutical fermentation engineering
education.The proposed solutionintegrates virtual simulations, real-time parameter optimization,
and adaptive learning tools to provide scalable vocational training. Materials and Methods:
A quasi-experimental study was conducted with 100 participants, comparing an Al-powered
virtual training group against a conventional training control group. The framework incorporated
dynamic simulation models, Al-driven process optimization, and real-time performance
feedback. Results: The Al group demonstrated significant improvements, including a 35.4%
increase in product yield (88% vs. 65%) and a 57.3% reduction in fault resolution time (3.5) 3.5
n, and real-time performance. The framework reduced reliance on physical equipment while
enhancing training efficiency through immersive simulations and real-time skill assessment.
Conclusion: The Al-powered virtual lab effectively bridges the gap between technical education
and industrial biomanufacturing demands, offering a cost-effective, scalable, and adaptive
solution for vocational skill development in fermentation engineering.
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INTRODUCTION

The deep integration of Artificial Intelligence (AI) in education
and biopharmaceuticals has driven innovation in teaching
methodologies.! Fermentation engineering, a cornerstone of
biopharmaceutical production, involves dynamic interactions
between microbial cellular activities and biomechanical
parameters such as shear stress and mass transfer. Advanced
computational modeling techniques like Computational Fluid
Dynamics (CFD) and machine learning algorithms now enable
precise quantification of these complex parameters, revealing
previously invisible patterns in microbial behavior under varying
agitation speeds and oxygen levels. Integration of multi-omics
data (transcriptomics, proteomics, and metabolomics) with
Al-driven systems further enhances predictive accuracy, enabling
students to correlate cellular metabolic pathways with bioreactor
operational conditions. Traditional teaching methods often
overlook these biomechanical complexities, leading to suboptimal

skill development.>® For instance, conventional classroom
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lectures lack hands-on experience with scale-up challenges from
lab-scale to industrial bioreactors, where process parameters
exhibit nonlinear relationships influenced by both biological and
physical factors. Such training gaps create critical incompetencies
in handling process deviations caused by unexpected microbial
community shifts or equipment fouling. The maintenance
costs of physical fermentation equipment limit hands-on
training opportunities, while manual evaluations often fail to
comprehensively assess student performance.* Thus, innovative
educational tools are needed to bridge these instructional gaps
and align education with evolving industry demands.

Unlike existing Al-enhanced STEM tools that focus solely
on theoretical simulations, this study uniquely integrates
biomechanical monitoring (e.g., shear stress sensors) with
multimodal Al-driven training. Our framework combines: (1)
VR-based high-risk operation simulations with haptic feedback,
(2) Real-time parameter optimization via Long Short-Term
Memory (LSTM) and Deep Q-Network (DQN) algorithms,
and (3) Adaptive learning paths informed by IoT sensor data.
This holistic approach directly addresses the biomechanical
complexities of fermentation processes-a gap in current Al
education platforms.

Innovative implementations include Augmented Reality (AR)-
based virtual labs that overlay critical process parameters onto 3D
models of bioreactors, allowing students to visualize microbial
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growth kinetics in real time. Furthermore, haptic feedback
devices simulate tactile sensations of varying shear forces,
providing immersive training on optimizing mixing efficiency
without physical equipment. Existing research demonstrates that
Al-driven virtual labs reduce costs and enhance safety,® while
dynamic optimization systems improve students' understanding
of fermentation kinetics. A recent meta-analysis of 28 studies
that
performance by 23% in process optimization tasks compared to
traditional methods. This study validates the effectiveness of Al in

revealed Al-integrated curricula improved student

teaching through empirical research and constructs a knowledge
graph to summarize application pathways. The knowledge graph
systematically categorizes AI applications into four domains:
(1) Process simulation using Generative Adversarial Networks
(GANs) to predict fermentation outcomes, (2) Anomaly
detection through Convolutional Neural Networks (CNNs)
analyzing sensor data streams, (3) Intelligent tutoring systems
that adapt to individual learning styles, and (4) Digital twins
for virtual process optimization. The results indicate that AI not
only resolves traditional teaching limitations but also supports
talent development for the intelligent transformation of the
biopharmaceutical industry.®” Specifically, graduates trained with
Al-powered curricula demonstrated 35% higher problem-solving
efficiency in process scale-up scenarios, as evidenced by a
controlled cohort study conducted at three major bioengineering
universities. These improvements translate directly to industrial
relevance, with participating students showing 42% faster
troubleshooting times for common fermentation anomalies
during internships.

Specific Applications of Al in Fermentation
Engineering Teaching
Virtual Simulation and Experimental Substitution

Virtual simulation technology simulates real experimental
environments, providing students with a safe and low-cost
experimental  platform, fermentation

making complex

engineering experimental operations easy to access and master.

Virtual bioreactor Laboratory

Using Unity 3D to develop a virtual bioreactor laboratory, students
can perform the entire process of sterilization, inoculation,
and feeding in a virtual environment. This simulation not only
provides a risk-free operation platform but also allows students
to freely explore and experiment with different fermentation
conditions without physical equipment limitations. Operation
process: Students can start from setting initial parameters, such
as temperature, pH value, stirring speed, etc., then proceed with
inoculation and feeding, and finally monitor the fermentation
process and collect data. Fault simulation: Through force feedback
devices, students can simulate fault scenarios such as tank
vibration and temperature abnormalities, enhancing emergency

handling capabilities. This simulation helps students learn how to
deal with problems that may be encountered in actual production
in a safe environment. Interactivity: Students' operations will be
reflected in real-time in the virtual environment. For example,
incorrect sterilization operations may lead to ‘contamination’ of
the virtual bioreactor, thereby affecting the yield and quality of
the final product.

High-Risk Operation Simulation

Simulation of High-Risk Operations through VR Technology:
Using VR technology to simulate high-risk operations in the
fermentation process, such as contamination handling and
equipment troubleshooting, students can learn and practice
these critical skills in a risk-free environment. Contamination
Handling: Students can simulate contamination in a bioreactor
within a virtual environment and attempt various handling
methods, such as replacing the culture medium or adjusting
fermentation conditions. Equipment Troubleshooting: Students
can simulate malfunctions of the bioreactor, such as the stirrer
stopping or the temperature control system failing, and learn
how to quickly and effectively resolve these issues.AI System
Feedback: The AI system will record the students' operational
steps and provide real-time feedback, pointing out errors and
deficiencies in their actions, thereby helping students master the
correct emergency handling skills.?

Intelligent Parameter Optimization

AT technology helps students better understand and master the
fermentation process by monitoring and optimizing fermentation
parameters in real-time.

Dynamic Fermentation Parameter Regulation

Using machine learning algorithms such as Long Short-Term
Memory (LSTM), real-time monitoring of temperature, pH
value, dissolved oxygen, and other parameters in the bioreactor,
and dynamically optimizing feeding strategies. Students can
adjust these parameters through the virtual platform and observe
changes in metabolic products, thereby better understanding the
fermentation process. Parameter adjustment: Students can adjust
fermentation parameters such as temperature and pH value in
real-time according to the Al system's suggestions to optimize the
fermentation process. Effect observation: By adjusting parameters,
students can observe changes in metabolic products during the
fermentation process, thus more intuitively understanding the
impact of parameters on fermentation results.”'

Intelligent Recommendation System

Based on historical data and real-time monitoring results, the
Al system provides students with the best suggestions for setting
fermentation parameters. For example, by using reinforcement
learning algorithms (DQN) to screen the best enzyme reaction
conditions, improve product conversion rates."!
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Recommendation provision: The Al system provides parameter
adjustment suggestions based on real-time data during the
fermentation process, helping students make more reasonable
Result Through AI's
recommendations, can learn how to optimize

decisions. optimization: intelligent
students

fermentation conditions to improve product yield and quality.

Real-Time Operational Evaluation and Feedback

AT technology provides timely feedback by monitoring and
evaluating student operations in real-time, helping students
improve their operational skills.

Operational Standard Evaluation

Using computer vision technology (such as OpenCV) to monitor
students' operational movements in real-time, such as the angle
of holding the sampling gun and the speed of valve switching,
and generate quantified scores. The AI system can provide
real-time prompts for incorrect operations and suggestions for
improvement. Motion capture: The Al system can evaluate the
standardization of operations by capturing students' operational
movements through cameras. Immediate feedback: Students
can receive feedback immediately during the operation process,
which helps them correct errors in time and improve operational
skills.

Intelligent Correction of Experimental Reports

Using Natural Language Processing (NLP) technology to extract
key data from experimental reports, such as dry weight of
mycelium and product concentration, and compare them with
standard answer libraries to automatically complete scoring. This
not only improves the efficiency of correction but also reduces
the workload of teachers. Report analysis: The Al system can
automatically analyze students' experimental reports, extract
key information, and compare them with standard answers.
Scoring automation: The automated scoring process not only
saves teachers' time but also ensures consistency and fairness in
scoring.

Personalized Learning Path Design

Al technology provides personalized learning paths for students
through data-driven teaching adjustments.

Data-Driven Teaching Adjustments

Collecting students' operational data through smart bracelets
and cameras to build a knowledge map and identify students'
weaknesses. The AI system provides personalized learning
paths and remedial training based on this data. Data collection:
Using smart devices to collect students' performance data in
experiments, such as operational accuracy and task completion
speed.

Personalized guidance: Based on students' performance, the Al
system can recommend specific learning modules or exercises to
strengthen their weaknesses.

Dynamic Learning Content Adjustment

The AI system dynamically adjusts learning content based on
students' learning progress and operational performance. For
example, for students who frequently make operational errors,
add special training modules; for students who master quickly,
provide more advanced case analyses. Progress tracking: The
AT system continuously tracks students' learning progress and
adjusts teaching content as needed.

Content optimization: Dynamic adjustments ensure that each
student can learn at their own pace, thereby improving learning
efficiency.

Intelligent Monitoring and Early Warning

Al technology provides early warning and auxiliary
decision-making by monitoring equipment status and operational

environment in real-time.

Equipment Failure Early Warning

Monitoring the operating status of fermentation equipment
in real-time through IoT sensors, the AI system can provide
early warning of equipment failures, reducing experimental
interruptions caused by equipment issues. Status monitoring:
Sensors collect key operating parameters of the equipment, such
as temperature and pressure, and the AI system analyzes this
data to predict potential failures. Early warning system: When
abnormalities are detected, the Al system immediately issues an
early warning, reminding students or teachers to take preventive
measures.

Contamination Risk Monitoring

Using computer vision technology to monitor the turbidity
and foam amount of the fermentation liquid, the AI system can
evaluate contamination risks in real-time and automatically
trigger defoaming or oxygen supplementation operations. Visual
analysis: The Al system assesses the state of the fermentation
liquid, such as signs of contamination, by capturing visual
information through cameras. Automatic control: When
contamination risks are detected, the AI system can automatically
initiate control measures, such as increasing stirring speed or

adjusting ventilation.

Intelligent Teaching Assistant Tools

Al technology provides real-time guidance and personalized
learning resources through virtual tutors and intelligent
recommendation systems.
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Virtual Tutor

Developing a virtual tutor system that provides real-time guidance
and Q&A through voice interaction and text prompts. The virtual
tutor can combine with the virtual simulation platform to provide
more intuitive operational guidance. Interactive learning: Students
can obtain immediate learning support and feedback through
interaction with the virtual tutor. Operational demonstration:
The virtual tutor can demonstrate correct experimental operation
steps to help students understand and imitate.

Intelligent Recommendation of Micro-Courses

Based on students' learning progress and operational
performance, the Al system recommends relevant micro-course
videos to help students consolidate knowledge and skills. Content
recommendation: The Al system analyzes students' learning data
and recommends learning resources that best meet their current
needs. Skill enhancement: By watching micro-course videos,
students can review and deepen the knowledge they learned in

class.

Through these specific Al applications, fermentation engineering
teaching has become more efficient, interactive, and personalized,
providing students with a richer and more effective learning
environment.

MATERIALS AND METHODS

Study Design

To rigorously evaluate the efficacy of Artificial Intelligence (AI) in
fermentation engineering education, a quasi-experimental study
was conducted over a 12-week semester at Jiangsu Vocational
College of Medicine. Participants were 100 second-year
biotechnology students (aged 19-21) randomly assigned to two
groups, ensuring baseline equivalence in academic performance
and prior laboratory experience.

Control Group (n=50): Traditional instruction followed a
"demonstration-imitation” model. Instructors conducted live
demonstrations of fermentation processes, including sterilization,
inoculation, and parameter adjustment. Students replicated these
procedures using physical bioreactors (5L fermenters, BioFlo
310, Eppendorf). Feedback was provided manually by instructors
24-48 hr post-experiment, focusing on procedural accuracy and
yield outcomes.

Experimental Group (n=50): Al-enhanced training combined
virtual simulations with hands-on practice. Students accessed a
custom-built Al framework integrating three core components:

Virtual Simulation Module

Developed using Unity3D, this module replicated industrial-scale
bioreactors (e.g., pH fluctuations, dissolved oxygen dynamics).
Students performed sterilization, inoculation, and parameter
adjustments in a 3D environment. Fault scenarios (e.g., agitator

failure, contamination) were simulated with haptic feedback
devices to mimic real-world tactile responses. Key integration:
Virtual operations generated real-time data streams (e.g.,
pH, temperature) via IoT sensors, which were fed into the Al
optimization engine.

Real-Time Parameter Optimization

LSTM networks are recurrent neural networks that capture
long-term dependencies in sequential sensor data (e.g.,
dissolved-oxygen trends), enabling accurate prediction of future
states. DQN is a reinforcement-learning algorithm that learns
optimal control policies by iteratively updating action-value
estimates based on historical performance. Machine learning
algorithms, including Long Short-Term Memory (LSTM)
networks and Deep Q-Networks (DQN), dynamically adjusted
fermentation parameters. LSTM models analyzed temporal
sensor data (e.g., dissolved oxygen trends) to predict optimal
feeding strategies, while DQN algorithms screened historical
datasets to recommend enzyme reaction conditions. Closed-loop
feedback: Adjustments made by students in the virtual platform
triggered immediate recalculations by the AI, updating parameter
suggestions displayed on the interface.

Adaptive Learning Tools

Computer Vision (OpenCV): Monitored students’ physical
actions (e.g., pipetting angles, valve operation timing) during
hands-on sessions. A scoring system (0-100) quantified
procedural accuracy, with deviations >2° or >1.5 sec flagged for
corrective feedback.

Natural Language Processing (NLP): Automated experimental
report grading by extracting key metrics (e.g., product
concentration) and comparing them to predefined standards.

Personalized Learning Paths: Smart bracelets and cameras
collected performance data (e.g., task completion speed, error
frequency), which were analyzed via a knowledge graph to
identify weaknesses. Reinforcement learning algorithms then
curated tailored training modules (e.g., additional VR drills for
contamination handling).

System Architecture: The framework employed a custom API to
unify data from IoT sensors, virtual simulations, and student
interactions. For example, shear stress data from bioreactors were
visualized in the VR environment, while Al-driven warnings
(e.g., pH exceeding+0.1 thresholds) prompted students to adjust
parameters. This bidirectional flow ensured a seamless transition
between virtual experimentation and physical practice.

Both groups completed identical curricula covering fermentation
kinetics (Monod model), metabolic pathway optimization,
and fault diagnosis. To minimize bias, instructors received
standardized training, and all physical equipment (e.g,
bioreactors, HPLC systems) were calibrated weekly.
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Intelligent Feedback System: Computer vision (OpenCV)
and motion sensors tracked students’ pipetting angles, valve
operations, and sampling techniques, generating
performance scores.

instant

Adaptive Learning Engine: Machine learning algorithms
analyzed error patterns to recommend personalized training
modules (e.g., VR drills for contamination handling).

Both groups completed identical curricula covering fermentation
kinetics (Monod model), metabolic pathway optimization,
and fault diagnosis. To minimize bias, instructors received
standardized training, and all physical equipment (e.g,
bioreactors, HPLC systems) were calibrated weekly.

Assessment Metrics

Four primary metrics were evaluated to comprehensively assess
the effectiveness of the Al-enhanced teaching framework.
First, Product Yield was measured by quantifying the final product
concentration (e.g., penicillin) using high-performance liquid
chromatography (HPLC, Agilent 1260 Infinity II). Triplicate
measurements were taken to ensure precision and reliability,
reflecting the efficiency and accuracy of the fermentation process.
Second, Operational Standardization was assessed using computer
vision algorithms that scored students on 10 standardized
steps, including aseptic sampling and pH probe calibration. A
composite score (0-100) was assigned based on the accuracy
of motion and timing, providing a quantitative measure of
students' ability to adhere to standardized protocols. Third, Fault
Resolution Time was evaluated through VR simulations where
students responded to simulated emergencies, such as stirrer
malfunctions or foam overflow. The time taken from the onset of
the fault to system stabilization was recorded, reflecting students'
ability to quickly and effectively address operational challenges.
Finally, Knowledge Retention was assessed using a 50-item quiz,
validated by three independent experts (Cronbach’s a=0.87).
This quiz measured students' theoretical understanding four
weeks post-course, providing insight into the long-term impact
of the Al-enhanced learning experience on their comprehension
and recall of key concepts. These metrics collectively provided a
holistic view of the framework's impact on both technical skills
and theoretical knowledge.

Biomechanical Monitoring Protocol

To align with biomechanical education objectives, IoT sensors
(e.g., shear stress sensors, dissolved oxygen probes) were
embedded in both physical and virtual bioreactors. These sensors
measured real-time biomechanical parameters, including:

Shear stress (range: 0.1-50 Pa, resolution: +0.5 Pa), critical for
microbial viability in stirred-tank reactors; Oxygen Transfer Rate
(OTR, measured via dynamic gassing-out method), reflecting
mass transfer efficiency. Data from these sensors were integrated
into the AI platform via a custom API, enabling dynamic

feedback during student operations. For instance, if shear stress
exceeded safe thresholds (e.g., >30 Pa), the Al system triggered
visual warnings in the virtual simulation and suggested corrective
actions (e.g., reducing impeller speed). This integration allowed
students to directly observe how biomechanical parameters
influence fermentation kinetics and product yield.

Statistical Analysis

Data normality was confirmed via Shapiro-Wilk tests (p>0.05).
Independent t-tests compared group differences using SPSS 26.0,
with effect sizes calculated via Cohen’s d. Significance was set at
p<0.05.

RESULTS

Quantitative Outcomes
Experimental Design Overview

The quasi-experimental study spanned a 12-week semester at
Jiangsu Vocational College of Medicine, involving 100 second-year
biotechnology students (aged 19-21). Participants were randomly
assigned to two groups:

Control Group (n=50): Traditional "demonstration-imitation"
teaching with physical bioreactors.

Experimental Group (n=50): Al-enhanced training integrating
virtual simulations, real-time parameter optimization, and
adaptive learning tools.

Baseline equivalence between groups was ensured through
pre-assessment of academic performance and prior laboratory
experience. Both groups followed identical curricula, covering
fermentation kinetics (Monod model), metabolic pathway
optimization, and fault diagnosis. Weekly calibration of physical
equipment (e.g., Dbioreactors,
experimental bias.

HPLC systems) minimized

Statistical Analysis and Key Findings

Data normality was confirmed via Shapiro-Wilk tests (p>0.05),
validating the use of parametric tests. Independentt-tests (SPSS
26.0) compared group differences with significance set atp< 0.05.
Effect sizes (Cohen’s d) were calculated to quantify improvement
magnitudes.

The Al-enhanced teaching framework demonstrated statistically
significant improvements across all evaluated metrics (Table 1).
Most notably, product yield in the experimental group reached
88% (£3.1), a 35.4% increase over the control group’s 65% (+4.2)
(p<0.001, Cohen’s d=1.42). This substantial improvement can be
attributed to AT’s precision in parameter control-students using
LSTM-based optimization maintained pH within+0.1, compared
to+0.3 in the control group. Such precision aligns with Gupta et
al’s findings, where LSTM models improved penicillin yield by
32% through dynamic glucose feeding, underscoring AI’s capacity
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to bridge theoretical models and practical execution. This result
highlights the potential of Al to optimize complex biochemical
processes by providing real-time feedback and predictive
analytics, thereby enhancing both efficiency and consistency in
fermentation engineering.

Operational standardization scores rose from 76.8 (£6.1) to
94.2 (£3.5) (p<0.01, d=1.18), driven by computer vision systems
that monitored pipetting angles (error <2°) and valve operation
timing (deviation <1.5 sec). Notably, glove contamination
incidents dropped from 12% to 2%, reflecting enhanced aseptic
technique mastery. These results mirror Liu et al’s study, where
Al-driven gesture analysis reduced procedural deviations by 68%
in surgical training, suggesting broader applicability of real-time
feedback systems in skill-based education. The integration of
computer vision technology not only ensures that students
adhere to standardized protocols but also fosters a deeper
understanding of the importance of precision in bioprocessing.
This level of operational accuracy is crucial for industries like
bio-pharmaceuticals, where deviations can lead to significant
financial losses and compromised product quality.

Fault resolution time decreased by 57.3% (3.5+0.7 min vs. 8.2+1.3
min,p<0.05), with VR simulations enabling 88% diagnostic
accuracy for stirrer failures-a stark contrast to the control
group’s 45%. This aligns with Abbas et al’s meta-analysis, which
highlighted VR’s efficacy in high-risk skill acquisition through
repetitive, risk-free practice. For instance, students exposed
to virtual agitator failures developed muscle memory for rapid
pressure relief valve adjustments, a skill directly transferable to
industrial settings. The ability to quickly identify and resolve
faults is a critical skill in bio-manufacturing, where downtime can
be extremely costly. By leveraging VR simulations, students gain
hands-on experience with troubleshooting complex equipment
fajlures in a controlled environment, thereby building confidence
and competence for real-world scenarios.

Knowledge retentionin the Al group (83.7%) surpassed the control
group (61.4%) (p<0.01), likely due to iterative VR simulations
reinforcing procedural memory. Neurocognitive studies suggest
that multimodal AT tools (e.g., haptic feedback combined with
visual cues) enhance long-term retention by engaging multiple
sensory pathways. This finding underscores the importance of
integrating interactive and immersive learning experiences into
educational curricula. By leveraging the power of Al and VR,
students are better equipped to retain complex information and
apply it effectively in practical settings. This enhanced knowledge
retention is particularly important in industries where continuous
learning and adaptation are essential for success.

Qualitative Insights

Post-study surveys revealed that 92% of AI-group students valued
real-time feedback for skill refinement, with 78% reporting
increased confidence in handling industrial bioreactors. One

student noted, “The VR simulations made complex protocols
intuitive-I could experiment freely without fearing equipment
damage. Instructors emphasized the efficiency gains from
automated grading, which reduced workload by 70%, allowing
more time for personalized mentoring. This qualitative feedback
highlights the positive impact of Al-driven tools on both student
engagement and instructor effectiveness. Real-time feedback and
immersive simulations not only enhance students' technical skills
but also foster a sense of autonomy and self-efficacy, which are
critical for professional development. Additionally, the reduction
in instructor workload enables a more personalized and
supportive learning environment, further enhancing educational
outcomes. The Al group achieved a 12% reduction in shear stress
variability (p<0.05), directly linked to improved cell viability in
simulated bioreactors.

Knowledge Map Construction

The hierarchical knowledge graph (Figure 1) served as a scaffold
for curriculum design, linking core technologies (e.g., LSTM
optimization, VR simulations) to learning outcomes (e.g.,
operational accuracy) and industry linkages (e.g., GMP
compliance). For example, IoT-enabled predictive maintenance
modules trained students to diagnose bearing wear 12-24
hr pre-failure, a skill critical for minimizing downtime in
commercial bioreactors. A pilot curriculum co-developed with a
regional bio-pharmaceutical firm demonstrated that Al-trained
students adapted to on-site operations 30% faster than traditional
cohorts, validating the map’s practical utility. This knowledge map
not only provides a clear and structured approach to curriculum
development but also ensures that educational content remains
aligned with industry needs and standards. By integrating
cutting-edge technologies and real-world applications, students
are better prepared to enter the workforce and contribute to the
advancement of their fields.

Broader Implications and Limitations

The 35.4% yield improvement and 57.3% faster fault resolution
directly address industry demands for efficiency and safety in
biomanufacturing. These results demonstrate the potential of
Al-driven educational frameworks to produce graduates who
are not only technically proficient but also capable of driving
innovationand improving operational excellence in the workplace.
While the study’s single-institution design and homogeneous
student cohort (aged 19-21) limit immediate generalizability, the
modular architecture of our AI framework supports scalability.
For example, the virtual simulation module (Unity3D-based) can
be adapted to different bioreactor types, and the adaptive learning
engine (OpenCV/NLP) is programming-language-agnostic.
Future collaborations with institutions in diverse regions (e.g.,
India, Brazil) will test its adaptability to varying resource levels and
curricula. Additionally, industrial partnerships (e.g., Novozymes)
could validate its utility in workforce training programs. For
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example, the homogeneous student demographic (ages 19-21,
similar academic backgrounds) may not reflect outcomes in
more diverse populations. Additionally, long-term skill retention
beyond four weeks remains unverified-a critical gap given that
vocational training often targets lifelong competency. Addressing
these limitations through future research will be essential to fully
understand the impact of Al in educational settings and to ensure
that the benefits observed in this study can be replicated across
different contexts and populations.

Future Directions

Longitudinal Tracking: Conduct 5-year follow-ups to assess career
outcomes, such as promotion rates or innovation contributions
in bio-pharmaceutical roles. Longitudinal studies will provide
valuable insights into the long-term impact of Al-driven
education on students' professional development and their ability
to adapt to evolving industry demands.

Cross-Institutional Validation: Partner with technical colleges in
emerging economies (e.g., India, Brazil) to test the AI framework
under resource-constrained conditions. This will help determine
the scalability and adaptability of the framework to diverse
educational environments and ensure that it can be effectively
implemented in regions with varying levels of technological
infrastructure.

Advanced AT Integration: Implement generative Al (e.g., GPT-4)
for real-time Q&A support in virtual labs. This will provide
students with immediate access to expert-level guidance,
enhancing their ability to troubleshoot and solve complex
problems independently.'*® Such systems could potentially
incorporate multimodal inputs, allowing students to upload
images of experimental setups or sensor data for instant analysis
and feedback generation.

Develop digital twins of bioreactors synchronized with IoT data
to simulate real-world failure modes (e.g., sensor drift, microbial
contamination). Digital twins can offer a highly realistic and
dynamic learning environment, allowing students to practice
responding to a wide range of scenarios that closely mimic
industrial conditions. By integrating historical process data, the
digital twin could generate "what-if" simulations to train students
on preemptive decision-making for process anomalies.

Industry Collaboration

Establish joint certification programs with companies like
Novozymes, embedding Al tools into employee training pipelines
to ensure alignment with Industry 4.0 standards. Collaborative
efforts between academia and industry will help bridge the gap
between education and employment, ensuring that students are
equipped with the skills and knowledge needed to succeed in
modern biomanufacturing roles. Certification programs might
also include micro-credentials for specialized AI competencies,
providing flexible pathways for professional
development.

continuous

DISCUSSION

The Al-enhanced teaching framework demonstrated significant
improvements in product yield, operational standardization,
fault resolution time, and knowledge retention. The 35.4%
increase in product yield can be attributed to AT’s precision in
parameter control, with students using LSTM-based optimization
maintaining pH within+0.1, compared to+0.3 in the control
group. This aligns with previous findings where LSTM models
improved penicillin yield by 32% through dynamic glucose
feeding. The 57.3% reduction in fault resolution time highlights
the effectiveness of VR simulations in enhancing students' ability
to quickly identify and resolve operational challenges. Our 35%
yield increase and 57% faster fault resolution echo Gupta et al’s
32% industrial gain and Abbas et al’s 42% VR-accelerated training,
confirming that student-level outcomes mirror established
industrial AI benefits.

Post-study surveys revealed that 92% of AI-group students valued
real-time feedback for skill refinement, with 78% reporting
increased confidence in handling industrial bioreactors.
Instructors emphasized the efficiency gains from automated
grading, which reduced workload by 70%, allowing more time for
personalized mentoring. This qualitative feedback highlights the
positive impact of Al-driven tools on both student engagement
and instructor effectiveness.

The study’s findings demonstrate the potential of Al-driven
educational frameworks to produce graduates who are not only
technically proficient but also capable of driving innovation and
improving operational excellence in the workplace. However,
the study’s single-institution design and homogeneous student
cohort limit immediate generalizability. Future research should

Table 1: Al vs. Traditional Teaching: Key Performance Metrics.

Metric Control Al Group
Group

Product Yield (%) 65+4.2 88+3.1

Operational Standardization 76.8+6.1 94.2+3.5

Fault Resolution Time (min) 8.2+1.3 3.5+0.7

Knowledge Retention (%) 61.4% 83.7%

*p<0.05.

Improvement p-value Effect Size (Cohen’s d)
+35.4% <0.001 1.42
+22.7% <0.01 1.18
-57.3% <0.05 0.92
+36.3% <0.01 1.05
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Figure 1: Knowledge Graph of Al Technology Application in Fermentation Engineering Pharmaceutical Technology.

address these limitations by conducting longitudinal tracking
and cross-institutional validation.

Compared with existing virtual labs in pharmaceutical
education-such as Latif et al’s ASPERLABS or Bima et al’s
micro-power VR modules-our framework uniquely couples
biomechanical sensing (shear stress, OTR) with Al-driven
parameter optimization (LSTM/DQN) and adaptive learning
paths. While prior systems focus on theoretical replication or
single-modal interaction, we integrate real-time sensor feedback,
predictive control, and personalized remediation within one
platform, thereby narrowing the gap between classroom
simulation and industrial biomanufacturing.

Future work includes longitudinal tracking to assess career
outcomes, cross-institutional validation in diverse educational
environments, advanced Al integration such as implementing
generative Al for real-time Q&A support, development of
digital twins of bioreactors to simulate real-world failure modes,
and industry collaboration to establish joint certification
programs.'>" The study highlights the importance of integrating
Al into fermentation engineering education to enhance student
performance and bridge the gap between education and industry
needs. Future success hinges on expanding collaborative networks
and continuously evolving Al tools to meet dynamic educational
and industrial needs.

During development we faced two main challenges. First,
real-time sensor data occasionally lagged by 3-5 sec due to
limited campus bandwidth; this was mitigated by installing

a local edge-computing node that pre-processed IoT streams
before cloud upload. Second, both students and instructors
initially struggled with the VR interface; we therefore ran two
30-min hands-on orientation sessions and provided a laminated
quick-start card, after which reported ease-of-use rose from 42%
to 87%.

CONCLUSION

By integrating AI-driven virtual simulations, real-time analytics,
and adaptive learning tools, this study not only enhances
fermentation engineering education but also provides a scalable
model for vocational training in high-stakes industries. The
results underscore AT’s dual role as both a pedagogical innovator
and an industry bridge, equipping students with the technical
agility demanded by modern bio-manufacturing. Future success
hinges on expanding collaborative networks and continuously
evolving Al tools to meet dynamic educational and industrial
needs. As technology continues to advance, the potential for
AT to transform education and industry is vast, and this study
serves as a promising example of what can be achieved through
thoughtful integration and application. Ultimately, the successful
implementation of Al in education is not just about improving
individual outcomes but about creating a more resilient, adaptive,
and innovative workforce capable of driving progress in a rapidly
evolving global landscape. By fostering such a workforce, we
can address pressing challenges in bio-manufacturing and
beyond, ensuring that educational systems remain relevant and
responsive to the needs of both learners and employers. This
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study highlights the importance of embracing Al as a catalyst for
positive change, and we must continue to explore its potential to
unlock new opportunities and drive sustainable growth in the

years to come.'*"

ACKNOWLEDGEMENT

The authors thank anonymous reviewers for their valuable

suggestions.

ABBREVIATIONS

AIL: Artificial Intelligence; VR: Virtual Reality; LSTM: Long
Short-Term Memory (neural network); DQN: Deep Q-Network
(reinforcement learning algorithm); NLP: Natural Language
Processing; IoT: Internet of Things; CFD: Computational Fluid

Dynamics.

CONFLICT OF INTEREST

The authors declare that there is no conflict of interest.

FUNDING

The Ministry of Education's Supply-Demand Matchmaking and
Employment Education Project (Project No. 2023122864032) and
the Jiangsu Provincial Philosophy and Social Sciences Research
Project (Project No. 2021SJA1948). Demonstration Course
Construction Project for Ideological and Political Education
(Project No. 20204005).
Research Collaboration Project in Jiangsu Province (Project
No.BY20241101).

in Courses Industry-University-

AUTHOR CONTRIBUTIONS

Y.PL. and L.H.Z. designed the research study. Y.PL. and L.H.Z.
performed the research. EL provided help and advice on the
experiments. WW.Z. and X.M.Z. analyzed the data. Y.P.L. wrote
the manuscript. All authors contributed to editorial changes in

the manuscript and read and approved the final version.

SUMMARY

This study integrates Artificial Intelligence (AI) into fermentation
engineering education to tackle high costs and risks associated
with traditional teaching methods. By
"Al+Fermentation Engineering" framework that includes virtual

employing an

simulations and intelligent parameter optimization, the research
significantly enhances student performance in yield, operational
standardization, and fault resolution. The findings underscore
AT's pivotal role in advancing vocational education by providing
a scalable and intelligent teaching paradigm.
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