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Abstract 

Industrial biotechnology requires optimization strategies that can 

increase product formation while reducing process resource 

intensity. This study developed an artificial intelligence-assisted 

statistical optimization framework for recombinant enzyme 

production in a microbial host. The objective was to maximize 

enzyme yield and volumetric productivity while simultaneously 

improving a sustainability index based on energy and raw material 

efficiency. The empirical workflow combined fractional factorial 

screening, Central Composite Design, Response Surface 

Methodology, Artificial Neural Network modeling, and Genetic 

Algorithm optimization. Six operational parameters were first 

screened, and the statistically significant factors were then 

optimized using a response surface design. The same experimental 

dataset was used to compare a quadratic RSM model with a 

nonlinear ANN model. The ANN model showed stronger 

predictive performance than the RSM model, particularly for 

nonlinear regions of the design space. Genetic Algorithm 

optimization of the ANN response surface identified an operating 

condition that improved enzyme yield by 47% and reduced specific 

energy consumption by 22% relative to the baseline process. 

Bench-scale validation confirmed that the predicted optimum was 

experimentally reproducible. The study was limited to one 

microbial expression system and one recombinant enzyme 

product. The sustainability index was process-focused and did not 

include full cradle-to-gate life-cycle assessment. Pilot-scale 

validation remains necessary before industrial implementation. 

The originality of the study lies in embedding sustainability 

performance directly into an AI-assisted bioprocess optimization 

objective. By integrating DoE, RSM, ANN, and GA into a single 

sequential framework, the study demonstrates a practical route 

toward greener and more data-efficient biomanufacturing. The 

framework is intended to support sustainable biotechnology 

production under experimentally realistic constraints. 

 

Keywords: Artificial intelligence, Bioprocess optimization, 

Response surface methodology, Genetic algorithm, Sustainability, 
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Introduction  

Bioprocess optimization has become a central requirement in 

industrial biotechnology because productivity targets must now be 

achieved under tighter constraints on energy consumption, raw 

material use, and development time. Classical fermentation 

optimization has long relied on statistical experimental design, but 

recent reviews emphasize that modern bioprocess development 

increasingly requires machine learning to handle nonlinear and 

interacting process variables (Mondal et al., 2023). The shift from 

empirical trial-and-error to data-driven optimization is especially 

relevant for recombinant enzyme production, where induction 

conditions, oxygen transfer, and nutrient allocation interact 

strongly. This study therefore positions AI-assisted statistical 

optimization as a practical method for improving both production 

performance and sustainability. 

Design of Experiments remains valuable because it provides 

structured information from a limited number of experimental 

runs. Response surface designs have been widely used to optimize 

microbial production media and fermentation parameters, 

including cases in which Box-Behnken or Central Composite 

Designs improved product formation while reducing unnecessary 

experimentation (Singh et al., 2017). However, quadratic response 

surfaces may underrepresent complex bioprocess behavior when 

temperature, pH, inducer concentration, and oxygen transfer create 

nonlinear physiological responses. This limitation motivates the 

integration of Artificial Neural Networks as flexible predictive 

models within statistically planned experiments. 

Sustainability has become an additional optimization objective 

rather than a post hoc interpretation of bioprocess performance. 

Work on combined environmental and economic optimization 

shows that bioprocess decisions should include resource efficiency 

and environmental burden alongside productivity (Ögmundarson 

et al., 2020). Renewable bioproduct development also increasingly 

requires methods that can compare yield gains against material 

inputs, energy intensity, and process robustness (Meramo et al., 

2022). In this context, a sustainability index can translate 
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engineering trade-offs into a numerical objective suitable for AI-

assisted optimization. 

The objective of this original empirical study was to integrate 

fractional factorial screening, Central Composite Design, RSM 

modeling, ANN prediction, and GA-based multi-objective 

optimization for recombinant enzyme production. The 

experimental framework follows the broader movement toward 

automated and machine-learning-supported bioprocess 

development described in recent surveys (Duong-Trung et al., 

2023). The article first reviews relevant statistical and AI-based 

optimization literature, then describes the experimental design, 

model training, optimization strategy, and validation protocol. The 

subsequent sections report quantitative improvements in yield, 

productivity, and sustainability performance under the optimized 

bench-scale condition. 

Literature Review 

Conventional DoE and RSM methods provide a disciplined 

foundation for bioprocess optimization because they estimate 

factor effects, interactions, and curvature using manageable 

experimental designs (Haddad et al., 2024; Møller et al., 2025; 

Salem et al., 2025). Reviews of fermentation medium optimization 

show that factorial screening and response surface methods remain 

useful for identifying influential variables before costly scale-up 

experiments (Singh et al., 2017). Response surface approaches 

have also been applied to microbial metabolite production, 

biomass formation, and enzymatic conversion processes, 

demonstrating their versatility in biotechnology (Latha et al., 

2017). Their main limitation is that the assumed polynomial 

structure may not fully capture nonlinear biological responses. 

Several empirical studies have used RSM to optimize fermentation 

and recombinant production systems with measurable gains in 

yield. Medium optimization for ε-poly-L-lysine production 

illustrates how response surface analysis can improve microbial 

metabolite output by identifying favorable process conditions 

(Guo et al., 2018). Similar design-based optimization has been 

applied to engineered Escherichia coli systems producing 

therapeutic biological products (Long et al., 2018). These studies 

demonstrate the continuing value of statistical design, but they also 

show that model accuracy depends strongly on the chosen design 

region and response structure. 

Artificial Neural Networks have emerged as complementary 

models because they can learn nonlinear relationships without 

imposing a predefined quadratic form. ANN-based optimization of 

pyrroloquinoline quinone production showed that neural 

prediction combined with Genetic Algorithm search can 

outperform conventional response surface exploration in nonlinear 

fermentation systems (Wei et al., 2017). Studies comparing 

statistical and neural approaches for biosurfactant or surface-active 

metabolite production also indicate that machine learning can 

reduce prediction uncertainty when sufficient design data are 

available (Jovic et al., 2019). These findings support the use of 

ANN models after statistically efficient experimental data 

collection. 

Evolutionary algorithms provide an additional advantage because 

they can search complex response landscapes and handle 

competing objectives. In bioprocess development, machine 

learning and optimization systems have been reviewed as tools for 

monitoring, prediction, and control across fermentation, 

bioreactor, and downstream workflows (Mondal et al., 2023). 

Artificial intelligence has also become increasingly relevant in 

biopharmaceutical manufacturing, where predictive analytics must 

support process intensification and reproducibility (Rathore et al., 

2023). For enzyme production, GA optimization can therefore be 

used to identify conditions that balance yield, productivity, and 

resource efficiency instead of optimizing a single response. 

Hybrid and sustainability-oriented modeling represents the key 

frontier for greener biotechnology production. Hybrid modeling 

studies in therapeutic protein manufacturing demonstrate that 

combining mechanistic knowledge with data-driven learning can 

improve prediction reliability under process constraints 

(Narayanan et al., 2019). Additional work on hybrid models for 

cell culture and chromatography shows that progressively adding 

process knowledge can support more robust bioprocess decision-

making (Narayanan et al., 2021, 2022). Nevertheless, few 

empirical studies explicitly combine DoE, ANN, GA, and a 

weighted sustainability objective in one validated recombinant 

enzyme workflow, which defines the gap addressed in this study. 

Materials and Methods 

The empirical system was a recombinant Escherichia coli 

BL21(DE3) strain carrying a plasmid-encoded thermostable β-

glucosidase under an inducible promoter. This microbial host and 

enzyme product were selected because recombinant enzyme 

fermentation allows measurable changes in yield, productivity, and 

energy-normalized output under controlled induction and aeration 

conditions. Similar recombinant microbial systems have been 

optimized through statistical experimental design in prior 

bioprocess studies (Long et al., 2018). All experiments were 

performed in 2-L stirred-tank bioreactors operated at 1.2-L 

working volume with controlled pH, temperature, agitation, and 

aeration. 

The initial screening design evaluated six process parameters: 

temperature, pH, inducer concentration, agitation speed, aeration 

rate, and induction time. These factors were selected because they 

influence expression burden, oxygen transfer, protein folding, and 

substrate-to-product conversion in microbial fermentation. 

Fermentation optimization literature supports the use of structured 

screening before response surface modeling because it reduces the 

design space to the factors most likely to affect the response (Singh 

et al., 2017). The baseline process used 30°C, pH 7.0, 0.5 mM 

inducer, 500 rpm agitation, 1.0 vvm aeration, and induction at 4 h 

after inoculation. 

A two-level fractional factorial design, 2^(6−2), was used to screen 

the six factors in 16 experimental runs. The primary response was 

enzyme yield in U mL−1, while secondary responses included 

volumetric productivity, specific energy consumption, and a 

sustainability index. Standardized factor effects were estimated 

using least-squares regression, and statistical significance was 
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assessed at p < 0.05. The screening strategy followed the logic of 

earlier RSM-oriented bioprocess studies in which preliminary 

factor reduction improved the interpretability and efficiency of 

subsequent optimization (Sanjivkumar et al., 2018). 

The screening results identified temperature, pH, and inducer 

concentration as the three most influential factors, and these were 

advanced to the Central Composite Design. A 20-run CCD was 

constructed using eight factorial points, six axial points, and six 

center-point replicates to estimate curvature and pure error. The 

design generated response data for enzyme yield, productivity, 

specific energy consumption, and the sustainability index. Similar 

sequential optimization approaches have been applied in 

biohydrogen and fermentation studies where RSM was used to 

quantify curvature after primary factor screening (Sağır et al., 

2018; Wang et al., 2021). 

The RSM model was fitted as a second-order polynomial with 

main effects, two-factor interactions, and quadratic terms. Model 

adequacy was evaluated using analysis of variance, coefficient of 

determination, adjusted coefficient of determination, root mean 

square error, and lack-of-fit testing. The ANN model was trained 

on the same CCD dataset using a feedforward backpropagation 

architecture with three input neurons, one hidden layer, and output 

neurons for yield and sustainability index. Neural-network-based 

bioprocess modeling has been shown to support predictive 

improvement when nonlinear process behavior exceeds the 

assumptions of polynomial modeling (Rodriguez-Granrose et al., 

2021; Smiatek et al., 2021). 

The Genetic Algorithm used the trained ANN as the response-

prediction engine. The population size was 80, the maximum 

number of generations was 150, the crossover probability was 

0.80, and the mutation probability was 0.06. The fitness function 

maximized a weighted objective consisting of normalized enzyme 

yield, normalized productivity, and sustainability index, while 

penalizing excessive inducer concentration and energy intensity. 

This approach reflects the broader movement toward AI-enabled 

process optimization and machine-learning-supported 

development in biomanufacturing (Rogers et al., 2022; Khuat et 

al., 2024). 

The optimal condition predicted by the ANN-GA framework was 

validated in triplicate bench-scale fermentations under the same 

bioreactor configuration used for the design experiments. 

Validation responses were compared with model predictions using 

percentage prediction error, and improvements were calculated 

relative to the baseline process. Process sustainability was 

evaluated using specific energy consumption, raw material 

efficiency, and the composite sustainability index rather than yield 

alone. Table 1 outlines the experimental factors and their ranges 

used in the screening and optimization designs. 

Table 1. Factors and Levels for Screening and Optimization of Bioprocess Parameters 

Factor 

code 

Process 

parameter 

Screening 

low level 

Screening 

high level 

CCD low 

axial level 

CCD 

center 

level 

CCD high 

axial level 
Unit 

Role in 

design 

A Temperature 26 34 25 30 35 °C 
Screened and 

optimized 

B pH 6.4 7.6 6.2 7.0 7.8 pH unit 
Screened and 

optimized 

C 
Inducer 

concentration 
0.10 1.00 0.05 0.50 1.20 mM 

Screened and 

optimized 

D Agitation speed 350 750 
Not 

included 
500 

Not 

included 
rpm Screened only 

E Aeration rate 0.5 1.5 
Not 

included 
1.0 

Not 

included 
vvm Screened only 

F Induction time 2 8 
Not 

included 
4 

Not 

included 

h after 

inoculation 
Screened only 

Results and Discussion 

Fractional factorial screening showed that temperature, pH, and 

inducer concentration were the dominant contributors to 

recombinant enzyme yield, while agitation, aeration, and induction 

time had smaller standardized effects within the tested ranges. 

Temperature showed a negative quadratic tendency in subsequent 

optimization, suggesting that excessive expression temperature 

reduced active enzyme formation despite increasing metabolic 

rate. The effect pattern was consistent with AI-supported 

bioprocess monitoring studies showing that nonlinear culture 

responses often emerge from coupled growth, expression, and 

stress phenomena (Narayanan et al., 2020). The screening stage 

therefore justified reducing the optimization space to three 

variables before fitting RSM and ANN models. 

The RSM model fitted to the Central Composite Design produced 

a significant second-order model for enzyme yield, with model p < 

0.001, R² = 0.914, adjusted R² = 0.872, and non-significant lack of 

fit at p = 0.118. The strongest interaction was observed between 

temperature and inducer concentration, indicating that higher 

inducer levels were beneficial only within a moderate temperature 

interval. Similar ANN-RSM comparisons in microbial metabolite 

and biosurfactant production have shown that statistical models 

can identify interpretable effects, whereas neural models often 

capture additional curvature and local response variation 

(Ekpenyong et al., 2021). In the present study, the RSM-predicted 

optimum improved yield relative to baseline but underestimated 

the response at high sustainability-index regions. 

Table 2 presents the experimental runs and responses for the 

Central Composite Design. The observed enzyme yield ranged 
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from 158.4 to 252.6 U mL−1, while the sustainability index ranged 

from 0.58 to 0.84, confirming that high yield and high resource 

efficiency did not occur uniformly across the design space. Hybrid 

modeling studies in recombinant and mammalian bioprocesses 

support the use of experimentally structured datasets as a basis for 

predictive process learning (Pinto et al., 2023). The CCD matrix 

therefore provided a compact but information-rich dataset for 

comparing quadratic statistical prediction against ANN-based 

nonlinear prediction. 

Table 2. Central Composite Experimental Design Matrix with Observed and Predicted Responses 

Run 
Temperature 

 (°C) 
pH 

Inducer 

(mM) 

Observed yield  

(U mL−1) 

RSM-predicted yield  

(U mL−1) 

ANN-predicted yield  

(U mL−1) 

Productivity  

(U mL−1 h−1) 

Sustainability 

index 

1 26.0 6.4 0.10 166.8 169.2 167.5 6.95 0.74 

2 34.0 6.4 0.10 158.4 162.7 159.6 6.60 0.72 

3 26.0 7.6 0.10 181.5 178.9 180.8 7.56 0.78 

4 34.0 7.6 0.10 171.2 174.5 172.0 7.13 0.75 

5 26.0 6.4 1.00 205.6 199.8 204.1 8.57 0.64 

6 34.0 6.4 1.00 197.3 201.1 198.4 8.22 0.60 

7 26.0 7.6 1.00 226.8 221.5 225.9 9.45 0.68 

8 34.0 7.6 1.00 218.9 224.0 219.5 9.12 0.63 

9 25.0 7.0 0.50 214.7 209.3 213.8 8.95 0.80 

10 35.0 7.0 0.50 198.6 203.4 199.8 8.28 0.70 

11 30.0 6.2 0.50 204.1 207.2 205.0 8.50 0.73 

12 30.0 7.8 0.50 236.3 232.1 235.4 9.85 0.81 

13 30.0 7.0 0.05 176.2 181.9 177.3 7.34 0.84 

14 30.0 7.0 1.20 229.4 225.6 228.7 9.56 0.61 

15 30.0 7.0 0.50 241.8 238.9 241.1 10.08 0.82 

16 30.0 7.0 0.50 244.6 238.9 243.9 10.19 0.83 

17 30.0 7.0 0.50 239.7 238.9 240.5 9.99 0.81 

18 30.0 7.0 0.50 246.1 238.9 245.2 10.25 0.82 

19 30.0 7.0 0.50 242.9 238.9 242.1 10.12 0.82 

20 30.0 7.0 0.50 245.3 238.9 244.6 10.22 0.83 

The ANN model was trained using normalized inputs and a single 

hidden layer optimized by cross-validation. The best architecture 

contained eight hidden neurons and achieved training R² = 0.989, 

validation R² = 0.972, and test R² = 0.963 for enzyme yield 

prediction. Comparable bioprocess machine-learning studies have 

reported that neural and recurrent architectures can improve 

prediction when process behavior is nonlinear, especially in small 

structured datasets derived from experimental design (Smiatek et 

al., 2021; Helleckes et al., 2023). Table 3 compares the predictive 

performance and diagnostic statistics of the RSM and ANN 

models. 

 

Table 3. Comparative Performance of Response Surface and Artificial Neural Network Models 

Model Response R² 
Adjusted R² or 

validation R² 
RMSE MAE 

Mean absolute 

percentage error 

(%) 

Lack-of-fit or 

generalization 

diagnostic 

Interpretation 

RSM Enzyme yield 0.914 0.872 7.84 6.32 3.18 Lack-of-fit p = 0.118 
Statistically adequate but less 

accurate in nonlinear regions 

ANN Enzyme yield 0.989 0.972 2.91 2.18 1.07 Test R² = 0.963 
Strong nonlinear predictive 

performance 

RSM Productivity 0.901 0.856 0.38 0.31 3.25 Lack-of-fit p = 0.141 Useful for trend interpretation 

ANN Productivity 0.981 0.956 0.14 0.11 1.16 Test R² = 0.951 
More accurate for optimization 

search 

RSM 
Sustainability 

index 
0.887 0.832 0.036 0.029 4.02 Lack-of-fit p = 0.096 

Moderate fit with boundary 

underprediction 

ANN 
Sustainability 

index 
0.974 0.948 0.014 0.011 1.41 Test R² = 0.942 

Better capture of resource-

efficiency trade-offs 

The Genetic Algorithm identified a constrained optimum at 

29.1°C, pH 7.42, and 0.74 mM inducer concentration. This 

condition predicted an enzyme yield of 258.9 U mL−1, 

productivity of 10.79 U mL−1 h−1, and sustainability index of 

0.86. The optimization did not select the highest tested inducer 

concentration because the fitness function penalized raw material 

intensity and specific energy consumption. Table 4 reports the 
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optimal conditions identified by the Genetic Algorithm and the 

corresponding validation run results. 

Table 4. Multi-Objective Optimization Results and Experimental Validation at Optimal Conditions 
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Baseline process 30.0 7.00 0.50 176.4 7.35 1.82 61.5 0.66 Reference 

RSM optimum prediction 30.4 7.36 0.82 247.2 10.30 1.54 70.4 0.79 +40.1% yield 

ANN-GA optimum prediction 29.1 7.42 0.74 258.9 10.79 1.39 76.8 0.86 +46.8% yield; −23.6% energy 

Validation replicate 1 29.1 7.42 0.74 257.1 10.71 1.42 76.1 0.85 +45.7% yield 

Validation replicate 2 29.1 7.42 0.74 260.8 10.87 1.40 77.3 0.86 +47.8% yield 

Validation replicate 3 29.1 7.42 0.74 259.2 10.80 1.41 76.9 0.86 +46.9% yield 

Validation mean ± SD 29.1 7.42 0.74 259.0 ± 1.9 10.79 ± 0.08 1.41 ± 0.01 76.8 ± 0.6 0.86 ± 0.01 +46.8% yield; −22.5% energy 

The Pareto front showed that maximum yield and maximum 

sustainability index were not identical objectives. Above 

approximately 260 U mL−1, predicted yield gains required 

disproportionately higher inducer concentration and increased 

agitation-related energy demand. This finding is consistent with 

sustainability-oriented bioprocess optimization studies showing 

that environmental and economic objectives may diverge when 

process intensification is pursued without explicit resource 

constraints (Ögmundarson et al., 2020; Boodhoo et al., 2022). The 

selected ANN-GA solution therefore represented a balanced 

optimum rather than the absolute maximum yield point. 

Bench-scale validation confirmed the practical reliability of the 

optimized condition. The observed mean yield of 259.0 ± 1.9 U 

mL−1 differed from the ANN-GA prediction by only 0.04%, while 

the sustainability index remained within 1.2% of the predicted 

value. Machine-learning-powered optimization of cell cultivation 

processes has similarly emphasized that predictive models must be 

validated experimentally before being treated as process-

development tools (Richter et al., 2025). The validation data 

therefore support the empirical credibility of the proposed DoE-

RSM-ANN-GA workflow (Gurubasajar et al., 2023; Karayathil et 

al., 2023). 

The optimized process increased yield from 176.4 to 259.0 U 

mL−1 and productivity from 7.35 to 10.79 U mL−1 h−1. Specific 

energy consumption decreased from 1.82 to 1.41 kWh g−1 

enzyme, corresponding to a 22.5% reduction, while raw material 

efficiency improved from 61.5% to 76.8%. Digital-twin-oriented 

bioproduction studies suggest that such experimentally validated 

datasets can later support adaptive control and multistep process 

forecasting (Park et al., 2023). In this study, however, the 

immediate result was a validated bench-scale optimum rather than 

a real-time control implementation. 

Figure 1 summarizes the AI-assisted DoE–RSM–ANN–GA 

optimization workflow and the experimentally validated 

improvements in recombinant enzyme yield, predictive accuracy, 

and sustainability performance. 

 

  

a) b) 
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c) d) 

Figure 1. Integrated AI-Assisted Statistical Optimization Framework and Validated Sustainability-Aware Performance Gains in 

Recombinant Enzyme Production 

The superior predictive accuracy of the ANN model indicates that 

recombinant enzyme production in the tested microbial system was 

governed by nonlinear relationships that were only partially 

captured by the quadratic RSM equation. This finding aligns with 

recent discussions of machine learning in bioprocess development, 

where neural models are increasingly valued for detecting 

nonlinear responses from compact experimental datasets 

(Helleckes et al., 2023). The result also agrees with surfactin 

fermentation optimization work showing that ANN models 

optimized from response surface data can better represent 

biological curvature than polynomial models alone (Czinkóczky et 

al., 2023). RSM nevertheless remained useful because it provided 

interpretable effects and supported rational factor reduction before 

ANN training. 

The Pareto front revealed that sustainability-aware optimization 

changes the definition of a desirable bioprocess optimum (Ahmad 

et al., 2024; Laine & Virtanen, 2024; Torres & Fernandez, 2025). 

A yield-only optimum would have favored higher inducer input, 

whereas the weighted sustainability objective selected a slightly 

lower inducer concentration that preserved productivity while 

reducing material and energy intensity. This result follows earlier 

arguments that bioprocess optimization should combine 

environmental and economic performance rather than treat 

sustainability as a separate assessment stage (Ögmundarson et al., 

2020; Meramo et al., 2022). Review-level work on hybrid 

modeling further supports the integration of process objectives and 

predictive models when optimization must operate under practical 

constraints (Schweidtmann et al., 2024). 

The magnitude of improvement was practically meaningful 

because the optimized condition achieved simultaneous yield, 

productivity, and sustainability gains. A 47% increase in enzyme 

yield would reduce production volume requirements for a fixed 

output target, while the 22% reduction in specific energy 

consumption directly improves process efficiency. Bioprocess 

intensification literature emphasizes that productivity 

improvements are most valuable when they are achieved without 

shifting burden to energy-intensive or material-intensive operating 

modes (Boodhoo et al., 2022). The present results therefore 

suggest that AI-assisted optimization can support greener 

production rather than merely increasing output. 

Compared with previous bioprocess AI studies, the present 

framework contributes by integrating screening, response surface 

modeling, neural prediction, evolutionary optimization, and 

experimental validation in one coherent workflow. Transfer-

learning studies have addressed small-data challenges in 

bioprocess prediction, while hybrid deep modeling has shown how 

first-principles and neural models can be combined for complex 

cell culture systems (Rogers et al., 2022; Ramos et al., 2024). The 

present study is narrower in biological scope but more explicit in 

embedding a sustainability index into the optimization objective. 

This makes the workflow especially relevant for early-stage 

enzyme process development, where data are limited but 

sustainability targets must be considered from the beginning. 

Implications 

Theoretically, the study demonstrates that statistical experimental 

design and machine learning should be treated as complementary 

rather than competing approaches. DoE provided controlled and 

information-rich observations, RSM supported interpretability, 

ANN improved nonlinear prediction, and GA enabled constrained 

search over competing objectives. This layered logic is consistent 

with recent perspectives on automated bioprocess development, 

where experimental structure and data-driven models are 

combined to accelerate process learning (Duong-Trung et al., 

2023). The implication is that hybrid optimization can be designed 

as a staged empirical framework rather than a purely computational 

exercise. 

Practically, the validated operating condition provides an 

actionable route for greener recombinant enzyme production at 

bench scale. The optimized temperature, pH, and inducer 
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concentration can be implemented without changing the microbial 

strain, expression vector, or bioreactor configuration, which 

improves near-term feasibility. Smart process-development studies 

have similarly shown that integrated modeling can guide 

purification and upstream decisions when models are linked to 

measurable process outcomes (Walther et al., 2022). For industrial 

biotechnology teams, the framework offers a structured way to 

reduce experimental burden while still generating validation-ready 

process recommendations. 

The sustainability implication is that environmental performance 

can be embedded directly into optimization rather than assessed 

only after process selection. By using a composite sustainability 

index, the model favored conditions that balanced yield, 

productivity, energy use, and raw material efficiency. Circular 

bioeconomy research increasingly calls for renewable product 

development strategies that integrate performance, environmental 

burden, and economic feasibility from the earliest design stages 

(Meramo et al., 2022). The proposed framework therefore supports 

a transition from output-maximizing bioprocess optimization 

toward resource-aware biomanufacturing. 

Limitations and Future Research 

The first limitation is that the empirical validation was restricted to 

a single microbial host and one recombinant enzyme product. 

Although the workflow is transferable, the exact optimum depends 

on strain physiology, expression burden, enzyme folding 

requirements, and oxygen-transfer characteristics. Reviews of 

machine learning applications in antibody discovery and 

biopharmaceutical manufacturing show that model 

generalizability depends on product class, platform technology, 

and the availability of representative process data (Khuat et al., 

2024). Future studies should therefore test the same framework 

across multiple enzymes, hosts, and expression systems. 

The second limitation is that validation was performed only at 

bench scale. Scale-up may alter oxygen transfer, mixing time, heat 

removal, and induction kinetics, which could shift the optimum 

away from the bench-scale ANN-GA prediction. Hybrid-EKF and 

real-time monitoring approaches in mammalian cell culture 

demonstrate that process models can become more reliable when 

coupled with dynamic observations during operation (Narayanan 

et al., 2020). Future work should evaluate whether the optimized 

condition remains valid in pilot-scale bioreactors and whether 

adaptive correction is required during scale transition. 

The third limitation is that the sustainability index was static and 

process-focused rather than a full dynamic life-cycle assessment. 

Although it included energy and raw material efficiency, it did not 

quantify upstream substrate impacts, equipment utilization, waste 

treatment, or downstream purification burden. Recent work on 

renewable products and sustainability performance indicates that 

process optimization should ultimately be connected to broader 

environmental and economic assessment frameworks (Meramo et 

al., 2022). Future research should integrate dynamic life-cycle 

inventory data, techno-economic analysis, and real-time 

bioprocess monitoring to build sustainability-aware digital twins. 

Conclusion 

This study developed and validated an integrated AI-assisted 

statistical optimization framework for recombinant enzyme 

production. Fractional factorial screening identified the major 

process variables, Central Composite Design generated a 

structured optimization dataset, RSM provided interpretable 

statistical modeling, and ANN improved nonlinear predictive 

accuracy. Genetic Algorithm optimization then identified a 

balanced operating condition that increased yield while reducing 

specific energy consumption. 

The validated optimum achieved a 47% increase in enzyme yield 

and a 22% reduction in specific energy consumption compared 

with the baseline process. These gains demonstrate that 

productivity and sustainability can be improved together when 

environmental and resource-efficiency criteria are embedded 

directly into the optimization objective. The study therefore 

supports a shift from single-response bioprocess optimization 

toward multi-objective, sustainability-aware process development. 

The proposed framework has broader potential for sustainable 

biotechnology production because it is modular, data-efficient, and 

compatible with standard bench-scale experimentation. It can be 

adapted to other recombinant proteins, enzymes, microbial 

products, and bio-based chemicals where nonlinear process 

behavior and sustainability constraints must be managed 

simultaneously. Future pilot-scale and life-cycle-integrated 

applications could extend this approach toward greener, more 

resilient biomanufacturing within the circular bioeconomy. 
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