
 
Metabolic Modeling for Bioprocess Innovation                                       90 

 

ARTÍCULO DE REVISIÓN 

* Escuela de Microbiología, Universidad de Antioquia UdeA, Calle 70 No. 52–21, Medellín 050010, Colombia; 
lfelipe.toro@udea.edu.co,  https://orcid.org/0000-0002-3074-396X.  Corresponding author 

** Grupo de Bioprocesos, Departamento de Ingeniería Química, Universidad de Antioquia UdeA, Calle 70 No. 52–21, Medellín 
050010, Colombia; laura.pinilla@udea.edu.co, https://orcid.org/0000-0002-8753-0017 

Rev. Colomb. Biotecnol. Vol. XXVIII No. 1 Enero - Junio  2026,  90 - 102 

Metabolic Modeling and Data-Driven Approaches  
for Bioprocess Innovation in the Industry 4.0 era: A Review 
 

Modelado metabólico y enfoques basados en datos  
para la innovación en bioprocesos en la era  
de la Industria 4.0: Revisión 
 
 
León F. Toro-Navarro*, Laura Pinilla-Mendoza** 
DOI: 10.15446/rev.colomb.biote.v28n1.122181 
 
ABSTRACT 
 
Metabolic modeling has become a key tool for understanding and optimizing cellular functions in industrial biopro-
cesses. Within the framework of Industry 4.0, the integration of computational modeling, high-throughput technolo-
gies, and big data analytics is reshaping both research and industrial biotechnology. Genome-scale metabolic models 
(GEMs), based on stoichiometric constraints, enable the integration of omics data to predict intracellular flux distribu-
tions and genotype–phenotype relationships across diverse conditions. However, purely mechanistic approaches often 
fail to capture dynamic regulation and complex metabolite interactions. To address these limitations, hybrid strategies 
that combine dynamic modeling with data-driven techniques, including data mining and machine learning, are increas-
ingly being adopted. The convergence of metabolic engineering, systems biology, and synthetic biology with ad-
vanced computational methods is accelerating the rational design of microbial cell factories and the development of 
more efficient and sustainable bioprocesses. In this context, this review highlights recent advances in metabolic model-
ing and integrative data analysis approaches, emphasizing their potential to enhance bioprocess efficiency and foster 
innovation in the Industry 4.0 era. 
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RESUMEN 
 
El modelado metabólico se ha convertido en una herramienta clave para comprender y optimizar las funciones celula-
res en bioprocesos industriales. En el marco de la Industria 4.0, la integración del modelado computacional, las 
tecnologías de alto rendimiento y el análisis de grandes volúmenes de datos está transformando tanto la investigación 
como la biotecnología industrial. Los modelos metabólicos a escala del genoma (GEMs), basados en restricciones es-
tequiométricas, permiten integrar datos ómicos para predecir distribuciones de flujos intracelulares y relaciones geno-
tipo–fenotipo en diversas condiciones. Sin embargo, los enfoques puramente mecanísticos a menudo no logran cap-
turar la regulación dinámica y las complejas interacciones metabólicas. Para abordar estas limitaciones, se están 
adoptando estrategias híbridas que combinan el modelado dinámico con técnicas basadas en datos, incluyendo 
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minería de datos y aprendizaje automático. La convergencia de la ingeniería metabólica, la biología de sistemas y la 
biología sintética con métodos computacionales avanzados está acelerando el diseño racional de fábricas celulares 
microbianas y el desarrollo de bioprocesos más eficientes y sostenibles. Esta revisión destaca avances recientes en 
modelado metabólico y enfoques integrados de análisis de datos, enfatizando su potencial para mejorar la eficiencia 
de los bioprocesos y fomentar la innovación en la era de la Industria 4.0. 
 
Palabras clave: Modelado metabólico, Biología de sistemas, Minería de datos, Optimización de bioprocesos, Biología 
sintética. 
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INTRODUCTION 
 
Industrial biotechnology has its roots in the foundational 
discoveries of the 18th–20th centuries—from the elucida-
tion of microbial processes by Koch, Pasteur, and Lister, 
to the discovery of penicillin (1928), the structure of 
DNA (1953), and the advent of recombinant DNA tech-
nology—which together gave rise to the modern bioin-
dustry (Schmidt, 2019). Since then, industrial microbiolo-
gy has revolutionized the manufacture of enzymes, phar-
maceuticals, food ingredients, fuels, and chemicals using 
living organisms, with significant economic and environ-
mental advantages over conventional chemical process-
es (Gavrilescu & Chisti, 2005). 
 
Today, biotechnology contributes significantly to global 
markets. Personal care and pharmaceutical products 
represent a market exceeding USD 4 trillion worldwide 
(Jambulingam, 2019). In the United States alone, the 
biopharmaceutical sector exceeds USD 150 billion 
(Burk & Van Dien, 2016), reflecting sustained growth 
over the past decade. Transgenic crops—used for food, 
feed, and biofuel production—are valued at over USD 
30 billion globally (Gavrilescu & Chisti, 2005). Biotech-
nological production processes are considered green 
technologies due to their use of highly selective biocat-
alysts, resulting in higher product yields and reduced 
by-products. As a result, major chemical and agricultur-
al companies have developed innovative bioprocesses 
to economically produce industrial and bio-based 
chemicals that replace petrochemical derivatives (Burk 
& Van Dien, 2016; Fasciotti, 2017). 
 
A bioprocess can be defined as any process that uses 
living cells or their components to synthesize desired 
products, encompassing feedstock pretreatment, fer-
mentation or biocatalysis, and product recovery 
(Alldread & Robinson, 2015). For a bioprocess to be 
viable, cellular performance—the inherent capabilities of 
the microbial strain used—is arguably the most critical 
factor (S. Y. Lee et al., 2005). Unlike conventional chemi-
cal processes, bioprocesses involve living systems with 

dynamic, non-linear behaviors governed by complex 
cellular regulation, making optimization a major chal-
lenge (Nielsen, 2017). 
 
Moreover, wild-type microorganisms often perform 
suboptimally at industrial scales, showing low productivi-
ty, limited product titers, and poor tolerance to substrate 
toxicity, product inhibition, or metabolic by-products 
(Burk & Van Dien, 2016). Improving microbial strains 
remains one of the greatest challenges in biotechnology, 
requiring the integration of molecular biology and engi-
neering disciplines. In recent years, this challenge has 
driven the transition from traditional random mutagene-
sis toward rational, integrative approaches—including 
genome editing (e.g., CRISPR-based systems), adaptive 
laboratory evolution, systems biology, synthetic biology, 
metabolic engineering, and data-driven strategies such 
as machine learning and artificial intelligence (AI) (Choi 
et al., 2019; Lawson et al., 2021; Nielsen, 2017; Nielsen 
& Keasling, 2016). These strategies have enabled the 
design of microbial cell factories, and most large-scale 
bio-based and pharmaceutical products are now pro-
duced by genetically improved strains (Chartrain et al., 
2000; Shimizu, 2002). 
 
SYSTEMS BIOLOGY AND OMICS SCIENCES FOR THE 
DEVELOPMENT OF EFFICIENT CELLULAR PLAT-
FORMS 
 
High-throughput sequencing technologies have helped 
unravel the physiological and biochemical composition 
of commercially relevant organisms, giving rise to the 
omics-based approaches: genomics enables the decod-
ing of entire genomes (Barrick & Lenski, 2013; Bush & 
Moore, 2012); transcriptomics reveals mRNA transcripts 
for protein synthesis (McGettigan, 2013); proteomics 
allows structural and functional characterization of pro-
teins (Walsh et al., 2017); and metabolomics enables 
profiling of intracellular metabolites (Muthubharathi et 
al., 2021). Yet, while complete genome sequencing pro-
vides structural insights, it does not explain how interac-
tions among molecular components give rise to biologi-
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cal function. Understanding organism responses to met-
abolic states requires a systems-level approach that con-
nects molecular data to networks using statistical tools 
(Shimizu, 2002; Y. X. R. Wang et al., 2021). 
 
Systems biology addresses this challenge by studying 
living systems in an integrative and systematic manner, 
combining modeling, simulation, and large-scale omics 
analysis, leveraging methods from biology, computer 
science, engineering, and physics (Bruggeman & Wester-
hoff, 2007; Palsson, 2002). A systems biology approach 
requires: full characterization of the organism's bio-
molecular components and their interactions; spatio-
temporal characterization including compartmentaliza-
tion and transport dynamics under perturbations; and 
integration of this information into mathematical models 
capable of predicting phenotypes under various condi-
tions, enabling rational strain and process optimization 
(De Becker et al., 2022; Bruggeman & Westerhoff, 
2007). The integration of dry- and wet-lab experimenta-
tion has enabled design of new metabolic pathways and 
applications such as production of dicarboxylic acids, 
diols, diamines, and lipid biofuel precursors (Kremling & 
Saez-Rodriguez, 2007; Massabni & De Souza, 2019). 
 
In industrial biotechnology, the main objective of micro-
bial cell factories is to predict the effect of genetic or 
environmental perturbations—gene overexpression, 
changes in dilution rate, substrate concentration, or bio-
reactor conditions—on cellular function. Biological mod-
els vary in structure and mathematical complexity to 
account for individual cell behavior, population dynam-
ics, and culture-level processes (Doran, 2013; Goryanin, 
2010). However, industrial implementation of model-
based strategies has been slow, primarily due to limited 
mechanistic data: parameter values often lack confi-
dence intervals (Nielsen, 2017), models are not easily 
transferable without full reparameterization, and most 
macroscopic models rely on a limited number of pro-
cess variables measured under specific conditions. 
 
Recent advances have introduced structured and hybrid 
kinetic models that incorporate intracellular detail and 
bridge the gap between macroscopic descriptions and 
cellular-level behavior (Saa & Nielsen, 2017; Yang et al., 
2019). For instance, the Monod model—a classical kinet-
ic model assuming a rate-limiting enzymatic step gov-
erned by Michaelis–Menten kinetics (Johnson & Goody, 
2011)—is useful but oversimplifies biological regulation. 
More advanced kinetic formulations accounting for sub-
strate and product inhibition (e.g., Haldane and Andrews
-type models) are necessary to better describe real bio-
process behavior (Shimizu, 2002). Ultimately, because 
cellular metabolism involves thousands of catalyzed re-

actions governed by genes, modeling must incorporate 
molecular biology and omics advances to genuinely rep-
resent cellular behavior (Campbell et al., 2017; Muthub-
harathi et al., 2021). 
 
Systems biology now allows integration of multi-omics 
datasets into in silico representations of cellular metabo-
lism (Mäkinen et al., 2025). These models enable in silico 
testing of metabolic and genetic engineering scenarios 
before conducting in vivo experiments, saving time, cost, 
and resources (Doran, 2013). They allow researchers to 
identify which genes control cell growth and product for-
mation, how regulatory interactions shift in response to 
environmental changes (medium composition, osmotic 
stress, operating mode), and whether hybrid models com-
bining genetic modification and process condition optimi-
zation could yield efficient and scalable bioprocesses. 
Because the viability of industrial bioprocesses depends 
on multiple factors—microbial performance, process con-
ditions, downstream processing, raw material availability, 
and market demand—systems biology not only enhances 
understanding of biological processes, but also supports 
the design of optimized microbial strains through iterative 
design–build–test–learn cycles (Eberl & Collinson, 2009; 
Gu et al., 2019; S. Y. Lee et al., 2005).  
 
Figure 1 illustrates the integrative framework connecting 
multi-omics data, computational modeling, and Industry 
4.0 strategies for predictive bioprocess design, highlight-
ing the interdisciplinary convergence that defines the 
current landscape of industrial biotechnology. 
 
METABOLIC MODELING AS A TOOL TO DRIVE BIO-
PROCESS DEVELOPMENT 
 
Addressing the questions raised in the previous section 
requires the development of highly detailed intracellular 
pathway models. However, such complex models often 
involve a large number of parameters—typically exceed-
ing the number of measurable experimental variables—
thereby limiting their predictive capabilities (Mahadevan 
et al., 2005). On the other hand, overly simplified mod-
els fail to capture experimental observations. One of the 
major challenges in systems biology, therefore, is to de-
velop high-fidelity models that accurately describe bio-
logical functions while remaining computationally tracta-
ble (Shimizu, 2002). 
 
Formulating a robust and predictive model of a cellular 
system is complicated by the difficulty of identifying all 
environmental factors that influence cell growth and 
bioproduct formation, along with designing a suitable 
structure for intracellular processes (Wiechert, 2002). 
This challenge led to the emergence of Metabolic Engi-
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neering, defined by Stephanopoulos and collaborators 
as the "directed improvement of cellular properties or 
product formation through the modification of specific 
biochemical reactions or the introduction of new 
ones" (Stephanopoulos et al., 1998). 
 
Metabolic Engineering relies on stoichiometric or con-
straint-based metabolic network models, which describe 
the relationships between metabolites and the enzymes 
catalyzing biochemical reactions. Depending on their 
formulation, these models can range from simplified 
pathway-level representations to genome-scale models 
incorporating gene–protein–reaction (GPR) associations. 
These models aim to bridge the gap between genome-
derived biochemical data and metabolic phenotypes, 
enabling in silico interpretation of experimental data and 
the identification of non-intuitive metabolic phenomena 
(Zampieri et al., 2019). 
 
A key class of stoichiometric models are Genome-Scale 
Metabolic Models (GEMs), which provide a structured 
mathematical platform for understanding biological sys-
tems through their metabolic pathways. GEMs relate an 
organism's metabolic phenotype to environmental and 
genetic perturbations, offering a mechanistic basis for 
predicting gene knockouts/overexpression or nutrient 
shifts (Heirendt et al., 2019). Built upon a stoichiometric 
matrix ensuring mass conservation and a quasi-steady-

state assumption, GEMs enable prediction of metabolic 
fluxes and phenotypes without requiring detailed kinetic 
parameters (Gu et al., 2019; Passi et al., 2021). GEM 
reconstruction begins with genome sequencing and is 
refined iteratively through: (i) annotating metabolic 
genes, (ii) retrieving corresponding biochemical reac-
tions from databases, and (iii) assembling and validating 
the metabolic network (Heirendt et al., 2019). 
 
Mathematically, GEMs are based on mass and charge 
conservation under steady-state conditions and are 
solved using Flux Balance Analysis (FBA) via linear pro-
gramming (Orth et al., 2010). Maximizing biomass pro-
duction is commonly used as a proxy objective in FBA, 
though product synthesis rates can also be applied. FBA 
has been applied to explore large metabolic networks 
and predict microbial phenotypes using experimental 
constraints such as metabolite concentrations and gene/
protein expression levels (Gu et al., 2019). Currently, 
GEMs are widely used in rational strain design, drug dis-
covery, and metabolic disease research (Machado et al., 
2018), with applications for industrially relevant mi-
crobes including Escherichia coli, Saccharomyces cere-
visiae, Corynebacterium glutamicum, Bacillus subtilis, 
Streptomyces, and Yarrowia lipolytica (Toro et al., 2018). 
 
In bioprocess engineering, GEM-guided design in E. coli 
has achieved a 3-fold increase in aromatic polymer pro-
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duction (Matsuoka & Shimizu, 2015). A GEM of Mann-
heimia succiniciproducens enabled strategies to elimi-
nate by-product formation, yielding succinic acid 
productivities comparable to the best industrial strains 
(S. J. Lee et al., 2006). Furthermore, a CHO (Chinese 
Hamster Ovary) cell GEM accurately predicted cell phe-
notypes and growth rates (r² = 0.91) using exo-
metabolomic data (Calmels et al., 2019). 
 
The advancement of GEMs has been propelled by inte-
gration of additional biological data layers. Enzyme-
constrained models (ecModels) explicitly incorporate 
enzyme abundance and catalytic turnover rates (kcat 
values) to more accurately predict metabolic fluxes un-
der resource-limited conditions (Domenzain et al., 2021; 
Mao et al., 2022). For instance, ec_iML1515 for E. coli 
improved lysine production by identifying protein de-
mand and synthesis rates as key limiting factors (Ye et 
al., 2020), while eciCW773 for C. glutamicum demon-
strated enhanced growth and product yield prediction 
(Niu et al., 2022). Tools such as GECKO have facilitated 
ecModel reconstruction across multiple organisms by 
integrating proteomics and kinetic data (Chen et al., 
2024; Domenzain et al., 2021). 
 
Modern GEMs increasingly incorporate multi-omics data—
transcriptomics, proteomics, and metabolomics—to gener-
ate context-specific models that more accurately reflect 
cellular activity under defined conditions (Jalili et al., 2023; 
Passi et al., 2021; Turanli et al., 2024). The Saccharomyces 
cerevisiae, Yeast8 and Yeast9 models exemplify this trend, 
with continuous community curation enabling heme and 
aroma compound production, dynamic flux prediction in 
bioreactors, and multi-omics-driven strain optimization 
(Ishchuk et al., 2022; Zhang et al., 2024). Machine learn-
ing and AI are increasingly being applied to refine model 
parameters, particularly for predicting kcat values (Boorla 
et al., 2022; Y. Wang et al., 2024). 
 
These advances align with Industry 4.0 biomanufacturing 
paradigms. The "digital twin bioreactor" concept leverag-
es GEMs to create virtual replicas of bioprocesses, ena-
bling in silico experimentation, real-time monitoring, and 
process optimization (Choi et al., 2019; Park et al., 
2024). To provide a comprehensive overview of recent 
GEM developments for industrially relevant organisms 
(2018–2025), Table 1 summarizes key contributions. 
 
Nevertheless, despite the rich information encoded in 
comprehensive GEMs, purely stoichiometric modeling 
has limitations—it cannot account for dynamic reaction 
interactions, metabolite concentrations, or allosteric reg-
ulation (Raman & Chandra, 2009). This calls for dynamic 
modeling, which uses ordinary differential equations 

(ODEs) to describe time-dependent changes in metabo-
lite concentrations (Lubitz et al., 2010). Dynamic FBA 
(dFBA) derives dynamic models from GEMs, but these 
are computationally expensive and parameter-
dependent, limiting feasibility to small systems (Gomez 
et al., 2014; Valverde et al., 2019). The integration of 
regulatory mechanisms, kinetics, and multi-omics data 
often leads to hybrid or multiscale models that offer 
more comprehensive simulations (Park et al., 2024; Ti-
bocha-Bonilla et al., 2022). 
 
Figure 2 summarizes the spectrum of modeling approach-
es discussed in this review, from purely mechanistic for-
mulations to fully data-driven strategies, highlighting the 
hybrid zone where current research is most active. 
 
Despite this progress, predicting metabolite–reaction 
interactions at the global scale remains challenging due 
to the chemical complexity and diversity of metabolites, 
their rapid fluctuations within milliseconds due to high 
protein turnover, and their wide concentration ranges 
across several orders of magnitude. Nonetheless, recent 
studies have uncovered unprecedented insights into 
genome–metabolome associations through systematic 
metabolic profiling of gene knockouts (Lempp et al., 
2019), helping to close the gap between model resolu-
tion and accuracy (Ma et al., 2017). 
 
DATA MINING AND INTEGRATIVE APPROACHES TO 
DECIPHER CELLULAR PROCESSES 
 
To enhance the predictive power of in silico models, the 
large-scale analysis and interpretation of biological data—
including omics data—must be performed more rapidly 
and with greater precision. This can be achieved 
through: (i) integration of regulatory structures that coor-
dinate metabolism into existing models, (ii) application 
of data mining (DM) to extract useful knowledge from 
large datasets, and (iii) use of novel computational ap-
proaches such as machine learning (ML), artificial intelli-
gence (AI), computational intelligence, and Big Data 
analytics (Helleckes et al., 2026; Rana et al., 2020; 
Zampieri et al., 2019). 
 
Regulatory structures can be integrated into existing 
models by classifying transcriptomic and proteomic da-
tasets using Boolean models that assume discrete gene 
expression (Zare & Fleming, 2024). Robust metabolic 
models such as GEMs, together with regulatory Boolean 
networks and differential equation-based models, can be 
combined to form intelligent modeling frameworks for 
studying global cellular function (Palsson, 2002; Pradhan 
et al., 2019; Valverde et al., 2019). Successful examples 
include a model describing lacZ â -galactosidase operon 
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regulation that accurately captures glucose/lactose up-
take metabolism (Marmiesse et al., 2015), and a dynam-
ic gene regulation model describing cell growth and 
penicillin production in continuous culture, validated 
through enzymatic activity assays (G. Wang et al., 2018). 
 
In parallel, omics technologies have been widely used to 
elucidate bioprocesses (Palsson, 2002; Yuan et al., 2025; 
Zare & Fleming, 2024), but challenges remain in sensitiv-
ity, specificity, cost-effectiveness, and efficiency 
(Bruggeman & Westerhoff, 2007). Crucially, the use of 
omics tools must be justified by their contribution to 
identifying genomic or proteomic targets for the quantifi-
able improvement of industrial bioprocesses via meta-
bolic pathway optimization. To extract hidden patterns 
from massive biological datasets, predictive analytics 
and accurate algorithmic models with solid statistical 
underpinnings are required (Peng et al., 2025). 
 
Data mining (DM) provides methodologies to reduce 
data complexity and uncover non-obvious insights by 
leveraging database systems, statistics, computational 
intelligence methods, and visualization tools (Maimon & 
Rokach, 2008). Knowledge bases such as Gene Ontology 
(GO), protein–protein interaction networks, and KEGG 
(Kyoto Encyclopedia of Genes and Genomes) enable 
researchers to move from individual gene lists toward 

pathway-based analysis—grouping thousands of genes 
into a few hundred pathways that reduce dimensionality 
and provide biologically meaningful insights (Kanehisa, 
2000; Mazandu et al., 2016). Additionally, these tools 
support hypothesis generation, growth condition predic-
tion, and design of biological system interventions. 
 
In biotechnology, detailed records of variables affecting 
bioprocess performance—including cell density, species 
concentrations, product quality indicators, control ac-
tions, and physical parameters—constitute inherently 
heterogeneous datasets that, when analyzed using inte-
grative predictive analytics approaches, can reveal valua-
ble Knowledge Discovery (KD) to enhance productivity 
and efficiency (Campbell et al., 2017; Maimon & 
Rokach, 2008). For example, data-driven analyses may 
reveal correlations between dissolved oxygen fluctua-
tions and metabolic shifts affecting product yield, identi-
fy substrate inhibition effects, uncover regulatory bottle-
necks associated with by-product formation, or suggest 
optimal feeding strategies and induction timing. 
 
STUDYING BIOLOGICAL SYSTEMS IN THE ERA OF 
THE FOURTH INDUSTRIAL REVOLUTION 
 
With the advancement of metabolic engineering, syn-
thetic biology, and systems biology, these disciplines 
now constitute an innovative biotechnological platform 
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for bioproduct development, industrial waste bioconver-
sion, and enhanced microbial bioremediation. The 
Fourth Industrial Revolution (Industry 4.0) demands re-
search with both scientific impact and commercializa-
tion potential (Massabni & De Souza, 2019). Genetic 
technologies—particularly RNA interference (RNAi) and 
CRISPR-based genome editing—are enabling more effi-
cient processes and fueling growth of bio-based indus-
tries in both developed and developing countries. 
 
In this context, biotechnology is positioned as a driver of 
technology-based economic growth and sustainable 
development, offering potential to tackle water decon-
tamination, clean energy, reduction in chemical usage, 
and efficient production of biotechnological products 
(Isoko et al., 2024). While biotechnology professionals 
are typically well-versed in biological processes, they 
must also embrace computational modeling and data-
driven systems as fundamental tools for modern indus-
try. The university plays a structural role in this techno-
logical transition, concentrating and generating talent 
capable of responding to both local and global demands 
(Gómez-Rios & Ramírez-Malule, 2025). 
 
Thus, the incorporation of systems biology, metabolic 
modeling, and data mining into the training curricula of 
life sciences and engineering programs — including Mi-
crobiology, Biochemical Engineering, Biotechnology, 
and Biology — would foster the development of human 

capital equipped with the interdisciplinary competencies 
needed to improve microbial processes through compu-
tational and mathematical modeling tools. This cross-
disciplinary formation is essential to empowering the 
design of innovative solutions with tangible impacts on 
industry, the environment, health, and human quality of 
life (Cotoras, 2024). 
 
Figure 3 illustrates the integrative cycle connecting the 
methodological approaches reviewed here, emphasizing 
the iterative and interdisciplinary nature of bioprocess 
development in the Industry 4.0 framework. 
 
CONCLUSIONS 
 
Mathematical modeling of bioprocesses has evolved 
from simplified kinetic descriptions toward genome-scale 
constraint-based models (GEMs) that enable the study of 
genotype–phenotype relationships and the in silico pre-
diction of intracellular flux distributions. These tools are 
pivotal for optimizing operational strategies and guiding 
the rational design of microbial cell factories for industry-
relevant biotransformations. Improvements in experi-
mental techniques and computational power continue 
to expand the complexity and predictive resolution of 
these models. 
 
Mechanistic models are expected to become increasing-
ly prevalent in industrial applications; however, their 



 
Metabolic Modeling for Bioprocess Innovation                                       98 

 

standalone predictive power remains limited by parame-
ter uncertainty, computational cost, and incomplete 
knowledge of regulatory dynamics. Data-driven ap-
proaches — including data mining, machine learning, and 
deep learning — have shown great promise in addressing 
these gaps without requiring exhaustive mechanistic 
knowledge. Looking ahead, the most transformative ad-
vances will emerge from hybrid strategies that integrate 
mechanistic modeling with AI, enabling digital twins, self
-optimizing bioprocesses, and real-time monitoring and 
control of complex biological systems. The increasing 
availability of high-quality multi-omics datasets will facili-
tate more robust and generalizable predictive models, 
though challenges in interpretability, data quality, and 
cross-scale integration remain and will require sustained 
interdisciplinary effort. 
 
Finally, in the Industry 4.0 era, the training of interdisci-
plinary professionals — spanning microbiology, biochem-
ical engineering, biotechnology, and data science — ca-
pable of leveraging sequencing, computational model-
ing, and biological data analysis is indispensable. These 
professionals will be key to proposing rational improve-
ment strategies for cellular systems that advance the 
biotechnology industry and contribute to solving the 
complex and interconnected challenges facing human 
health, food systems, and environmental sustainability in 
a bio-based economy. Ultimately, the convergence of 
systems biology, intelligent computational frameworks, 
and autonomous bioprocessing technologies will be 
central to enabling sustainable biomanufacturing and 
shaping an AI-enabled bioeconomy. 
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