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 A B S T R A C T

Engineering cellular metabolism has enabled bioprocesses to manufacture sustainable fuels, materials, foods, 
commodity chemicals, and pharmaceuticals. Yet much of this potential remains unrealized because cellular 
behavior is complex and decisions must be coordinated across scales from the cell to the plant. Computational 
modeling therefore becomes essential to navigate this design space and to turn biological capability into 
reliable, scalable processes. In this review we examine the main cellular modeling approaches, including 
mechanistic, statistical and hybrid models. We cover classic macroscopic models through genome-scale models 
incorporating protein synthesis, regulation, and kinetics, together with statistical approaches that learn from 
databases, high-throughput experimentation, and online sensing. We compare model families by assumptions, 
data and curation needs, and computational tractability, and map how they guide genetic edits, medium and 
feeding choices, reactor design and operation, and early linkage to techno-economic and life cycle assessments. 
Three themes emerge from this synthesis: fitness to purpose matters more than novelty because simple kinetic 
models remain central for screening and control, while advanced cellular models reveal physiological limits that 
prioritize what to engineer; value grows when predictions are carried forward to process and plant metrics so 
economic and environmental trade offs are visible early; and finally, tractability governs multiscale integration 
which motivates model reduction, precomputation, and fast surrogates. As data pipelines and automation 
mature, cellular models serve as a shared language across scales, translating biological insight into strain 
design, feed formulations, control policies, and plant designs that are economically viable and environmentally 
responsible.
1. Introduction

There is a renewed interest in bioprocessing and industrial fer-
mentation as manufacturing pivots toward sustainable fuels (Benavides 
et al., 2024; Cui et al., 2024), materials (Samadhiya et al., 2022; Vargh-
ese et al., 2022; Benavides et al., 2024), foods (Eastham and Leman, 
2024; Goodwin et al., 2024), commodity chemicals (Kim et al., 2023; 
Cowan et al., 2023), and pharmaceuticals (Love et al., 2024; Vo and 
Trinh, 2025). This shift is enabled by advances in synthetic biology and 
metabolic engineering that reprogram cellular metabolism to perform 
targeted conversions. Progress, however, is often hindered by gaps in 
common standards and interoperable data, slow and costly process 
characterization with limited automation and real-time measurements, 
challenges in transferring processes across scales and sites, and supply-
chain and feedstock variability (Asin-Garcia et al., 2025). To address 
these constraints, data analysis and simulation models must play a 
larger role throughout bioprocess design.

Many industrial bioprocesses depend on an engineered cell fac-
tory for converting raw substrates into desired products. Microbial 
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workhorses like bacteria and yeasts underpin sustainable routes to 
fuels, materials, and chemicals, complemented by filamentous fungi for 
enzyme and organic-acid production and by mammalian cell lines for 
therapeutic proteins (Cho et al., 2022; Futing et al., 2021; Gonzalez-
Hernandez and Perre, 2024). Achieving economic and sustainable per-
formance depends on coordinated design across three levels: the cell 
strain (genetic and regulatory features controlling metabolism), the 
bioreactor (vessel geometry and operational policies for feeding, aer-
ation, mixing, and temperature), and the overall plant (integration of 
fermentation with purification, utilities, and supply chains). Because 
these decisions couple phenomena from intracellular flux allocation 
to reactor dynamics and plant logistics, mathematical models have 
become essential tools. In brief, the modeling toolbox has progressed 
from empirical growth laws and lumped balances to constraint-based 
genome-scale formalisms and dynamic, resource-aware descriptions of 
metabolism, now increasingly paired with hybrid and digital-twin ap-
proaches that combine first-principles structure with machine learning 
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List of abbreviations
AI artificial intelligence
ANN artificial neural network
CBM constraint-based metabolic model
CFD computational fluid dynamics
CHO Chinese hamster ovary
dFBA dynamic FBA
ETFL Expression and Thermodynamics Flux
FBA flux balance analysis
GECKO Genome-scale model to account for Enzyme 

Constraints, using Kinetics and Omics
GEM genome-scale metabolic model
HPC high-performance computing
LCA life cycle assessment
LLM large language model
mAb monoclonal antibody
ME metabolism–expression
MILP mixed integer linear program
ML machine learning
MPC model predictive control
MSP minimum selling price
ODE ordinary differential equation
pFBA parsimonious flux balance analysis
RSM response-surface methodology
RTM reactive transport model
TEA techno-economic analysis

to support monitoring, optimization, and control (Turanli et al., 2024; 
Yatipanthalawa and Gras, 2024; Park et al., 2021; Sokolov et al., 
2021; Narayanan et al., 2023; Noor et al., 2025). Despite this progress, 
practitioners still lack a concise, practice-oriented synthesis with the 
most recent advances that compares model families on assumptions, 
data and curation effort, tractability, and extrapolation, while showing 
how to operationalize them for medium and feeding design, reactor 
operation, and plant-level decisions, motivating the present review.

This review captures recent advances in cellular modeling and their 
application across the major aspects of bioprocess design. First, we syn-
thesize the modeling landscape, from lumped stoichiometric balances 
and unstructured kinetics to state-of-the-art mechanistic, statistical, 
and hybrid models, presented in a comparable format that clarifies 
assumptions, data and curation requirements, computational tractabil-
ity, and predictive scope to aid model selection. Second, we show 
how these models inform practice: prioritizing strain edits; tailoring 
medium composition and feeding to align intracellular demands with 
reactor constraints; guiding bioreactor design, monitoring, and control; 
and linking cell-level predictions to plant-level analyses so that finan-
cial costs and environmental consequences are evaluated early. Our 
aim is to provide an up-to-date, practical guide that connects cellular 
physiology simulations to process performance and plant objectives.

2. Cellular models

Computational representations of the cell are the analytical back-
bone of modern bioprocess development: they translate genotype and
culture conditions into quantitative phenotype predictions that inform 
every engineering layer, from pathway editing and medium formula-
tion to bioreactor scale-up and whole-plant integration (Fig.  1). The 
available modeling spectrum spans overall stoichiometric mass bal-
ances, through dynamic kinetic and proteome-constrained frameworks, 
to data-driven or hybrid surrogates that blend first-principles with 
2 
machine learning (ML). Each tier entails a trade-off between the effort 
and data needed for reconstruction and the depth explanatory power 
and reliability of its forecasts. The subsections that follow survey these 
approaches in order of increasing mechanistic detail, highlighting their 
mathematical structure, data requirements, and key advantages and 
limitations.

2.1. Lumped overall stoichiometric models

Lumped overall stoichiometric models describe microbial or chem-
ical conversion processes at steady state using only elemental and 
degree-of-reduction (i.e., electron equivalents) balances, while neglect-
ing intracellular intermediates as well as kinetic and regulatory detail 
(Bailey and Ollis, 1986; Stephanopoulos et al., 1998). These macro-
scopic descriptions constitute the simplest class of process models in 
biochemical engineering and are commonly used for yield analysis, 
process benchmarking, and estimation of theoretical conversion limits.

A generic overall reaction for aerobic biomass formation on a single 
carbon source can be written as

𝑠𝑆,𝑋 CaHbOc+𝑠𝑂2 ,𝑋 O2+𝑠𝑁,𝑋 NH3 ⟶ 𝑠𝑋 CHxOyNz+𝑠𝐶𝑂2 ,𝑋 CO2+𝑠𝐻2𝑂,𝑋 H2O,

where CaHbOc denotes a generic organic substrate, CHxOyNz represents 
biomass with an empirical elemental composition, and 𝑠𝑖,𝑋 are stoi-
chiometric coefficients specifying the molar amounts of each species 
participating in the overall biomass-formation reaction. These coeffi-
cients are obtained by enforcing elemental balances on C, H, O, and 
𝑁 and, when required, degree-of-reduction consistency. For growth 
on glucose, CaHbOc = C6H12O6, while typical biomass compositions 
(Stephanopoulos et al., 1998) satisfy 𝑥 ≈ 1.8, 𝑦 ≈ 0.5, and 𝑧 ≈ 0.2.

Overall product formation from the same substrate can be expressed 
analogously as
𝑠𝑆,𝑃 CaHbOc ⟶ 𝑠𝑃 P + 𝑠𝐶𝑂2 ,𝑃 CO2 + 𝑠𝐻2𝑂,𝑃 H2O,

where P denotes the product of interest and 𝑠𝑖,𝑃  are stoichiometric 
coefficients associated with the product-formation reaction, determined 
from elemental and degree-of-reduction balances. Additional reactions 
of this type may be introduced to represent multiple substrates or 
products within the same lumped framework.

Yield coefficients follow directly from the overall stoichiometry and 
quantify biomass or product formation on a molar substrate basis. The 
biomass and product yields on substrate are defined as
𝑌𝑋∕𝑆 =

𝑠𝑋
𝑠𝑆,𝑋

, 𝑌𝑃∕𝑆 =
𝑠𝑃
𝑠𝑆,𝑃

.

In practice, constructing an overall stoichiometric model typically 
requires on the order of hours to days when elemental biomass com-
position, substrate formulas, and representative yield coefficients are 
already available for a well-characterized host organism, and up to 
weeks for newly sequenced organisms for which elemental composition 
and yield data must first be experimentally determined. Once the 
required data are available, model construction proceeds in two steps: 
(i) formulation of overall reactions for biomass and, if relevant, major 
products; and (ii) solution of elemental and, when redox fidelity is 
important, degree-of-reduction balances, typically anchored by at least 
one measured yield coefficient. When only the theoretical maximum 
product yield is sought, step (i) relies solely on pathway stoichiometry 
and step (ii) reduces to verifying that the pathway equation is mass- 
and charge-balanced, eliminating the need for experimental yield data.

Once built, such models solve analytically at negligible computa-
tional cost, making them ideal for rapid techno-economic or life-cycle 
screening and as mass-balanced boundary conditions in fluid dynamics 
simulations. Their limitations are the flip side of their simplicity: no 
temporal dynamics, no regulation, and no by-products beyond those 
explicitly included. Even so, they provide indispensable mass-consistent 
anchors that guide and validate more detailed kinetic or genome-scale 
models.
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Fig. 1.  Cellular modeling across design scales. At the cellular level, strain engineering tunes how metabolic fluxes are directed to produce the target molecule. 
At the bioreactor scale, design choices such as feed strategy, mixing, and aeration determine how much product can be made and how efficiently. At the plant 
scale, the entire process is evaluated for economic and environmental viability by linking strain and bioreactor performance with other unit operations across 
the production chain. The bottom layer summarizes the generic cellular-model inputs and process-facing outputs that support these applications; later sections 
show that specific decisions require different levels of resolution in these outputs, with more advanced cellular models needed when flux allocation, dynamic 
switching, resource limits, product quality, or other physiological details can change the design choice.
2.2. Unstructured kinetic models

Unstructured (macroscopic) kinetic models describe the time evo-
lution of bulk variables, including substrate 𝑆, biomass 𝑋, product 𝑃 , 
and occasionally by-products and multiple substrates, through ordinary 
differential equations (ODEs) that capture dominant empirical trends 
while treating the cell as a ‘‘black box’’. For a batch culture, the 
canonical Monod law (Eq. (1)), 

𝜇 = 𝜇max
[𝑆]

𝐾𝑆 + [𝑆]
, (1)

relates the specific growth rate 𝜇 to the substrate concentration [𝑆] in 
the growth medium (Monod, 1949). In this model 𝜇max is the maximum 
specific growth rate and 𝐾𝑆 is the Monod (half-saturation) constant, 
defined as the substrate concentration at which 𝜇 = 𝜇max∕2. Monod’s 
equation is often coupled with the biomass balance (Eq. (2)), where 
[X] is biomass concentration, and an uptake constraint (Eq. (3)), where 
𝑌𝑋∕𝑆 is biomass yield from substrate. Together, these three equations 
predict substrate depletion and cell-mass rise in batch and fed-batch 
cultures. 
𝑑[𝑋] = 𝜇[𝑋] (2)

𝑑𝑡

3 
𝑑[𝑆]
𝑑𝑡

= − 1
𝑌𝑋∕𝑆

𝜇[𝑋], (3)

Product formation is often represented by the Luedeking–Piret relation-
ship (Eq. (4)), 
𝑑[𝑃 ]
𝑑𝑡

= 𝛼 𝑑[𝑋]
𝑑𝑡

+ 𝛽[𝑋], (4)

where 𝛼 and 𝛽 weight growth-associated and non-growth-associated 
synthesis, respectively (Luedeking and Piret, 1959). Numerous alterna-
tive rate laws (e.g., for substrate inhibition, oxygen limitation, or mixed 
feeds) are cataloged in Table 1 of Du et al. (2022).

The data needed to calibrate an unstructured kinetic model includes 
time-resolved biomass, substrate and product profiles from one to 
three well-instrumented batch or fed-batch runs. Additional data like 
byproduct, O2, and CO2 concentrations can be collected, extending 
the model equations beyond what is discussed here (e.g. adding a 
maintenance demand for substrate uptake (Eq. (3)), a cell death for 
biomass change (Eq. (2)), or more equations to represent mass bal-
ance for additional metabolites). Non-linear regression of the Monod–
Luedeking–Piret parameters {𝜇max, 𝐾𝑆 , 𝑌𝑋∕𝑆 , 𝛼, 𝛽} including data cu-
ration can take around 2 days from gathering existing data, while 
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generating the laboratory data typically adds three to six weeks (Singh 
et al., 2017). The fitted low-order ODE system then reproduces lag, 
exponential growth, substrate depletion and product formation with 
modest computational cost, making it a practical tool for seed-train 
sizing, feed-profile screening and early techno-economic or life-cycle 
assessments.

The simplicity that makes these models attractive also limits them: 
the lumped parameters must be re-identified whenever strain, medium 
or operating mode changes; they extrapolate poorly to unseen genetic 
or environmental perturbations; parameter sloppiness (i.e. multiple 
parameter combinations yield indistinguishable model predictions and 
individual parameters become poorly identifiable) arises under noisy 
data; and scale-dependent mixing or mass-transfer effects are absorbed 
empirically, restricting portability across bioreactor sizes. Even so, 
unstructured kinetics remain a work-horse for early process devel-
opment and a convenient benchmark for more detailed hybrid or 
machine-learning surrogates.

2.3. Constraint-based metabolic models

CBMs extend stoichiometric bookkeeping to account for intracellu-
lar metabolic reactions, often at the genome-scale in which case they 
are named genome-scale metabolic models (GEMs). Mathematically, 
this information is organized as a sparse stoichiometric matrix 𝑆 ∈
R|𝐼|×|𝐽 |, whose entries 𝑆𝑖𝑗 denote the signed stoichiometric coefficient 
of metabolite 𝑖 in reaction 𝑗. The sets of all metabolites and reactions 
in the network are 𝐼 and 𝐽 , respectively. Assuming intracellular quasi-
steady state, metabolic fluxes for each reaction 𝑣𝑗 in mmol/gCDW/s are 
given by mass conservation (Eq. (5)) and physico-biochemical limits 
(e.g. substrate uptake rate or reaction reversibility) captured by linear 
bounds (Eq. (6)). 
∑

𝑗∈ 𝐽
𝑆𝑖𝑗 𝑣𝑗 = 0 ∀ 𝑖 ∈ 𝐼, 𝑗 ∈ 𝐽 (5)

𝑣min
𝑗 ≤ 𝑣𝑗 ≤ 𝑣max

𝑗 ∀ 𝑗 ∈ 𝐽 (6)

When only stoichiometric constraints and irreversibility (𝑣𝑗 ≥ 0 for 
irreversible reactions) are imposed, the feasible flux space forms a poly-
hedral cone, commonly called the flux cone, because any non-negative 
scalar multiple of a feasible flux vector is itself feasible. Adding the 
condition-specific upper and lower bounds of Eq. (6) intersects this 
cone with a bounded box, producing the convex polytope 

 (𝐛) =
{

{𝑣𝑗}𝑗∈ 𝐽 ∶
∑

𝑗∈ 𝐽
𝑆𝑖𝑗 𝑣𝑗 = 0 ∀𝑖 ∈ 𝐼, 𝑣𝑚𝑖𝑛𝑗 (𝐛) ≤ 𝑣𝑗 ≤ 𝑣𝑚𝑎𝑥𝑗 (𝐛) ∀𝑗 ∈ 𝐽

}

,

(7)

where 𝐛 collects the experimental conditions encoded in the bounds: 
measured substrate uptake rates, oxygen availability, gene knockouts 
(𝑣𝑚𝑖𝑛𝑗 = 𝑣𝑚𝑎𝑥𝑗 = 0), or flux intervals from 13C fluxomics. Tightening or 
relaxing 𝐛 reshapes  without changing any model parameter, so the 
same network represents multiple experimental scenarios.

The polytope  (𝐛) is not a specific prediction of fluxes, but a space 
of possible fluxes that can be explored in several complementary ways. 
Most commonly, flux balance analysis (FBA) selects a single point by 
solving the linear program: 
{𝑣∗𝑗 }𝑗∈ 𝐽 = arg max

{𝑣𝑗}∈ (𝐛)

∑

𝑗∈ 𝐽
𝑐𝑗 𝑣𝑗 , (8)

where 𝑐𝑗 is the objective coefficient for reaction 𝑗; typically 𝑐𝑗 = 1
for the biomass reaction and zero elsewhere (Orth et al., 2010). A 
common variant is parsimonious FBA (pFBA), which further minimizes 
∑

𝑗∈ 𝐽 |𝑣𝑗 | among all solutions that achieve the same optimal objective, 
favoring enzyme-economical predictions (Lewis et al., 2010). These 
single-objective methods return one flux distribution – a single point in 
 (𝐛) – and therefore cannot capture the full range of metabolic states 
the network can support. Two complementary approaches explore this 
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broader capability: random sampling draws unbiased flux distributions 
from the interior of  (𝐛) to characterize its geometry without impos-
ing any objective (Gelbach et al., 2024). Usually understanding the 
extremes is more relevant, so flux variability analysis (FVA) is used to 
probe the limits of the polytope by solving, for each reaction 𝑗 ∈ 𝐽 , a 
minimization and a maximization: 

𝑣−𝑗 = min 𝑣𝑗 , 𝑣+𝑗 = max 𝑣𝑗 s.t. {𝑣𝑗}𝑗∈ 𝐽 ∈  (𝐛), (9)

where  (𝐛) may be augmented with any user-defined conditions—for 
example, enforcing a minimum growth rate 𝑣biomass ≥ 𝜇min to ensure 
biological viability while probing each reaction’s allowable range. The 
result is the interval collection {[𝑣−𝑗 , 𝑣+𝑗 ]}𝑗∈𝐽 : reactions with 𝑣−𝑗 = 𝑣+𝑗
carry a uniquely determined flux under the imposed constraints, while 
those with a wide interval are metabolically flexible (Kenefake et al., 
2022).

The strategies above cover the most widely used ways to extract 
information from  (𝐛). Many variants built on the same mathemat-
ical structure have been developed for specific applications, includ-
ing context-specific network reconstruction from omics data, for ex-
ample integrating transcriptomics or proteomics to restrict the ac-
tive flux space to condition-relevant subnetworks (Machado and Her-
rgård, 2014; Opdam et al., 2017), and metabolic engineering target 
identification, which we discuss in Section 3.1.

Building a constraint-based model begins with a high-quality
genome annotation that is mapped to mass-balanced reactions via 
gene–protein–reaction rules; a strain-specific biomass equation is then 
formulated, and iterative gap-filling plus in silico gene-essentiality 
tests close remaining network holes and benchmark predictive skill 
(Thiele and Palsson, 2010). Kinetic parameters are not required; in-
stead, condition-specific uptake/secretion bounds, growth yields, and 
optional multi-omics layers (RNA-seq, proteomics, 13C fluxes) are used 
to tighten flux limits or tailor objectives. Community toolkits such as
memote add > 150 automated checks for stoichiometry, annotation 
coverage, and simulation fidelity to streamline reuse and updates 
(Lieven et al., 2020).

In terms of effort, starting from an existing draft for a model 
organism (for example E. coli, S. cerevisiae, or CHO) typically re-
quires ∼3–4 months of curation (gap-filling, biomass calibration, val-
idation), whereas a newly sequenced non-model microbe demands 
∼6–12 months for end-to-end annotation, reconstruction, and testing 
(Thiele and Palsson, 2010; Lieven et al., 2020). Fuelled by automated 
pipelines and inexpensive sequencing, the catalog of GEMs has ex-
panded rapidly: a 2019 survey counted reconstructions for 6239 bac-
terial, archaeal, and eukaryotic species (Gu et al., 2019). The current 
catalog spans canonical industrial workhorses, namely Escherichia coli
(Monk et al., 2017), Saccharomyces cerevisiae (Lu et al., 2019), Bacil-
lus subtilis (Massaiu et al., 2019), Corynebacterium glutamicum (Zhang 
et al., 2017), Komagataella phaffii (formerly Pichia pastoris) (Tomàs-
Gamisans et al., 2016), and Chinese-hamster ovary cells (Hefzi et al., 
2016). The catalog also covers hosts of expanding industrial inter-
est: the thermophilic cellulolytic bacterium Clostridium thermocellum
(Garcia et al., 2020), the acidophile Acidithiobacillus Ameehan (Wu 
et al., 2023), the oleaginous yeast Yarrowia lipolytica (Kerkhoven et al., 
2016), the solvent-tolerant soil bacterium Pseudomonas putida (Nogales 
et al., 2020), and the filamentous fungus Aspergillus niger (Brandl 
et al., 2018). Automated pipelines can now assemble draft GEMs at 
population scale by templated reconstruction from genome annota-
tions, automated gap-filling, and standardized quality control; yielding 
hundreds of thousands of models with minimal manual intervention 
(Heinken and Thiele, 2025). These drafts are excellent for comparative 
and hypothesis-generating studies but, because biomass composition, 
transport specificity, gene-protein-reaction rules, and condition-specific 
bounds are generic or missing, they should be treated as screening-
grade starting points that still require organism- and process-specific 
curation for engineering use.
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The size of full GEMs hampers certain analyses so systematic reduc-
tion algorithms such as redGEM (Ataman and Hatzimanikatis, 2017) 
or FASTCORE (Klamt et al., 2014) derive compact ‘‘core’’ networks 
while retaining key physiological functions. These core models can 
serve as basis for kinetic models, metabolic flux analysis using isotopic 
tracers for precise flux quantification, and elementary mode analy-
sis EMA) (Trinh et al., 2009). Elementary modes are the smallest, 
non-decomposable steady-state flux vectors that satisfy Eq. (5); every 
feasible flux distribution is a non-negative weighted sum of these modes 
(Schilling et al., 2000). Because the number of modes grows combinato-
rially with network size, full enumeration is generally practical only for 
core or reduced models (Terzer and Stelling, 2008). Once the mode set 
is available, however, it provides an ultrafast surrogate model: metrics 
such as specific product yield, ATP cost, or oxygen requirement can be 
obtained by a single matrix–vector multiplication of objective weights 
with the pre-computed mode matrix, bypassing linear programming 
altogether.

Leveraging linear mass-balance constraints, CBMs scale to networks 
of thousands of reactions and solve in milliseconds, making them ideal 
for high-throughput in-silico nutrient-essentiality screens, strain-design 
knockouts, media tailoring, metabolic-engineering target ranking, and 
even plant-wide process optimization, as we will cover later in this 
review. Their scope, however, is bounded by the quasi-steady-state 
assumption, which overlooks transient metabolite pools and regulatory 
kinetics; and by the existence of multiple alternate optima, quantified 
by FVA (Eq. (9)), that require careful interpretation of any single 
optimal solution (Kenefake et al., 2022; Gelbach et al., 2024). Thus, 
while CBMs powerfully connect genome content to process design 
with minimal parameterization, their predictions must ultimately be 
tempered by dynamic modeling and experimental validation.

2.4. Proteome-constrained metabolic models

Where classical GEMs assume unlimited catalytic capacity, proteome-
constrained models, such as the metabolism–expression (ME) formu-
lation (Lerman et al., 2012; O’Brien et al., 2013), variants of ME 
like the Expression and Thermodynamics Flux (ETFL) formulation 
(Salvy and Hatzimanikatis, 2020), and enzyme-constrained models like 
the Genome-scale model to account for Enzyme Constraints, using 
Kinetics and Omics (GECKO) framework (Sánchez et al., 2017), em-
bed transcription, translation, and enzyme-allocation limits into the 
stoichiometric framework.

Denoting 𝑣𝑗 as the flux of metabolic reaction 𝑗 ∈ 𝐽 , 𝑒𝑘 as the 
concentration of catalyst 𝑘∈𝐾 (enzyme, ribosome, or protein complex), 
and 𝑒𝜎(𝑗) as the abundance of the catalyst assigned to reaction 𝑗 by 
the mapping 𝜎 ∶ 𝐽 → 𝐾 (needed because several reactions can 
share the same enzyme and, conversely, one reaction may require a 
multisubunit complex), the general proteome-constrained framework 
invokes three linked constraints: the metabolite steady-state balance 
(Eq. (10)), identical to the one used in CBMs; the catalytic-capacity 
limit (Eq. (11)), that couples each flux to its catalytic capacity, and the 
global protein-mass budget (Eq. (12)).

∑

𝑗∈ 𝐽
𝑆𝑖𝑗𝑣𝑗 = 0 ∀𝑖 ∈ 𝐼 (10)

𝑣𝑗 ≤ 𝑘cat𝑗 𝑒𝜎(𝑗) ∀𝑗 ∈ 𝐽 (11)
∑

𝑘∈𝐾
MW𝑘 𝑒𝑘 ≤ 𝜌prot (12)

All variants share the core idea that cellular resources, rather than pure 
stoichiometry, bound achievable phenotypes; the differences lie in how 
rigorously enzyme synthesis and turnover are represented.

Analogous to the flux polytope  (𝐛) defined for CBMs (Eq. (7)), 
proteome-constrained models define a feasible set in a joint flux-and-
enzyme space. For enzyme-constrained models such as GECKO, all 
three constraints in Eqs. (10)–(12) are linear, so the feasible set remains 
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a convex polytope in the combined (𝑣, 𝑒) space and the alternate-optima 
and variability-analysis concepts of CBMs carry over in principle. The 
practical complication is that 𝑘cat values span several orders of mag-
nitude, contributing to numerical ill-conditioning; in full ME models, 
which couple flux and protein-synthesis variables, this ill-conditioning 
is severe enough to require specialized quad-precision solvers such as
solveME and the DQQ workflow (Yang et al., 2016; Ma et al., 2017), 
whereas GECKO-style ecModels remain ordinary linear programs and 
solve without special numerical treatment. Full ME models track en-
zyme synthesis explicitly and include a dilution-by-growth term 𝜇 𝑒𝑘; 
since both 𝜇 and 𝑒𝑘 are variables, their product is bilinear and the 
feasible set is no longer a simple polytope. In practice this is addressed 
by solving a sequence of linear programs at fixed 𝜇, treating the model 
as a parametric family of polytopes across growth rates (Lloyd et al., 
2018). ETFL goes further by incorporating thermodynamic constraints 
via reaction Gibbs energies and intracellular metabolite concentrations, 
which enter as logarithmic terms and push the problem into nonlinear 
or mixed-integer programming territory (Salvy and Hatzimanikatis, 
2020).

Beyond a curated GEM, proteome-constrained models (GECKO, 
ME, ETFL) require enzyme turnover numbers 𝑘cat , protein molecular 
weights, multi-subunit complex stoichiometries, and either absolute 
protein abundances or a total proteome (or ribosome) budget; full 
ME/ETFL variants also need transcription/translation rates and pro-
tein degradation half-lives. Databases such as BRENDA, SABIO-RK, 
and UniProt supply many 𝑘cat values, with machine-learning impu-
tation used to fill gaps (Li et al., 2022b; Zhai et al., 2025). Several 
toolchains help implement this: COBRAme streamlines full ME re-
constructions (e.g., E. coli, Thermotoga maritima) (Lloyd et al., 2018; 
Yang et al., 2016), while the GECKO toolbox inserts the catalytic-
capacity and proteome-budget constraints of Eqs. (11)–(12) onto exist-
ing GEMs (Sánchez et al., 2017); readers seeking step-by-step construc-
tion guidance are referred to the dedicated protocols and worked ex-
amples in those references and in Chen et al. (2024). In terms of effort, 
given that a GEM is available, for a proteomics-rich host (e.g., yeast) an 
ecModel via GECKO typically takes 4–8 months of curation (data colla-
tion, mapping, quality control), whereas assembling a full ME model or 
porting either approach to a sparsely characterized organism generally 
requires 12–24 months for kinetic curation, numerical tuning, and 
validation (Sánchez et al., 2017; Lloyd et al., 2018; Yang et al., 2016).

Coupling each metabolic flux to an enzyme variable inflates model 
size by one–two orders of magnitude, producing ill-conditioned mixed 
linear/convex programs; quad-precision pipelines such as solveME and 
the DQQ scaling workflow cut solve times from days to minutes (Yang 
et al., 2016; Ma et al., 2017), while condensed ME formulations and 
GECKO’s linear relaxation routinely converge in ∼10–60 s on com-
modity hardware (Lloyd et al., 2018; Sánchez et al., 2017), yet thou-
sands of sequential solves, as required for dynamic simulations, are 
still computationally taxing. When their computational cost is not 
an issue, proteome-constrained models mechanistically link genotype, 
resource allocation, and flux, predicting growth–yield trade-offs, over-
flow metabolism, stress responses, and the protein cost of heterologous 
pathways without fitted kinetics, thereby refining strain-design rank-
ings and pinpointing medium supplements that relieve catalytic bot-
tlenecks (Dinh et al., 2018). Their accuracy, however, hinges on com-
prehensive 𝑘cat datasets and precise complex stoichiometries (i.e., sub-
unit composition and cofactor content of each protein assembly that 
catalyses a reaction), both scarce for non-model organisms. Overall, 
incomplete data, poor conditioning, or unmodeled regulatory layers 
(e.g. transcription-factor cascades) can erode predictive power and 
hinder applications.

2.5. Large-scale kinetic metabolic models

Kinetic models elevate the metabolite mass balance (Eq. (5)) from a 
linear flux-balance to a nonlinear, time-dependent description. Defining 
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𝐶𝑖(𝑡) as the concentration of metabolite 𝑖∈𝐼 at time 𝑡, 𝑣𝑗
(

𝐶(𝑡), 𝑘
) as the 

rate of reaction 𝑗 ∈ 𝐽 with kinetic parameter vector 𝑘, and 𝑆𝑖𝑗 as the 
stoichiometric matrix used previously for CBMs, intracellular dynamics 
follow metabolite mass balance (Eq. (13)). 
𝑑𝐶𝑖
𝑑𝑡

=
∑

𝑗∈ 𝐽
𝑆𝑖𝑗 𝑣𝑗

(

𝐶(𝑡), 𝑘
)

, ∀𝑖 ∈ 𝐼, (13)

Typical rate laws are reversible Michaelis–Menten, convenience ki-
netics, or modular network-embedded formulas that embed thermo-
dynamic reversibility and allosteric regulation (Islam et al., 2021). 
Algebraic Haldane relationships couple the forward and reverse con-
stants to the reaction equilibrium constant, thereby reducing the free 
parameter count.

A very common choice for 𝑣𝑗
(

𝐶(𝑡), 𝑘
) in Eq. (13) is the reversible 

Michaelis–Menten rate law (Islam et al., 2021). For a single-substrate 
reversible reaction 𝐴 ⇌ 𝐵, this takes the form 

𝑣𝑗
(

𝐶(𝑡), 𝑘
)

=
𝑉max,𝑓

[𝐴]
𝐾𝑚,𝐴

− 𝑉max,𝑟
[𝐵]
𝐾𝑚,𝐵

1 + [𝐴]
𝐾𝑚,𝐴

+ [𝐵]
𝐾𝑚,𝐵

, (14)

where 𝑉max,𝑓  and 𝑉max,𝑟 are the forward and reverse maximum reaction 
rates – the maximum rates achievable at saturating substrate and 
product concentrations, respectively – and 𝐾𝑚,𝐴, 𝐾𝑚,𝐵 are the Michaelis 
constants for substrate and product. In practice, many kinetic models 
do not track enzyme concentration 𝑒𝑗 explicitly; instead, each product 
𝑘cat 𝑒𝑗 is collapsed into a single apparent parameter (𝑉max,𝑓  or 𝑉max,𝑟), 
which is what gets measured from enzyme assays or fitted from flux and 
metabolomics data (Liebermeister et al., 2010; Gopalakrishnan et al., 
2020; Hu et al., 2024). At face value, Eq. (14) therefore contains four 
independent parameters per reaction (𝑉max,𝑓 , 𝑉max,𝑟, 𝐾𝑚,𝐴, 𝐾𝑚,𝐵). The 
Haldane constraint reduces this by one: because the net rate must 
vanish at thermodynamic equilibrium (𝑣𝑗 = 0 when [𝐵]∕[𝐴] = 𝐾𝑒𝑞), 
the parameters must satisfy 

𝐾𝑒𝑞 =
𝑉max,𝑓 𝐾𝑚,𝐵

𝑉max,𝑟 𝐾𝑚,𝐴
, 𝐾𝑒𝑞 = exp

(

−
𝛥𝑟𝐺◦

𝑅𝑇

)

, (15)

where 𝛥𝑟𝐺◦ is the standard Gibbs energy of reaction, 𝑅 the gas constant, 
and 𝑇  absolute temperature. Since 𝛥𝑟𝐺◦ can be obtained from thermo-
dynamic databases such as eQuilibrator (Beber et al., 2022), Eq. (15) 
fixes the ratio 𝑉max,𝑓∕𝑉max,𝑟 before any fitting is done, guaranteeing 
thermodynamic consistency and lowering the number of free param-
eters that must be inferred from experimental data. More complex 
rate laws for multi-substrate reactions (convenience kinetics, modular 
rate laws) apply the same Haldane principle with additional Michaelis 
terms.

In practice, large-scale kinetic reconstruction starts from a curated 
network (typically 100–500 reactions), selects a rate-law template such 
as Eq. (14), and then populates parameters by (i) mining databases 
such as BRENDA and SABIO-RK for 𝐾𝑚, 𝑘cat , and 𝐾𝑖; (ii) enforc-
ing the Haldane constraint (Eq. (15)) using 𝛥𝑟𝐺◦ from eQuilibrator 
(Beber et al., 2022) together with steady-state flux targets from 13C
fluxomics; and (iii) calibrating against mutant flux maps, time-series 
metabolomics, and (when available) proteomics. Frameworks such as 
K-FIT (Gopalakrishnan et al., 2020), KETCHUP (Hu et al., 2024), and 
RENAISSANCE (Choudhury et al., 2024) systematize these steps and 
conclude with ensemble approaches that sample thousands of parame-
ter sets consistent with all constraints to address under-identifiability. 
Emerging deep-learning tools such as CatPred further impute missing 
𝑘cat or 𝐾𝑚 values from sequence and substrate features (Boorla and 
Maranas, 2025). For organisms with an existing kinetic atlas like E. 
coli, parameter balancing and ensemble generation typically require 
6–12 months (Khodayari and Maranas, 2016); for non-model strains 
with little information available, the end-to-end effort, including data 
generation and curation, could extend to 24–36 months.
6 
Kinetic models capture transients such as substrate pulses, feast–
famine cycles and genetic switches, quantify enzyme saturation and 
control coefficients, and thereby enable dynamic feed optimization 
and identification of rate-limiting steps that steady-state frameworks 
miss. Their chief drawbacks are the thousands of poorly identifiable 
kinetic constants, which necessitate ensemble sampling and sensitivity 
analysis, and stiff equations that still solve in minutes even with quad-
precision and model-reduction tricks. Generative ML pipelines such as 
KETCHUP and CatPred are narrowing the parameter gap, positioning 
these models as dynamic complements to GEMs for next-generation 
strain and process optimization.

2.6. Statistical models

In contrast to mechanistic approaches, statistical models specify a 
likelihood 𝑝(𝑦 ∣ 𝑋, 𝜃) that relates observed responses 𝑦 to input features 
𝑋 through unknown parameters 𝜃, and in Bayesian settings, a prior 
𝑝(𝜃) that encodes beliefs about the values of 𝜃. Here, 𝑋 ∈ R𝑁×𝑝 is a 
design matrix of 𝑁 experiments and 𝑝 input variables (e.g., medium 
components, temperature, pH), 𝑦 ∈ R𝑁  collects the measured outcomes 
(e.g., growth rate, titer), and 𝜃 are the model parameters to be inferred. 
Common statistical modeling tasks in bioprocessing include classifica-
tion of culture phases from on-line signals using logistic regression or 
support-vector machines (Nikzad-Langerodi et al., 2017), clustering to 
group media formulations by phenotype (Grzesik and Warth, 2021), di-
mensionality reduction to compress (multi-)omics via principal compo-
nent analysis (Meng et al., 2016), and time–series/state–space analysis 
with Kalman filters for soft sensing and drift detection (Yousefi-Darani 
et al., 2021; Duarte et al., 2021). A very common case is supervised re-
gression, where the goal is to map experimental settings to a continuous 
response via 
𝑦 = 𝑓𝜃(𝑋) + 𝜀, (16)

with 𝑓𝜃 a parametrized function (e.g., linear or polynomial regression, 
Gaussian process, random forest, neural network) and 𝜀 an experimen-
tal noise term. Parameter fitting uses least squares or machine-learning 
loss functions on a training set  = {(𝑋𝑛, 𝑦𝑛)}𝑁𝑛=1 after which 𝑓𝜃 predicts 
unseen conditions in milliseconds.

Statistical models require only labeled examples and no explicit 
stoichiometry or pathway knowledge. A coarse planning heuristic is to 
target on the order of 10–30 observations per varying input variable, 
for the 10–50 factors typical of medium-design studies, this rule of 
thumb implies 102–103 unique conditions. Recent cases align with this 
order of magnitude (Hashizume et al., 2023), while others can re-
duce the sampling needs through adaptive sampling (Narayanan et al., 
2025). When curated data already exist, cleaning and fitting a random-
forest, Gaussian-process, or neural-network regressor typically takes 
1–2 weeks; generating a fresh high-throughput screening data set adds 
∼1–3 months for experimental execution and data wrangling.

These models are inexpensive to train/evaluate, capture nonlin-
ear interactions, and readily fuse heterogeneous features (sequence 
descriptors, media composition, on-line signals), but they extrapolate 
poorly beyond the training domain, cannot enforce mass or energy 
conservation, and offer limited mechanistic insight. Consequently, they 
are best suited to medium optimization, bioprocess control, and as 
components in hybrid workflows, as discussed later in this review.

2.7. Hybrid models

Hybrid models cover a heterogeneous ‘‘catch-all’’ space that mixes 
the mechanistic formalisms reviewed above with statistical or rule-
based layers, or couples metabolism to additional cellular scales such 
as transcriptional regulation, protein secretion, or plasmid burden. 
A validated GEM or kinetic core supplies mass-balance constraints, 
after which high-throughput data (e.g., fluxomics, time-series titers, 
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transcriptomics) train the statistical block to learn residuals, regulatory 
switches, or uncertainty envelopes.

Integration of ML with constraint-based models generally follows 
the three-way scheme cataloged by Sahu et al. (2021): (i) Kinetically-
augmented CBMs enrich flux-balance cores with explicit rate laws, 
thermodynamic bounds or enzyme budgets (here we considered this an 
established modeling approach discussed under the section Proteome-
constrained metabolic models); (ii) Logic/event layers superimpose dis-
crete regulation on continuous fluxes, often via Petri nets (i.e., a 
graph-based formalism that tracks tokens to capture concurrent discrete 
state changes) or their Flexible Net derivatives; and (iii) Data-driven 
surrogates embed physics-informed neural networks or Gaussian pro-
cesses inside the optimization loop so model predictions comply with 
mass balance constraints (e.g., Eq. (5)). Recent work illustrates each 
category: Artificial Metabolic Networks differentiate FBA through a 
neural layer (Faure et al., 2023) (surrogate); Flexible-Net conver-
sions of proteome-constrained GEMs add discrete regulation (Lázaro 
et al., 2022) (logic/event); genome-scale hybrid-cybernetic models 
to optimize product yield (kinetically-augmented CBMs) (Luo et al., 
2023); and an uncertainty-aware dynamic FBA for CHO cultures blends 
enzyme-constrained kinetics with a macro-kinetic shell (Pennington 
et al., 2024) (kinetically-augmented CBMs). NEXT-FBA trained arti-
ficial neural networks (ANNs) on Chinese hamster ovary (CHO) ex-
ometabolomic data paired with 13C fluxomics to predict upper and 
lower bounds for central-carbon reactions in a CBM, identifying as-
paragine catabolism as the dominant source of ammonia accumulation 
across three feeding strategies in CHO culture (Morrissey et al., 2025).

Some recent hybrids depart from the taxonomy either by forgoing 
ML or by coupling metabolism to additional cellular scales. COSMIC-
dFBA toggles cellular objectives in perfusion bioreactors via a phase ML 
classifier (Gopalakrishnan et al., 2024), while kilometre-scale reactive-
transport models use neural surrogates of FBA to inject metabolic 
realism into environmental partial differential equations (Song et al., 
2025). A Bayesian extension of an enzyme-constrained yeast GEM 
estimates temperature-dependent catalytic parameters on-the-fly, pro-
ducing an uncertainty-aware model that pinpoints thermotolerance bot-
tlenecks (Li et al., 2021). Multi-scale hybrids integrate transcriptional-
regulatory network (e.g., OptRAM (Shen et al., 2019), etiBsu1209 (Bi 
et al., 2023)), secretion pathways (e.g., pcSecYeast (Li et al., 2022a)), or 
plasmid-expression burdens (e.g., rETFL (Oftadeh and Hatzimanikatis, 
2024)). Whole-cell models, which couple metabolism with DNA repli-
cation, transcription and translation, remain largely exploratory but 
showcase the ultimate hybrid ambition (Macklin et al., 2014; Thorn-
burg et al., 2022; Macklin et al., 2020).

In terms of data requirements, hybrid models require all inputs 
required for the mechanistic core (CBM, ecModel, or kinetics) plus 
time-series or on-line data streams to train the ML or logic layer 
(e.g. residuals, phase classifiers, surrogate objectives). Adding an ML 
layer to an existing core model typically requires 1–3 months (feature 
engineering, cross-validation, integration) (Doyle et al., 2023; Faure 
et al., 2023).

2.8. Summary of model construction requirements and expected AI accel-
eration

The model families reviewed above differ markedly in data, cura-
tion effort, and simulation time. Increasing mechanistic detail shifts 
workflows from simple conversion chemistry or culture trajectories 
toward curated reaction networks, catalytic parameters, omics con-
straints, and condition-specific validation. Table  1 summarizes these 
trade-offs, while Table  2 expands the compressed ‘‘Data requirements’’ 
column into evidence types such as conversion chemistry, network 
structure, catalytic capacity, culture time series, omics constraints, and 
condition-response records. Hybrid models are included in Table  1 
because they are a recurring modeling architecture, but they are not 
assigned a standalone column in Table  2, since their data requirements 
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are the union of the chosen mechanistic, machine-learning, rule-based, 
or control components rather than a stable checklist.

Large language models (LLMs) and agentic artificial intelligence
(AI) are expected to accelerate model curation mainly when the lim-
iting work is digital, through two channels: information curation, 
such as extracting and structuring evidence from literature, databases, 
and model annotations; and software automation, such as writing 
parsers, model-conversion scripts, database queries, quality-control 
wrappers, and workflow code that curators have often developed 
manually. This view is supported by software-development studies 
showing task-dependent gains, with time saved in code writing partly 
offset by the need to review, correct, and maintain AI-generated output 
(Vella and Blincoe, 2026; Becker et al., 2025; Xu et al., 2025). It 
is also consistent with LLM-assisted data-extraction and biocuration 
studies, which support source-linked extraction as curator assistance 
rather than autonomous curation (Schmidt et al., 2024; Caufield et al., 
2024). For CBMs, likely targets include reaction-evidence triage, gene-
protein-reaction rules, biomass and transport definitions, gap-filling 
review, and memote-style quality control; for protein-constrained and 
large-scale kinetic models, they include enzyme-reaction mapping, 𝑘cat
or kinetic-constant selection, complex stoichiometry, omics integra-
tion, rate-law or model-code assembly, numerical troubleshooting, and 
parameter-uncertainty checks (Thiele and Palsson, 2010; Lieven et al., 
2020; Karp et al., 2018; Sánchez et al., 2017; Lloyd et al., 2018; Li 
et al., 2022b; Khodayari and Maranas, 2016; Choudhury et al., 2024). 
Existing tools such as GECKO, machine-learning 𝑘cat prediction, au-
tomated draft reconstruction, and generative kinetic parameterization 
provide structured workflows that agents can run, audit, and document 
(Sánchez et al., 2017; Li et al., 2022b; Heinken and Thiele, 2025; 
Choudhury et al., 2024).

For these exposed digital components, we estimate that domain-
specific LLM/agent workflows could reduce curator desk-time by
roughly 50%–70% in data-rich CBM, protein-constrained, and large-
scale kinetic model-curation workflows. This range is intended as a 
scenario estimate, consistent with task-dependent gains reported for 
code generation and structured information-retrieval settings, while 
allowing for review, correction, and maintenance overhead (Vella and 
Blincoe, 2026; Becker et al., 2025). It applies to digital curation tasks, 
not to total project time or validated industrial deployment. Accel-
eration should plateau when the limiting work is new phenotyping, 
proteomics, fluxomics, metabolomics, kinetic assays, expert biological 
adjudication, parameter uncertainty, or independent validation. These 
experimental bottlenecks may also begin to shift as agentic AI inter-
faces with automated data-generation platforms, including industrial 
biofoundries such as Ginkgo Bioworks’ cell-engineering platform and 
high-throughput screening workflows, translating model-curation hy-
potheses into assay designs and standardized data returns. However, 
these technologies remain early, tied to particular organisms, assay for-
mats, automation hardware, and measurement modalities; it remains to 
be seen how broadly they can cover the phenotyping, omics, flux, and 
kinetic assays needed for model-specific validation (Ginkgo Bioworks 
Holdings, Inc., 2026).

3. Strain design and medium optimization

Before a process ever reaches the bioreactor, its performance is 
largely fixed at the culture scale, where the strain’s genotype and 
the medium’s composition together set metabolic capacity, regula-
tory balance, and overall cell health. Recent work in strain design 
and medium optimization has relied significantly on constraint based 
models and optimization methods. This allows us to describe both 
as the generic mathematical optimization problem shown in Fig.  2. 
In this formulation, the decision variables represent either genetic or 
medium manipulations, a cellular model maps those decisions to phys-
iological responses, and the objective maximizes classic performance 
metrics (e.g., titer, rate, yield, robustness, growth-coupled production, 
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Table 1
Comparison of major cellular modeling paradigms. In the lower bound of curation time all experimental data is available, while in the upper bound most 
experimental data needs to be generated. These curation times are estimated for the effort of a single researcher. In practice, several modeling tasks, such as 
experimental characterization or pathway-specific curation, can be carried out in parallel by a team, thereby reducing the overall wall-clock time required for 
model assembly.
 Model class Brief description Data requirements Curation effort Main limitations  
 Stoichiometric models Pseudo-reaction(s) linking 

substrate to biomass and/or 
product; closed-form algebra; 
used for consistency checks 
and fluid dynamics or 
plant-level simulations.

Main metabolic pathways or 
measured biomass composition 
and product or biomass yields.

0.5 days–2 weeks No time dimension; ignores 
regulation and by-products.

 

 Unstructured kinetic 
models

≤10 ODEs for biomass, key 
substrates and products; 
capture lag, growth, and 
metabolic shifts for feed-rate 
design.

One or few cultures with 
overall rates (biomass, 
substrate, product vs. time).

2 days–6 weeks Valid only near calibration 
window; no intracellular 
insight.

 

 Constraint-based 
metabolic models 
(CBM)

Genome-scale reaction 
network that predicts feasible 
fluxes, including metabolite 
uptake, intracellular 
conversion, metabolite 
secretion, and biomass 
formation.

Annotated genome, biomass 
composition, uptake bounds; 
optional omics and gene 
essentiality.

3–12 months Needs objective choice; lacks 
kinetics/regulation.

 

 Proteome-constrained 
models

Add enzyme capacity or full 
expression machinery to CBM; 
allocates a finite proteome 
budget to metabolic fluxes.

Same as CBM inputs plus 𝑘cat
values and protein features 
(e.g. complex stoichiometry, 
abundance, degradation rates, 
etc.).

4–24 months (from existing 
CBM)

Sparse kinetic data; 
ill-conditioned mathematics; 
long runtimes.

 

 Large-scale kinetic 
models

Hundreds of ODEs with 
parametrized rate laws

Fluxomics, metabolomics, 
enzyme kinetic constants (𝐾𝑚, 
𝑘cat, 𝐾𝑖), and reaction Gibbs 
energies 𝛥𝑟𝐺◦.

6–36 months Kinetic parameter 
identifiability; stiff numerics; 
minutes per simulation.

 

 Statistical models ML regressors (e.g., random 
forest, Gaussian process, 
artificial neural network) 
linking inputs like culture 
conditions to target 
phenotypes like growth or 
titer; no mechanistic terms.

Condition and phenotype data 
generated through a high 
throughput screening platform 
(generally 100–1000 
observations).

1 week–3 months Poor extrapolation; limited 
interpretability; limited to 
scenarios where sufficient 
experimental data can be 
generated; retraining needed 
after changes.

 

 Hybrid models Mechanistic core (e.g. 
unstructured kinetic, CBM) 
plus ML or rule layer for 
bounds, objective, or 
regulation.

Mechanistic data and on-line 
or historical process data.

1–3 months (from existing 
mechanistic model)

Higher complexity; risk of 
hidden-constraint violation; 
data-hungry ML part.

 

or medium efficiency). The advantage of using mathematical optimiza-
tion frameworks is that many algorithms exist to solve this type of 
problems. In addition to these approaches, we will also cover medium 
optimization through the use of statistical and machine learning models 
either independently or alongside mechanistic models.

3.1. Strain design

Over the past two decades metabolic-engineering research has ad-
vanced from ‘‘one-reaction-at-a-time’’ heuristics to formal optimization 
frameworks that recommend complete edit sets in silico before a sin-
gle colony is picked. Classical tools such as OptKnock showed that 
a genome-scale stoichiometric model, cast as a mixed integer linear 
program (MILP) optimization problem, can couple product synthe-
sis to growth and thereby steer laboratory evolution (Burgard et al., 
2003). Their enduring appeal lies in mechanistic transparency: each 
reaction bound is hard-wired to a gene, so a simulated knock-out trans-
lates cleanly into a wet-lab deletion. These early successes entrenched 
constraint-based model (CBM) analysis as the default language for 
strain design and opened the door to larger genomes, richer objectives 
and multi-objective formulations.

Growth-coupling design remains pivotal for adaptive laboratory 
evolution (G. Wang et al., 2022): OptCouple broadens the search to 
include medium additives alongside gene edits (Jensen et al., 2019), 
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whereas OptEnvelope seeks the minimal set of modifications that en-
forces coupling (Motamedian et al., 2023). By merging growth-coupling 
principles with the modular-platform concept, ModCell2 employs multi-
objective optimization to create a single chassis whose growth re-
mains coupled to a suite of exchangeable product modules (Garcia 
and Trinh, 2019). A goal-attainment formulation later ensured cou-
pling to every specified product (Garcia and Trinh, 2020), and high-
performance extensions now scale the search to hundreds of target 
modules (Garcia and Trinh, 2021). Statistical post-processing is also 
emerging, CFSA (Comparative Flux Sampling Analysis) flags reactions 
whose flux distributions shift between growth and production optima, 
revealing non-obvious deletion or amplification targets (van Rosmalen 
et al., 2024).

As genome-scale kinetic reconstructions have matured, kinetic-
model–driven strain design has gained relevance. The earliest ‘‘ex-
tended’’ GEMs enriched stoichiometric backbones with kinetic rate 
laws, letting design algorithms optimize both flux and catalytic con-
trol. Hybrid schemes such as k-OptForce (Chowdhury et al., 2014) 
embed elementary kinetics into a constraint-based core, extending 
earlier OptForce-based strain designs (Xu et al., 2011), so the solver 
can tune rate-limiting steps alongside steady-state fluxes, while the 
genome-scale NOMAD workflow applies the same idea to propose near–
wild-type interventions that boost anthranilate titers (Narayanan et al., 
2024). Large kinetic reconstructions strengthen this trend: k
ecoli457
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Table 2
Data taxonomy for cellular model requirements. Legend: R = normally required; O = optional or decision-specific; – = not normally needed. Clarifications: 
aFor unstructured kinetic models, full elemental/redox characterization is not always required. bFor protein-constrained models absolute proteomics are useful 
but not strictly required. cFor protein-constrained models, R applies to ME/ETFL or regulatory resource-allocation variants; GECKO/ecModels generally do 
not require transcriptomic or regulatory data. dFor CBM, protein-constrained, and statistical models, R indicates data normally needed for credible predictive 
use or evaluation, not necessarily for minimal model assembly.

Model

Data item Typical examples Stoich. Unstr. kin. CBM Prot. 
constr.

Large-
scale kin.

Stat.

Fundamental biochemical and model-structure data
Overall conversion chemistry Substrate/product/by-product formulas; biomass 

composition; measured or theoretical yields; mass 
and redox closure.

R Ra R R R –

Network reconstruction Genome annotation; reaction stoichiometry; 
reversibility; transporters; GPRs; biomass reaction.

– – R R R –

Catalytic capacity limits Reaction-enzyme mapping; flux-capacity constants 
used to cap enzyme usage, such as 𝑘cat or 
enzyme-level 𝑉max.

– – – R R –

Protein allocation constraints Protein molecular weights; complex stoichiometry; 
enzyme/proteome budget; expression or dilution 
parameters.

– – – R – –

Mechanistic 
kinetic/thermodynamic 
parameters

Rate-law and thermodynamic parameters beyond 
capacity limits: 𝐾𝑚, 𝐾𝑖, 𝐾𝑒𝑞 or 𝛥𝑟𝐺◦; regulation; 
initial metabolite concentrations.

– – – O R –

Fundamental experimental physiology and omics data
Culture setup, trajectories, 
and rates

Mode, feed, volume, sampling times; biomass, 
substrate, product, off-gas, pH/DO, 
uptake/secretion; perturbation or scale-transfer 
runs.

O R O O R O

Flux and metabolite 
constraints

13C fluxes; metabolomics; measured intracellular 
or exchange flux states.

– O O O R O

Protein pool and abundance 
data

Total protein/enzyme pool; protein fractions; 
absolute or relative proteomics; enzyme 
abundance.

– – – Rb O O

Expression/regulatory data RNA-seq or expression ratios; transcription-factor 
states; regulatory rules; stress-response markers.

– – O Rc O O

Experimental design, 
phenotype, and genotype 
recordsd

Media, strain, genotype, or process-condition 
variables paired with growth/no-growth, secretion, 
essentiality, titer, rate, yield, or quality outcomes.

O O R R O R
Fig. 2. Verbal form of the general strain and medium design mathematical optimization problem used in the following sections. Optimization is a common 
framework for design problems because it uses the predictive potential of cellular models to compare candidate genetic or medium interventions against explicit 
objectives and constraints. The schematic highlights the objectives, state and design variables, and types of constraints used in contemporary modeling studies.
9 
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ranked 320 engineered E. coli strains across 24 products with 𝑟 =
0.84 to experiment (Khodayari and Maranas, 2016); a 775-reaction 
map of Pseudomonas putida pinpointed ATP-buffering control points 
(Tokić et al., 2020); and a proteome-constrained kinetic atlas of S. 
cerevisiae reproduced multi-omics shifts over dozens of conditions, 
enabling in-silico knockout screens for higher fluxes (Choudhury et al., 
2024). Kinetic analyses also reveal redox bottlenecks: NADPH-limited 
isobutanol pathways benefited from cofactor-swapped enzymes and 
transhydrogenase overexpression predicted in silico and later validated 
experimentally (Millard et al., 2021; Almquist et al., 2014).

Beyond pure kinetics, newer models layer additional biological 
constraints onto GEMs. Regulatory hybrids such as OptRAM (Shen 
et al., 2019) and BeReTa/h-BeReTa (Kim et al., 2017; Koduru et al., 
2018) couple transcription-factor logic to metabolism, allowing simul-
taneous TF and metabolic edits and reducing false-positive targets in
E. coli, S. cerevisiae, and B. subtilis, the latter via the thermodynamic-
regulatory etiBsu1209 model, which doubled menaquinone-7 titers (Bi 
et al., 2023). Protein-constrained ME and ecGEM variants filter designs 
by enzyme capacity: rescoring 2600 knockouts with iJL1678b-ME 
yielded 42 growth-coupled E. coli strains robust to 𝑘cat uncertainty 
(Dinh et al., 2018), while pcSecYeast guided CRISPRi/a screens that 
doubled 𝛼-amylase titers (Li et al., 2022a). Similar capacity limits 
have uncovered edits for L-lysine in E. coli (Ye et al., 2020), poly-𝛾-
glutamate in B. subtilis (Massaiu et al., 2019), and a 70-fold heme 
boost in yeast (Ishchuk et al., 2022). Finally, Bayesian pipelines have 
fitted temperature-dependent kinetics to build etcGEMs, rationalizing 
thermotolerance limits and pointing toward thermophile-friendly in-
terventions (Li et al., 2021). Together, these kinetic, regulatory, and 
proteome-aware extensions provide a richer mechanistic lens than flux 
balance alone, narrowing experimental effort to the most promising, 
and physiologically feasible, engineering strategies.

We covered examples where machine learning augmented mech-
anistic frameworks, however recent work also explores purely data-
driven pipelines. The Bayesian recommender ART  learns a genotype–
phenotype function directly from screening data and, in retrospec-
tive tests, proposed edits that raised titers faster than any model-
based search (Radivojević et al., 2020). The multi-agent reinforcement-
learning platform MARL takes an even more agnostic stance, treating 
each gene edit as an action in a black-box environment and iteratively 
refining policies that maximize production (Sabzevari et al., 2022). 
Such engines excel when mechanism is poorly understood, yet they 
falter with sparse or biased data and still await broad in-vivo validation. 
Network-based data-driven strategies have also proven effective in non-
model hosts: in Yarrowia lipolytica, co-expression connectivity metrics 
derived from genome-wide expression data ranked tolerance genes 
whose experimental knockout and overexpression confirmed predicted 
targets for high ionic-liquid resistance (Walker et al., 2022). For a 
deeper discussion of how fully statistical methods complement mech-
anistic models, and the challenges of merging the two, see the recent 
review by Lu et al. (2024).

Despite steady algorithmic progress, experimental validation re-
mains the main bottleneck: only a handful of kinetic or machine-
learning designs have been confirmed in vivo, and even constraint-based 
successes often stop at computational proof of concept. Closing this 
gap will require tighter Design–Build–Test–Learn loops and commu-
nity benchmarks that report titers, rates, and yields on standardized 
media. Looking forward, machine learning is poised to parameterize 
and automate ever more complex models using high-throughput data 
to populate kinetic constants, regulatory logic, or even proteome con-
straints, thereby adding mechanistic insight without manual curation 
(Narayanan et al., 2024; Radivojević et al., 2020; Sabzevari et al., 
2022). At the same time, simpler flux models and growth-coupling 
heuristics will remain valuable wherever metabolic complexity is not 
the primary bottleneck, offering transparent links from optimization 
variables to gene edits and media tweaks (Khodayari and Maranas, 
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2016; Jensen et al., 2019; Garcia and Trinh, 2021). Choosing the right 
level of abstraction and validating the resulting designs experimen-
tally, will therefore be central to the next wave of strain-engineering 
advances.

3.2. Medium optimization

Medium optimization aims to alter medium composition and con-
centration of ingredients to direct flux toward target product. It can 
be pursued either statically, by fixing a recipe before inoculation, or 
dynamically, by adjusting feeds on the fly, dynamic strategies are 
covered in more detail later in the bioreactor operation section. Studies 
in static medium optimization over the past decade have taken two 
distinct approaches, one based mechanistic models the other in purely 
statistical models.

Constraint based genome-scale models have been the basis of mech-
anistic approaches, recent examples include: ToMI-FBA added a ‘‘total-
membrane-influx’’ constraint and correctly predicted that L-valine or 
late cellobiose pulses would lift alcohol titers in Bacillus and Clostrid-
ium fermentations (Nazem-Bokaee and Senger, 2015). The animal-cell 
counterpart, Nutrition-GEM, balanced elemental uptake in a CHO GEM, 
replaced glucose with cheaper carbon sources, and cut feed cost 12% 
while protecting antibody output (Weston and Thiele, 2023). The same 
element-budget logic doubled glutathione in S. cerevisiae (Schmacht 
et al., 2017), dynamic GEM simulations of E. coli flagged nitrogen lim-
itation and guided an Asn/Gln/Arg co-feed that doubled single-chain 
variable fragment (scFv) titers (Behravan et al., 2022), and a constraint-
based medium redesign for an enterobactin pathway pinpointed two 
missing amino acids that boosted siderophore yields (Swayambhu et al., 
2020). As mentioned before, some constraint-based methods can even 
combine genetic manipulations with medium manipulation (Jensen 
et al., 2019). When stoichiometry or elemental balance dominates, 
these CBM approaches successfully identify the few uptake fluxes that 
matter most.

Unlike genetic manipulations, medium optimization lends itself to 
true high-throughput screening because microplate-scale cultivation 
makes it trivial to reshuffle dozens of nutrients across hundreds of 
wells. Singh et al. (2017) provides an in-depth review of fermenta-
tion medium-optimization strategies, from response-surface methodol-
ogy (RSM) designs to evolutionary heuristics, concluding that statisti-
cally grounded and heuristic searches can efficiently navigate multi-
factor media spaces when paired with high-throughput experimenta-
tion, while also noting limits around nonlinear interactions and trans-
ferability. A classical example of such a statistical approach is RSM, 
which fits the quadratic model 
𝑦̂ = 𝛽0 +

∑

𝑖
𝛽𝑖𝑥𝑖 +

∑

𝑖
𝛽𝑖𝑖𝑥

2
𝑖 +

∑

𝑖<𝑗
𝛽𝑖𝑗𝑥𝑖𝑥𝑗 (17)

to a small structured experiment in which 𝑘 factors (e.g. glucose, 
nitrogen source, and pH, each coded to [−1,+1]) are varied across 
a fraction of their possible combinations and then locates the opti-
mum analytically. The linear terms capture main effects, the quadratic 
terms curvature, and the cross-terms pairwise nutrient interactions. 
RSM is effective when the response has a single smooth optimum 
and interactions are limited to pairs, but is generally outperformed 
by flexible learners when the landscape is irregular or higher-order 
interactions dominate, as shown for fungal melanin where a neural 
network surpassed an RSM design (Saber et al., 2023). More recently, 
primary studies have leveraged microplate-scale screening to exploit 
that throughput: active-learning loops identified NaCl as a key lever for 
flaviolin in P. putida (Zournas et al., 2025), ML-assisted surveys disen-
tangled distinct nutrient drivers for 4-aminophenylalanine versus tyro-
sine in engineered E. coli (Aida et al., 2023), and an ‘‘optimum seeker’’ 
tuned serum and 29 components to enhance HeLa-S3 growth signals 
(Hashizume et al., 2023). Complementary examples span straightfor-
ward regressions for elicitor timing in Corylus avellana (Farhadi et al., 
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2020), GRNN-based confirmation under altered carbon supply (Salehi 
et al., 2021), Bayesian and single-cycle deep networks rapidly selecting 
carbon blends for recombinant protein in E. coli (Yoshida et al., 2023; 
Watanabe et al., 2024), and gradient-boosted active-learning schemes 
that favor L. plantarum over E. coli (Zhang et al., 2023). Even when 
executed in micro-bioreactor platforms (e.g., Ambr 15), the main lever 
in these studies remains medium composition rather than dynamic 
operation or scale transfer, as illustrated by DOE-guided simplification 
for Neisseriaceae outer-membrane vesicles (Baccante et al., 2023). In 
sum, microplate-scale reformulation makes medium composition the 
primary high-throughput lever for optimization, allowing ML models 
to efficiently map and exploit nutrient main effects and interactions to 
deliver reproducible, scalable gains without genetic edits or changes in 
operation mode.

Mechanistic CBM approaches excel at exposing elemental bottle-
necks and prescribing biochemically transparent fixes, but they de-
pend on painstaking model curation, steady-state assumptions, and a 
clear cellular objective, which can limit transferability across strains 
or dynamic phases (Nazem-Bokaee and Senger, 2015; Weston and 
Thiele, 2023). Conversely, the surge of microplate robotics has made 
it far easier to shuffle media recipes than to rebuild genomes, so 
data-driven statistical and machine-learning algorithms now dominate 
high-throughput screens, discovering nutrient interactions that elude 
human intuition, yet their black-box predictions can extrapolate poorly 
outside the measured design space and give little mechanistic insight 
(Hashizume et al., 2023; Aida et al., 2023). The most promising future 
direction therefore lies in hybridizing the two: use stoichiometric or 
elemental-balance constraints to prune the search space and regularize 
models, while letting active-learning ensembles explore the remaining 
degrees of freedom. Early examples, such as coupling Nutrition-GEM
element budgets with Bayesian optimization for CHO feeds (Weston 
and Thiele, 2023), or interpreting random-forest feature importance 
through pathway context in engineered E. coli (Aida et al., 2023), hint 
that such hybrids can combine interpretability with predictive power, 
overcome each method’s blind spots, and accelerate medium design 
toward truly adaptive, strain-aware recipes.

4. Integrating cellular models with bioreactor design and opera-
tion

Bioreactor design and operation entail choosing vessel geometry, 
establishing mixing and aeration capacity, and orchestrating time-
varying inputs (e.g., feeds, temperature, pH, and dissolved oxygen) so 
cells convert substrates into product safely, efficiently, and at scale. In 
this section we focus on mechanistic descriptions and their hybrids with 
data-driven layers because these are the tools that explicitly link intra-
cellular or population-level kinetics to reactor levers and constraints. 
We do not cover purely or mostly statistical/ML approaches in depth, 
as several recent reviews already synthesize that landscape: Helleckes 
et al. (2023) survey how ML has been deployed across strain engineer-
ing, process optimization, scale-up, monitoring, and control; Khanal 
et al. (2023) frame ‘‘smart bioprocesses’’ as the fusion of online data 
acquisition, hybrid modeling, and real-time decision-making while em-
phasizing validation and data governance for deployment; Agharafeie 
et al. (2023) map the progression from shallow neural network hy-
brids to deeper hybrid architectures for soft sensing, open/closed-loop 
control, and digital twins; and Wang et al. (2025) consolidate ML-
first workflows for media and feed optimization that combine factor 
screening, feature-importance ranking, surrogate-model optimization, 
and staged experimental refinement. In parallel, a critical perspective 
on soft sensors highlights the practical hurdles that determine whether 
data-driven estimators can be trusted for batch phase control, sensor 
fault detection, and data synchronization, underscoring the need to an-
chor data-driven layers to conservation-law models and robust process 
analytical technology streams (Brunner et al., 2021).
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Guided by that context, we organize the remainder of this section 
into four parts: first, unstructured kinetic models and their hybrids that 
guide quick feed and temperature strategies; second, advanced cellular 
models (CBM, proteome-constrained, and large-scale kinetic) and their 
hybrids that link intracellular fluxes to process levers; third, a subsec-
tion on embedding any of these cellular models within computational-
fluid-dynamics simulations to resolve mixing heterogeneity; and fourth, 
a focused discussion of model tractability for repeated-call multiscale 
workflows. Together the tiers trace a path from the fastest, least de-
tailed tools to the most mechanistic, showing where each fits into 
modern bioprocess development.

4.1. Unstructured kinetic models and hybrids

Unstructured kinetic models still dominate early-stage bioreactor 
studies because they couple seamlessly to the vessel mass-balance 
ODEs, run in milliseconds and can therefore be embedded in opti-
mizer loops, Monte-Carlo robustness scans or even on-line soft-sensor 
frameworks. In practice they supply two main services: (i) fast in-
silico screening of operating policies such as feed-rate trajectories or 
temperature schedules, and (ii) quick-to-tune models that support day-
to-day decisions when data or time are scarce. For example, purely
in-silico multi-objective optimization raised predicted specific produc-
tivity of hybridoma cultures by reshaping the glucose feed (Maria, 
2020), while a similar model, enriched with elementary modes, iden-
tified a robust amino-acid recipe for CHO perfusion under parameter 
uncertainty (Wang et al., 2024). When wet-lab validation is performed, 
modest parameter sets still capture key trends: a two-stage temperature 
profile for Lactiplantibacillus plantarum boosted lactate titer and pro-
ductivity (Sriphochanart and Skolpap, 2022); implementing a sucrose-
limited feeding strategy increased BY-2 biomass yield (Nausch et al., 
2023); similarly control of glucose supply on fed-batch increased suc-
cinate titer (Escanciano et al., 2023); and an exponential rapeseed-oil 
feed tripled MEL biosurfactant output in Moesziomyces aphidis (Beck 
et al., 2022). Even temperature-shift strategies for CHO fed-batch pro-
cesses were narrowed to half the usual experimental workload once 
a six-parameter kinetic model was in place (Z. Wang et al., 2022). 
More recent examples have combined unstructured kinetics with addi-
tional layers, Pinto et al. incorporated model predictive control (MPC) 
and neural networks to improve fed-batch productivity of monoclonal 
antibody (mAb) (Pinto et al., 2023).

These examples, summarized in Table  3, illustrate how a ‘‘cheap’’ 
model can still pay rich dividends when interfaced with controllable 
levers in the bioreactor.

Looking forward, such simplicity is unlikely to disappear in the short 
term; instead, simple kinetics will serve as the lightweight layer in 
multi-fidelity digital twins, providing rapid predictions for most of the 
design space while higher-order (hybrid or GEM-based) surrogates are 
called only for critical gradients or quality-by-design assessments. Their 
speed also makes them ideal candidates for real-time model-predictive 
control on standard industrial hardware and for rapid uncertainty 
propagation when process sensors inject new data every few minutes.

4.2. Advanced cellular models and hybrids

Advanced cellular models for bioreactor process design span a 
spectrum of mechanistic depth, from constraint-based abstractions to 
resource-aware and fully kinetic descriptions (Table  4). Within this 
spectrum, CBMs remain the bioprocess workhorse because they de-
liver genome-scale flux insight at modest curation effort and compu-
tational cost. CBMs have been used to understand, design, and control 
bioprocesses.

In terms of explanatory use, a recent review by Park et al. (2024a) 
covered in depth the many explanatory applications of CBMs, focuses 
on CHO cell cultivation, from diagnosing pathway bottlenecks and 
predicting uptake/secretion phenotypes to guiding media and feed 
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Table 3
Recent studies that employ simple kinetic formulations for bioreactor design and operation.
 Methoda Organism Product Lever Key outcome Ref.  
 Unstructured kinetic + 
multi-objective 
optimization

Hybridoma cells mAb Fed-batch glucose feed 
profile

Predicted higher 
specific productivity.b

Maria (2020)  

 Unstructured kinetic + 
elementary modes

CHO mAb Amino-acid formulation 
(perfusion)

Medium predicted to 
maximize titer under 
uncertainty.b

Wang et al. (2024)  

 Kinetic model 
(temperature shift)

CHO mAb 32 to 28 ◦C shift and 
feed

Highest titer with 50% 
fewer runs.

Z. Wang et al. 
(2022)

 

 Unstructured kinetic L. plantarum L-lactate Temperature profile 
and feed

Titer 1.5-fold higher Sriphochanart and 
Skolpap (2022)

 

 Unstructured kinetic Tobacco BY-2 cells Biomass Sucrose concentration Reduced sucrose 30%, 
biomass increased 25%.

Nausch et al. (2023) 

 Unstructured kinetics Moesziomyces aphidis MEL biosurfactant Exponential 
rapeseed-oil feed

Tripled biomass; 50 g 
L−1 MEL.

Beck et al. (2022)  

 Unstructured kinetic Actinobacillus 
succinogenes

Succinic acid Inoculum, yeast extract, 
agitation, CO2 flow

Model predicted 
fed-batch conditions 
with higher succinate 
titer and selectivity.b

Escanciano et al. 
(2023)

 

 Unstructured kinetic + 
MPC

CHO mAb Real-time nutrient feed Specific productivity up 
more than 20%.

Pinto et al. (2023)  

a These approaches combine the indicated method with basic reactor mass balance models.
b Purely in silico studies (no wet-lab validation).
composition, cell-line engineering targets, integrating multi-omics lay-
ers, and product-quality attributes when secretory and glycosylation 
pathways are coupled to the metabolic backbone. A more recent pri-
mary research example is the use of parsimonious flux balance analysis
(pFBA) to rationalize pH-dependent glycoform shifts in mAb production 
(Reddy et al., 2025).

CBMs play an important role as design tools. dFBA couples reactor-
scale mass balance ODEs with repeated FBA optimizations over time 
under a quasi-steady-state intracellular assumption (Mahadevan et al., 
2002). Numerically, however, dFBA requires care because non-unique 
FBA optima, switches in active constraints, and substrate-depletion 
events can make the exchange fluxes supplied to the reactor ODEs 
discontinuous or infeasible. Reliable implementations address these 
issues with lexicographic tie-breaking, event handling, and differential–
algebraic or embedded-optimization formulations (Höffner et al., 2013; 
Gomez et al., 2014; Harwood et al., 2016); when repeated solves dom-
inate cost, validated surrogates can also be used within a defined state 
domain Song et al. (2025). Many dFBA variants are now routinely ap-
plied in bioprocess development: they have guided fed-batch shikimate 
production (Kuriya and Araki, 2020), two-stage polyhydroxybutyrate 
synthesis (Lasry Testa et al., 2022), and multi-stage mAb production in 
CHO perfusion processes using state-informed constraints (Gopalakrish-
nan et al., 2024). Specific tools like OptMSP have been conceived for 
the design of multi-stage processes (e.g., in the growth stage biomass is 
formed and in the non-growth stage product is formed) coupling a GEM 
with ODEs (Bauer and Klamt, 2024); another approach besides using 
ML (Gopalakrishnan et al., 2024) or ODEs (Bauer and Klamt, 2024) to 
account for different cellular states, are Flexible-Net Petri nets, which 
were used to embed both GEM and reactor balances in a single MILP, 
reproducing historical citramalate benchmarks (Lázaro et al., 2022).

Within design applications, feeding protocols are a primary lever 
for aligning cellular metabolism with process objectives. In practice, 
models are used to explore substrate compositions and scheduling 
(e.g., phase-specific amino acids, lipids, and trace nutrients; pulse ver-
sus continuous additions) under typical bioreactor constraints such as 
oxygen transfer and osmolality, with distinct growth- and production-
phase targets. Reported process-facing outcomes include in silico reduc-
tions in medium cost via GEMs-driven media optimization for continu-
ous culture (Pérez-Fernández et al., 2021), and performance gains from 
CHO model-guided feed tailoring (Park et al., 2024a).
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Finally, as control tools, CBMs have been embedded within nonlin-
ear MPC (a receding-horizon scheme that forecasts system trajectories, 
optimizes the next control move to stay on target, and updates as new 
measurements arrive) for yeast ethanol production (Chang et al., 2016) 
and to propose glucose-feed policies that increased CHO cell mAb titers
in silico (Monteiro et al., 2023). Collectively, these studies illustrate a 
progression from design-time screening of feed composition and timing 
to run-time supervisory control, with models serving both to reduce 
medium cost and to navigate the productivity–byproduct trade-offs 
typical of high-density cultures.

Beyond classical CBMs, several theoretical frameworks now model 
metabolism dynamically with explicit resource allocation or detailed ki-
netics. Representative examples include the dynamicME method, which 
uses an E. coli ME-model to describe batch and fed batch scenarios 
(Yang et al., 2019), the regulatory dynamic enzyme cost FBA for-
mulation (r-deFBA) that augments dFBA with enzyme capacity and 
transcriptional regulation to describe batch fermentations (Liu and 
Bockmayr, 2020), and large scale kinetic reconstructions used to inter-
rogate mechanisms such as acetate overflow in E. coli and amino acid 
limitations in CHO cells (Millard et al., 2021; Robitaille et al., 2015). 
At present these methods are at an initial formulation and explanatory 
stage, and there are no published demonstrations of bioreactor design 
or feedback control driven by these models; nevertheless, their ability 
to couple metabolism, regulation, and process perturbations indicates 
clear potential for future design optimization and MPC in industrial 
settings.

4.3. Coupling cellular models to computational fluid dynamics and reactive-
transport models

Bioreactor design and operation hinge on predicting how spatial 
transport of momentum and species shapes cell physiology, productiv-
ity, and robustness; to that end, we use computational fluid dynam-
ics (CFD) to denote models that solve the Navier–Stokes equations 
on a three-dimensional mesh to obtain local velocity, pressure, and 
scalar fields, revealing heterogeneities (e.g., mixing deficits, oxygen-
starvation pockets, and pH microenvironments) that well-mixed models 
cannot capture (Rathore et al., 2016). As a computationally cheaper 
alternative, we refer to one-dimensional reactive transport models
(RTMs), where ‘‘one-dimensional’’ means the reactor is reduced to a 
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Table 4
Advanced cellular models applied to bioreactor design and operation.
 Methoda Organism Product Lever Key outcome Ref.  
 CBM E. coli Citramalate Dilution rate and 

substrate concentration
Predicted optimal 
combination; matched 
datab

Lázaro et al. (2022)  

 CBM CHO Biomass Amino-acid profile 
(chemostat)

Predicted 25% 
medium-cost savingb

Pérez-Fernández 
et al. (2021)

 

 dFBA + ML 
(COSMIC-dFBA)

CHO mAb Perfusion nutrient feed Forecasted cell density 
and size and metabolite 
consumption and 
secretion better than 
alternative methodsb

Gopalakrishnan 
et al. (2024)

 

 dFBA E. coli Shikimic acid Genotype evaluation High-producer reached 
84% of simulated 
maximum

Kuriya and Araki 
(2020)

 

 CBM + ODEs (OptMSP) E. coli Lactate Stage sequencing Volumetric productivity 
maximizedb

Bauer and Klamt 
(2024)

 

 dFBA Synechocystis sp. PHB Nitrogen-starved 
production

Predicted 4.8 g L−1
PHB for two stage 
processb

Lasry Testa et al. 
(2022)

 

 dFBA + non-linear MPC S. cerevisiae Ethanol Glucose and oxygen 
feeds

Ethanol titer +15% Chang et al. (2016)  

 CBM + kinetic model + 
nonlinear MPC

CHO mAb Glucose feed 
concentration and 
volumetric feed/bleed 
rates

Predicted up to 95% 
higher mAb titer versus 
an emulated baselineb

Monteiro et al. 
(2023)

 

a These approaches combine the indicated method with basic reactor mass balance models.
b Purely in silico studies.
single spatial coordinate (e.g., axial height in a column or a represen-
tative radial path) with cross-sectional variations averaged out; RTMs 
solve advection–dispersion–reaction balances for species along that 
coordinate while prescribing hydrodynamics via correlations (e.g., dis-
persion coefficients, mass-transfer rates) rather than solving the mo-
mentum equations. In reactor design, this makes RTMs well suited for 
rapid screening of operating windows and for estimating axial profiles 
(e.g. substrates, dissolved oxygen, pH, products), albeit with fidelity 
limited by the one dimensional averaging and the accuracy of the 
underlying correlations.

A recent review by Singh et al. (2024) catalogs coupling strategies 
between CFD and cellular reaction kinetics, from loose one-way links 
(passing mass-transfer coefficients) to fully integrated transport-kinetics 
solvers. An audit of their post-2015 corpus indicates that the majority of 
studies (roughly 80%) embed unstructured Monod-type or Luedeking–
Piret rate expressions in each CFD cell, with the remaining studies using 
overall stoichiometric models or population balance models (i.e., com-
mon chemical engineering models that describe particles, in this case 
cells, per volume with birth/death and advection–diffusion–reaction 
terms). These models are used because they are simple to construct and, 
most importantly, very inexpensive to evaluate.

To date, we are not aware of published CFD applications that embed 
advanced cellular models such as CBMs directly; however, several 
couplings of CBMs with RTMs have been demonstrated. Syngas fermen-
tation is a particularly relevant testbed, with commercial deployments 
motivating reactor-scale analysis (e.g., industrial acetogen processes by 
LanzaTech), and a one-dimensional multiphase convection–dispersion 
RTM coupled to a genome-scale CBM for C. ljungdahlii showed that 
very high CO transfer and increased H2 uptake substantially boost 
ethanol titer and shift selectivity away from acetate, highlighting mass 
transfer as a dominant design lever (Gomez et al., 2015). In that study, 
computational cost remained manageable, however many studies cou-
pling CBMs with RTMs have encountered computational challenges 
that prompted acceleration strategies. The main approach to contain 
the prohibitive cost of per-cell CBM solves has been fast surrogates: 
off-line look-up tables of FBA solutions interpolated during transport 
integration (Scheibe et al., 2009), direct (on-the-fly) enrichment that 
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grows the table as new regimes are explored (Fang et al., 2011), 
and, most recently, ANNs that emulate FBA end-to-end and deliver 
orders-of-magnitude speedups while improving numerical robustness 
(Song et al., 2025). Closely related to the same syngas bubble-column 
application, Siebler et al. (2020) combined a fast 1-D RTM (using 
unstructured kinetics) for design screening with targeted 3-D CFD to 
verify hydrodynamics, thereby addressing computational burden; this 
hybrid RTM–CFD staging offers a practical route to eventually couple 
more expensive CBMs to CFD in large-scale reactor studies.

4.4. Model tractability for multiscale integration

In the context of multi-scale integration, model tractability means 
that a cellular model can be evaluated repeatedly and robustly in-
side a larger process calculation. A single FBA solve can be fast, but 
dFBA, RTM, CFD, optimization, or MPC workflows may request growth, 
uptake, and secretion rates across many time points, grid cells, param-
eter samples, or control iterations. The practical question is therefore 
whether repeated evaluations can deliver the needed rates within the 
decision time budget while remaining stable near substrate depletion, 
metabolic switching, or changing constraints.

For accuracy–speed trade-offs in metabolic simulations, the relevant 
surrogates are cheaper evaluators for repeated FBA calls in dynamic or 
spatial workflows. Early RTM couplings used precomputed or reused 
FBA solutions: Scheibe et al. (2009) interpolated from 1000 FBA so-
lutions over different medium conditions, whereas Fang et al. (2011) 
stored FBA solutions and reused them through a binary-tree search. 
These studies demonstrated how repeated linear-programming calls 
could be avoided, but they did not run the direct FBA-in-the-loop 
baseline needed for a clean speed-up or accuracy-loss comparison. 
Song et al. (2025) provides the clearest direct benchmark: their ANN 
surrogate for FBA in S. oneidensis matched FBA targets with correlations 
above 0.99, reproduced substrate switching, and reduced batch dFBA 
runtime to 0.1–0.2% of the linear-programming runtime, equivalent to 
roughly a 500–1000-fold speed-up. In the 1-D RTM, it was about three 
orders of magnitude faster for 10–30 grids; at 100 grids, the ANN-based 
model solved in minutes on a desktop, whereas the linear-programming 
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RTM did not generate stable solutions. Thus, no material accuracy 
loss was reported within the sampled substrate and oxygen domain, 
but extrapolation outside that domain remains the main limitation. 
These three examples remain ad hoc implementations: no general tool 
currently converts an FBA model into a validated surrogate and embeds 
it in dFBA, RTM, or CFD.

When access to high-performance computing (HPC) is available, the 
key question is whether parallelization overhead is small relative to 
each cellular-model call. Independent FBA sweeps can be distributed 
efficiently when each task is large enough, but dispatching many small 
state queries from a tightly coupled dFBA, RTM, CFD, optimization, 
or MPC loop can make overhead comparable to the solve being ac-
celerated. As an order-of-magnitude calculation, the overhead is 𝑁𝜏, 
where 𝑁 is the number of grid-cell/time-step queries and 𝜏 is per-
query overhead. Dask, a common Python library for parallel computing, 
reports about 200 μs–1 ms of overhead per task and warns that graphs 
with millions of tasks can incur minutes-to-hours of overhead (Dask 
Development Team, 2026). Thus, for 𝑁 = 106, 𝜏 = 1 ms gives 
103 s, or 16.7 min, while a sensitivity case of 𝜏 = 10 ms gives 104 s, 
or 2.8 h, before any linear programs are solved. Parallel computing 
therefore does not remove the need for validated surrogates; it makes 
them especially useful when the upper-level workflow requires many 
fast, local evaluations so computation can be spent on finer grids, 
uncertainty samples, or longer control horizons rather than repeated 
cellular solves.

5. Linking cellular models to TEA and LCA

Techno-economic analysis (TEA) converts mass- and energy-balance 
data from process simulations into financial metrics such as minimum 
selling price (MSP), providing a fast screen for commercial plausibility 
and R&D prioritization of bioconversion processes (Scown et al., 2021; 
Poddar and Scown, 2025). Life cycle assessment (LCA) translates the 
same inventories into cradle-to-grave indicators to benchmark environ-
mental performance, with a common example being CO2 equivalents 
emitted per kg of product, which is especially valuable at early devel-
opment stages when design choices are still fluid (Wowra et al., 2023). 
Used iteratively, TEA and LCA establish the economic and sustainability 
‘‘gates’’ that new biotechnologies should clear before scale-up (Scown 
et al., 2021; Wowra et al., 2023).

At the plant level, MSP is commonly defined as the product price 
that makes the project net present value equal to zero, 
NPV(MSP) = 0. (18)

Net present value converts future revenues and costs to today’s value 
using an assumed discount rate, i.e. the chosen rate used to account for 
the time value of money, and is expressed in currency units. Eq.  (18) 
therefore means that product revenues and coproduct credits balance 
capital, operating, financing, and other project costs over the project 
lifetime after all cash flows are expressed on the same present-value 
basis. In early steady-state screening TEA, where annual production and 
costs are approximated by representative yearly values, this discounted-
cash-flow calculation is often summarized by the conceptual annualized 
approximation 

MSP ≈
net annualized plant cost

annual target-product output =
𝑎cap𝐶CAPEX + 𝐶OPEX − 𝑅coproduct

𝑚𝑃 ,yr
,

(19)

where the left fraction makes clear that MSP has units of price, for 
example USD kg−1 product when annual costs are expressed in USD 
yr−1 and production in kg yr−1. In the expanded form, 𝐶CAPEX is total 
capital investment (USD), 𝑎cap is a capital charge factor that converts 
upfront capital into an equivalent annual cost (yr−1), 𝐶OPEX is annual 
operating cost (USD yr−1), 𝑅  is annual coproduct revenue or 
coproduct
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credit (USD yr−1), and 𝑚𝑃 ,yr is annual production of the target product 
(kg yr−1). Analogously, LCA converts a process inventory into impact 
indicators by multiplying inventory flows by characterization factors, 

Impact𝑘 =
total impact in category 𝑘
functional-unit product mass = 1

𝑚𝑃 ,FU

∑

𝓁

CF𝑘𝓁𝐼𝓁 , (20)

where 𝑘 denotes an impact category, such as climate change, eutroph-
ication, acidification, or water use. 𝐼𝓁 is the amount of inventory flow 
𝓁 crossing the modeled system boundary after upstream or background 
processes have been accounted for; examples include kg glucose or 
other feedstock, kWh electricity, MJ steam, kg CO2 emitted, m3 wastew-
ater, or kg nitrogen discharged. CF𝑘𝓁 has units of impact in category 𝑘
per unit of 𝐼𝓁 , so the final result has units such as kg CO2-equivalent 
kg−1 product for climate change. 𝑚𝑃 ,FU is the product mass used as the 
functional-unit denominator, often 1 kg of product.

Eqs. (19) and (20) also clarify the boundary between cellular models 
and plant-level accounting. Cellular and fermentation models (i.e. mod-
els that integrate cellular behavior with bioreactor operation) provide 
biological inputs to the process model, such as product yield on sub-
strate 𝑌𝑃∕𝑆 (kg product kg−1 substrate), by-product or coproduct yield 
𝑌𝑗∕𝑆 for side product 𝑗 (kg side product kg−1 substrate), product titer 
𝐶𝑃  (kg m−3), and productivity 𝑟𝑃  (kg m−3 h−1). The process model then 
translates these inputs into the quantities used by TEA/LCA: feedstock 
flow 𝐹𝑆 (kg substrate yr−1), annual target-product output 𝑚𝑃 ,yr , an-
nual side-product flow 𝑚𝑗,yr (kg yr−1), equipment sizes that contribute 
to 𝐶CAPEX, operating costs 𝐶OPEX, coproduct credits 𝑅coproduct , and 
inventory flows 𝐼𝓁 .

In conventional bioprocess TEA/LCA, this fermentation block is 
usually kept simple. It may be an overall stoichiometric equation, a set 
of fixed titer-rate-yield assumptions, or a simple unstructured kinetic 
model summarized into titer, yield, productivity, and cycle time for 
the plant model (Baral and Shah, 2016; Kadhum et al., 2018; Balina 
et al., 2023; Davis and Dempsey, 2023). For example, if annual product 
output is fixed, 𝐹𝑆 ≈ 𝑚𝑃 ,yr∕𝑌𝑃∕𝑆 , so improving 𝑌𝑃∕𝑆 lowers feedstock 
cost in 𝐶OPEX and reduces feed-related inventory flows 𝐼𝓁 . Similarly, 
𝑚𝑗,yr ≈ 𝑌𝑗∕𝑆𝐹𝑆 , so side products become coproduct revenue if they are 
recovered and sold, or waste-treatment and LCA burdens if they are not. 
This coarse representation is transparent and computationally cheap, 
which is valuable when feedstock-price uncertainty or product recovery 
and purification assumptions dominate the result (Scown et al., 2021; 
Poddar and Scown, 2025).

The stoichiometric and unstructured kinetic approaches cannot ask 
what happens when a new strain, variable feedstock, co-feed, inhibitor, 
or oxygen-limited regime changes the cell’s yield, coproduct pattern, 
nutrient demand, oxygen demand, off-gas composition, titer, or pro-
ductivity. One exception is that simple kinetic models can represent 
time courses and inhibition, but only within their calibration range. 
More detailed cellular models become useful when those physiological 
changes are large enough to alter process inputs to TEA/LCA. A small 
but growing set of studies makes this link more explicit by coupling 
CBMs to process and TEA/LCA models. The purpose is mainly to 
compare biologically feasible conversion routes and then ask whether 
the route changes feed use, coproducts, separations, utilities, emissions, 
or product cost. Akbari and Barton (2019) recast an algal CBM as con-
straints inside a plant-level optimization problem, allowing metabolic 
routes, separations, and utilities to be selected together. Other studies 
use a CBM-derived flux map as a smaller surrogate for the full metabolic 
model. In this context, the CBM is solved first for selected substrate-
to-product routes, and the resulting uptake rates, secretion rates, and 
coproduct patterns are passed to the process model as simplified re-
action blocks. This keeps the process optimization computationally 
tractable because equipment sizing, cost estimation, and LCA calcula-
tions do not need to solve the full CBM at every iteration. For example, 
Van der Hauwaert et al. (2023) used flux-map reaction blocks in an 
optimization model that evaluated MSP and midpoint LCA indicators, 
and later extended this logic to food-waste valorization with equipment 
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Fig. 3. Fitness-to-purpose model selection. Practical summary of the application patterns found in this review. When several positive paths are plausible, the 
branch should be selected according to the dominant bottleneck. Escalation should also account for data availability and the computational time budget. ∗ denotes 
using dFBA or another dynamic CBM coupling to retain time-course detail.
sizing and cost correlations (Van der Hauwaert et al., 2024). Baral 
et al. (2024) coupled a microbial CBM with a biorefinery process model 
for bisabolene production and iterated between flux predictions and 
equipment sizing; the result was not a direct cellular prediction of price, 
but a process-level assessment of whether microbial lipids and biogenic 
CO2 upgrading could approach market competitiveness under specific 
yield and H2 cost assumptions.

In current practice, bioprocess TEA/LCA still relies mainly on
lumped stoichiometries, fixed process-performance assumptions, or 
simple unstructured kinetics. The recent CBM-linked examples there-
fore point to an interesting but still underexplored direction: integrating 
advanced cellular models into TEA/LCA, using reduced surrogates 
when needed for computational tractability, to test whether physiology 
changes cost or impact conclusions.

6. Conclusions and outlook

The evidence reviewed here points to a practical rule for industrial 
bioprocess modeling: cellular models should be selected by the deci-
sion they can improve, not by their mechanistic sophistication alone. 
Simple stoichiometric and unstructured kinetic models remain valu-
able when the task is rapid screening, control-oriented simulation, or 
mass-balanced plant assessment, whereas CBMs, proteome-constrained 
models, kinetic models, and hybrids are most useful when intracel-
lular physiology can change strain priorities, feed design, byproduct 
formation, product quality, oxygen or nutrient demand, or downstream 
burden. A pragmatic multi-fidelity workflow therefore starts with the 
simplest model that can support the decision, escalates only when 
missing physiology could alter the outcome, keeps repeated simulations 
tractable through reduction, precomputation, or validated surrogates, 
and carries cellular predictions into TEA and LCA early enough for 
economic and environmental constraints to feed back into strain and 
process targets (Fig.  3).

The modeling families reviewed here are already used across indus-
trial bioprocessing, but at different levels of maturity. Stoichiometric 
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balances, unstructured kinetics, statistical models, and process-model 
hybrids are established tools for process development, monitoring, opti-
mization, and automation. Future development should focus especially 
on advanced cellular models, including CBMs and their resource-aware, 
kinetic, and hybrid extensions, because they offer the clearest route to 
stronger predictive power when decisions depend on the mechanistic 
link between strain genotype, medium composition, flux redistribution, 
and process performance. Public company-linked examples already 
show model-guided workflows supporting strain design for metabo-
lite production, optimization of gas fermentation, filamentous fungal 
production hosts, amino-acid production, CHO media and process 
development, and mechanistic understanding of dairy starter-strain 
metabolism (Yim et al., 2011; Heffernan et al., 2020; Liew et al., 2022; 
Pel et al., 2007; Vongsangnak et al., 2008; Schwentner et al., 2019; Park 
et al., 2024b; Rau et al., 2022). Much additional industrial use is likely 
internal, because strain history, proprietary media, feedstock specifica-
tions, omics and enzyme measurements, batch records, product-quality 
assays, and validation results are commercially sensitive and platform-
specific. This limits transferability, benchmarking, and external reuse, 
while routine deployment also requires independent validation, model 
maintenance as strains, raw materials, sensors, media, and equipment 
change, and integration with laboratory information, manufacturing 
execution, online sensing, control, and quality-system platforms.

Broader use of advanced cellular models will require workflows that 
reduce dependence on specialized in-house curation while connecting 
data generation, model updating, and validation in the same loop. Ex-
isting model-quality checks, automated draft-reconstruction pipelines, 
reaction and metabolite databases, enzyme-parameter resources, public 
omics repositories, and machine-learning tools for missing kinetic pa-
rameters already lower the digital curation barrier (Lieven et al., 2020; 
Heinken and Thiele, 2025; Li et al., 2022b; Zhai et al., 2025; Boorla 
and Maranas, 2025). The next step is to extend automation beyond 
early draft assembly: fermentation phenotypes, omics measurements, 
medium recipes, strain variants, enzyme parameters, and batch context 
still need more standardized descriptions and more automated tools 



S. Garcia Biotechnology Advances 92 (2026) 108962 
that translate experimental conditions into model configurations, val-
idation datasets, and auditable curation decisions. In the near term, 
LLM-assisted and agentic AI workflows are likely to help bridge this 
data-to-curation gap by accelerating literature triage, parameter ex-
traction, model-code generation, consistency checks, and experiment 
prioritization, while still requiring expert review and independent val-
idation (Schmidt et al., 2024; Caufield et al., 2024). As curation, data-
integration, and simulation-time bottlenecks are reduced, advanced 
cellular models are more likely to add value in multiscale workflows 
where genotype-, medium-, and flux-dependent constraints alter yield, 
productivity, coproduct formation, oxygen and nutrient demand, or 
downstream burden. Realizing this value will also require shared data 
schemas, versioned assumptions, collaboration platforms, and multi-
disciplinary teams linking strain, fermentation, downstream, automa-
tion/data, and TEA/LCA expertise, so that cellular predictions can be 
translated into process and plant decision variables—and bioprocess 
development can move from empirical trial-and-error toward validated 
predict-and-design workflows.
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