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ABSTRACT 
Bioprocess modelling, optimisation and scale-up are central components for improving sustainable 
manufacturing within pharmaceutical and chemical industries. However, developing accurate bio-
process digital twins remains a challenging process. Conventional mechanistic models are difficult 
to construct because of limited mechanistic understanding and large complexity of cellular me-
tabolisms. While data-driven models have gained popularity, they often require large amounts of 
experimental data that is often time consuming to obtain and lack any quantitative description of 
the process. Hybrid modelling methods have emerged as promising alternatives however fail to 
provide physical insight to the root cause of model error. This work therefore presents a promising 
solution by developing a data-efficient symbolic regression (SR) based framework to enable the 
automated discovery of interpretable bioprocess models. A universal kinetic model backbone was 
used to capture overall process behaviour, while SR was applied to strategically uncover the struc-
tures of critical kinetic terms within the backbone. Two frameworks, embedding SR directly into 
the kinetic model backbone or identifying time-varying parameter profiles prior to SR, were bench-
marked using an in-silico yeast fermentation case study. The results demonstrated that inde-
pendently identifying individual kinetic terms was crucial for recovering the ground-truth model, 
while refining SR-generated candidates through a novel local iterative structural correction strat-
egy significantly improved convergence to the true kinetic expressions, surpassing model-based 
design of experiments in data efficiency. This study therefore enables automated yet interpretable 
model construction for small-data bioprocess applications, paving the way towards augmented 
intelligence driven bioprocess modelling and accelerating digital twin development for process 
optimisation and control. 
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INTRODUCTION 
Accurate bioprocess models are critical for control, 

optimisation and accelerating the transition from labora-
tory experiments to production scale operations. Mecha-
nistic models are widely adapted for modelling biopro-
cess kinetics due to their interpretability and ability for 
providing insight into the governing reaction kinetics. 
Represented using ordinary differential equations, they 
are derived using prior knowledge of underlying chemical 
reactions that occur within the biological cell. Typical 
strategies to construct mechanistic models for biochem-
ical reaction networks include using the Monod and 
adapted Monod kinetic structures. This approach finds 

prominent application within bioprocess modelling and is 
widely used to simulate the evolution of key biological 
states over time. However, identifying the correct under-
lying mechanistic structure is often a difficult task due to 
the large network of complex metabolic pathways that 
contribute to apparent stochastic behaviour.  

In response to the challenges faced with mechanis-
tic approaches, data-driven modelling has gained popu-
larity as a viable solution in literature. Black-box models 
can use large datasets gained from running experiments 
to make accurate kinetic predictions without requiring 
prior knowledge of underlying reaction mechanisms. Ma-
chine learning-based models have seen success in mod-
elling chemical and biochemical reaction kinetics [1] 
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however, their practical applications remain limited. This 
is because data-driven models often require large 
amounts of data which is a scarce resource in bioprocess 
industry due to large expenses and risks involved when 
running experiments on novel systems.  

Recently, hybrid modelling has emerged as a prom-
ising alternative to address the challenges with both 
mechanistic and data-driven modelling by combining ma-
chine learning techniques with mechanistic knowledge. 
Prior knowledge is embedded using a mechanistic back-
bone while the data-driven component leverages data to 
account for model error that may arise from any incom-
plete physical understanding. In this way, hybrid model-
ling has been able to demonstrate advantages by making 
accurate predictions for complex biochemical reaction ki-
netics [2] and offer a suitable platform to model the dy-
namics of similar biological strains by applying transfer 
learning [3]. However, despite the success in literature, 
there exist various practical challenges when applying 
hybrid modelling methods for modelling novel biological 
strains. The prominent disadvantage lies with providing 
no mechanistic insight into the root cause of model error, 
that is essential for in applications that require a high de-
gree of explainability and limits human understanding of 
underlying reaction kinetics. 

Motivated by the need for deeper mechanistic un-
derstanding, automated model structure identification 
methods have been proposed in literature for overcom-
ing the limitations of hybrid modelling. Among these 
methods the sparse identification of nonlinear dynamics 
(SINDy) has gained most attention and has seen suc-
cessful application for identifying accurate model struc-
tures for chemical reaction systems [4]. By leveraging 
sparse regression techniques, SINDy algorithm can con-
struct kinetic rate equations using a library of predefined 
candidate functions found most likely within literature. 
However, application for biochemical processes remains 
limited by the requirement for a suitably large library of 
candidate functions that is particularly challenging to ob-
tain if there exists no prior physical knowledge of biolog-
ical strains. This has motivated the development of more 
flexible model structure identification techniques such as 
symbolic regression (SR) that uses genetic programming 
to explore a much broader solution space. the advantage 
of SR is that the models identified are a function of only 
predefined operators and variables and not limited by im-
posed structural forms. Presently SR has been successful 
in discovering chemical rate equations without a-priori 
[5] and simple unstructured bioprocess models [6] how-
ever the application for complex biochemical systems re-
mains relatively unexplored due to significant challenges 
to guarantee interpretability of resultant models for real-
world biological systems.  

Therefore, to address the described challenges, this 
work utilises symbolic regression (SR) to develop an 

automated model structure identification framework that 
can uncover underlying kinetic information with high 
data-efficiency. Through this approach, is it possible to 
simultaneously accelerate the development of accurate 
bioprocess models while also deepening our mechanistic 
understanding of emerging processes. 

METHODOLOGY 

Symbolic regression and information criteria 
Symbolic regression (SR) is a data-driven technique 

that leverages genetic programming to simultaneously 
identify both functional form and numerical constants 
that best describe a dataset. SR explores a solution 
space of equations represented as expression trees built 
from predefined mathematical operators and variables 
without imposing a set structural form. At each iteration, 
a set of expressions are drawn at random from an initial-
ised population and undergo tournament selection pro-
cess. The expressions are by default ranked according to 
their mean squared error or a fitness function of the 
user’s definition where the highest scoring models pro-
ceed to the next iteration with a chance of undergoing 
mutation or crossover. In this work, SR was implemented 
using the PySR package, which combines the evolution-
ary search with gradient-based optimisation in an itera-
tive evolve–simplify–optimise process. During this cycle, 
candidate equations are periodically simplified to remove 
redundancy, and their numerical constants are refined 
using local gradient-based methods. Rather than produc-
ing a single model, this approach generates a set of can-
didate equations across varying levels of complexity, 
forming a Pareto front that captures the trade-off be-
tween model simplicity and fitting accuracy. 

Because symbolic regression produces many candi-
date models, this work adopts the corrected Akaike In-
formation Criterion (AICc) as a systematic method for 
model selection, balancing goodness of fit with model 
simplicity. AICc evaluates models based on their residual 
error, number of parameters, and sample size, applying 
an additional correction term that increasingly penalises 
overly complex models when data is limited. This makes 
it particularly suitable for bioprocess applications, where 
experimental data is often scarce. By selecting the model 
with the lowest AICc, the framework identifies the best 
trade-off between accuracy and parsimony, reducing 
overfitting and providing a consistent, objective ap-
proach to choosing the most plausible model without re-
lying on prior mechanistic assumptions. 

Approach 1 - Concentration space  
Specifically, SR was implemented in two approaches 

and both methods were compared within this work. The 
first framework was designed to incorporate concentra-
tion profiles within the SR model discovery process by 
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embedding SR expressions directly into the kinetic 
model, ensuring that candidate models are evaluated 
based on how well they reproduce observed concentra-
tion dynamics. In this method, symbolic expressions rep-
resenting key kinetic terms are iteratively generated and 
inserted into the model, and the resulting system is 
solved using numerical integration to simulate state vari-
able evolution under experimental conditions. Model per-
formance is assessed by comparing predicted and ex-
perimental concentration profiles, with better-fitting 
models guiding the evolutionary search process. Through 
repeated refinement, this approach produces a set of 
candidate models that balance accuracy and complexity, 
with the final selection made using the AICc criterion to 
identify the most plausible representation of the underly-
ing system dynamics. 

Approach 2 - Gradient space  
The second framework identifies kinetic model 

structure by initially treating key lumped parameters as 
time-varying quantities, estimated directly from experi-
mental data alongside constant parameters within a non-
linear ODE-based model. This is achieved through an op-
timisation problem that minimises the error between 
model predictions and experimental observations while 
incorporating a regularisation term to ensure smooth, 
physically realistic parameter evolution over time. 

Once these time-resolved parameter profiles are 
obtained across all experiments, they are used as target 
data for SR, which searches for analytical expressions 

that relate the parameters to the system’s state variables. 
Candidate expressions are evaluated based on how well 
they reproduce the estimated parameter trajectories, and 
an iterative evolutionary process generates a set of mod-
els representing different accuracy–complexity trade-
offs. Finally, the AICc criterion is applied to select the 
most plausible expressions, ensuring an optimal balance 
between model fit and simplicity. 

CASE STUDY 
To evaluate whether SR could recover accurate ki-

netic information (i.e. ground-truth kinetic model struc-
ture), a case study was constructed using a yeast-based 
fermentation process for astaxanthin production. Using a 
kinetic model developed in our previous work [7], three 
in-silico experiments were generated at different initial 
conditions of biomass and substrate concentration to act 
as experimental data. The ground truth kinetic model is 
proposed in Equation 1. 
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where 𝑋𝑋, 𝑆𝑆1, 𝑆𝑆2, and 𝑃𝑃 denote concentrations of biomass, 
two substrates, and astaxanthin, respectively.  

To effectively discover the kinetic information of 

  
Figure 1. Fitting performance of the complete kinetic model using expressions discovered by SR for 𝜇𝜇�1 and 𝜇𝜇�2. 
Colours blue, red and purple represent experiment 1, 2, and 3 respectively. (a), (b), (c) and (d) shows the fitting 
result for concentrations of biomass, sucrose, glucose and astaxanthin, respectively. 
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this in-silico case study, a typical Monod model shown in 
Equation 2 was initially used to simulate a scenario where 
no prior strain-specific physical knowledge was availa-
ble. SR was therefore applied to recover ground truth 
knowledge by automatically modifying and improving the 
Monod model structure and retrieve the expressions of 
two key kinetic parameters 𝜇𝜇�1 and 𝜇𝜇�2 in Equation 2. 
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+ ��2�2�
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�2+ ��2
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Using this case study, if the expressions identified 
by SR can transform the kinetic backbone into the ground 
truth kinetic model by identifying the true expressions for 
𝜇𝜇�1 and 𝜇𝜇�2 as shown in equation 3, it can be said that 
the proposed framework has the potential to systemati-
cally uncover novel relationships for emerging biopro-
cesses where prior mechanistic understanding is incom-
plete. 

𝜇𝜇�1,���� = ��1∙(�1+ ��1)

(�1+ ��1�)∙(1+ �1�2)
    (3a) 

𝜇𝜇�2,���� = ��2∙(�2+ ��2)

(�2+ ��2�)∙(1+ �2�1)
    (3b) 

RESULTS AND DISCUSSION 

Results of Approach 1 
The results, presented in figure 1, showed that the 

generated models were able to accurately simulate state 
variable concentrations for each experiment. This was 
reflected in a low mean absolute percentage error 
(MAPE) value of 8.9% averaged across each experiment 

and each of the four state profiles (biomass, sucrose, glu-
cose and astaxanthin concentration). 

Despite success in simulating the concentration 
profiles, the framework of approach 1 was unable to un-
cover the exact ground truth model structures. It was dis-
covered that, even though SR was tasked with discover-
ing only two lumped terms, the potential solution space 
remained extensive and many models that had a strong 
fitting toward the experimental data exhibited significant 
structural divergence from the ground truth neverthe-
less. Further analysis deemed that the discrepancy 
stemmed from the failure to reproduce the temporal evo-
lution of the specific growth rate terms 𝜇𝜇�1 and 𝜇𝜇�2 them-
selves because subtle differences in the gradient space 
can be diminished after integration, leading to different 
gradient profiles producing similar integral profiles. Fig-
ure 2 displays the profiles of 𝜇𝜇�1 and 𝜇𝜇�2 over time and 
highlights the discrepancy between the ground truth and 
predicted profiles from SR models.  

Results of Approach 2 
The results, presented in figure 3, showed that the 

models generated using Approach 2 were also able to ac-
curately simulate the state variable concentrations dy-
namics and reduce the model error (MAPE) by 60% with 
an average value of 3.5%. 

Importantly, the fitting in the gradient space depict-
ing the profiles of 𝜇𝜇�1 and 𝜇𝜇�2 through time, shown in fig-
ure 4, experienced a significant improvement. the models 
generated by SR were able to almost exactly reproduce 
the ground truth profiles with MAPE values of 0.08% and 
0.39% for 𝜇𝜇�1 and 𝜇𝜇�2 respectively, averaged across all 
three experiments. Ultimately this led to the recovery of 
the ground truth expressions for both parameters. It 
should be noted that, for simple model structures such as 
𝜇𝜇�2, SR was able to identify the correct physical structure 

 
Figure 2. Comparison of the trends of 𝜇𝜇�1 (a) and 𝜇𝜇�2 (b) over time. Colours green, brown and orange represent 
experiments 1, 2, and 3 respectively. 
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without the need of running additional experiments. 
However, for complex model structures such as 𝜇𝜇�1, as 
evidenced by their evolution over time, SR was unable to 
find the ground truth expressions on the first iteration 
due to the large solution space of possible expressions. 
Nonetheless, by iteratively freezing and mutating specific 
terms within the best expression selected using AICc, the 
SR generated expressions were able to converge to the 
ground truth structure. 

CONCLUSION 
This study presents a symbolic regression–based 

framework for automated kinetic model structure identi-
fication that aims to improve mechanistic understanding 
of bioprocess systems while maintaining interpretability. 
By integrating symbolic regression with a general kinetic 
model backbone, two complementary strategies were 
explored, revealing that while the concentration-based 
approach could accurately reproduce system dynamics, 
it struggled to distinguish between structurally different 
models. In contrast, the gradient-based approach proved 
more effective and computationally efficient, success-
fully recovering underlying kinetic expressions when 
combined with AICc-based model selection and targeted 
refinement strategies. 

 
Figure 3. Fitting performance of the complete kinetic model using expressions discovered by SR for 𝜇𝜇�1 and 𝜇𝜇�2. 
Colours blue, red and purple represent experiment 1, 2, and 3 respectively. (a), (b), (c) and (d) shows the fitting 
result for concentrations of biomass, sucrose, glucose and astaxanthin, respectively. 
 
 

 
Figure 4. Comparison of the trends of 𝜇𝜇�1 (a) and 𝜇𝜇�2 (b) over time. Colours green, brown and orange represent 
experiments 1, 2, and 3 respectively. 
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Although the framework shows strong potential for 
data-efficient and interpretable model discovery, limita-
tions remain, including the lack of validation under noisy 
data, untested performance on more complex systems, 
and challenges associated with limited experimental data 
in real-world scenarios. Despite this, the framework re-
mains valuable as a knowledge discovery tool, capable of 
revealing meaningful relationships that can guide hy-
pothesis generation even when exact model identifica-
tion is not possible. 

A key strength of the approach is its flexibility for 
expert involvement, aligning with augmented intelligence 
principles. Domain knowledge can be incorporated to 
guide model development, constrain the search space, 
and improve model plausibility, while quantitative tools 
such as information criteria can assess the impact of 
these interventions. Future work will focus on integrating 
such human-in-the-loop strategies, alongside methods 
like sparse regression, to further enhance the efficiency 
and interpretability of bioprocess model discovery. 

AUTHOR IDENTIFIERS 
Author ORCIDs: 
Riezzo L: 0009-0007-3309-628X 
Rogers A: 0000-0003-2298-6520 
Kay H: 0009-0005-9565-5687  
Zhang D: 0000-0001-5956-4618 

REFERENCES 
1. Park S, Kim S, Park C, Kim J, Lee D. Data?driven 

prediction models for forecasting multistep ahead 
profiles of mammalian cell culture toward 
bioprocess digital twins. Biotech &amp; 
Bioengineering 120:2494-2508 (2023). 
https://doi.org/10.1002/bit.28405 

2. Pennington O, Ríos SE, Sebastian MT, Dickson A, 
Zhang D. Dynamic multiscale hybrid modelling of a 
CHO cell system for recombinant protein 
production. IFAC-PapersOnLine 58:133-138 
(2024). https://doi.org/10.1016/j.ifacol.2024.08.326 

3. Riezzo L, Kay H, Feng Y, Jing K, Zhang D. 
Accelerating bioprocess digital twin development 
by integrating hybrid modelling with transfer 
learning. Chemical Engineering Journal 511:162018 
(2025). https://doi.org/10.1016/j.cej.2025.162018 

4. Brunton, S.L., Proctor, J.L. and Kutz, J.N., 
“Discovering governing equations from data by 
sparse identification of nonlinear dynamical 
systems”, Proceedings of the National Academy of 
Sciences of the United States of America, 113(15), 
pp. 3932–3937, (2016) 
https://doi.org/10.48550/arXiv.1509.03580 

5. Jul-Rasmussen P, Chakraborty A, 

Venkatasubramanian V, Liang X, Huusom JK. 
Hybrid AI modeling techniques for pilot scale 
bubble column aeration: a comparative study. 
Computers &amp; Chemical Engineering 
185:108655 (2024). 
https://doi.org/10.1016/j.compchemeng.2024.1086
55 

6. Forster T, Vázquez D, Müller C, Guillén-Gosálbez G. 
Machine learning uncovers analytical kinetic 
models of bioprocesses. Chemical Engineering 
Science 300:120606 (2024). 
https://doi.org/10.1016/j.ces.2024.120606 

7. Vega?Ramon F, Zhu X, Savage TR, Petsagkourakis 
P, Jing K, Zhang D. Kinetic and hybrid modeling for 
yeast astaxanthin production under uncertainty. 
Biotech &amp;amp; Bioengineering 118:4854-4866 
(2021). https://doi.org/10.1002/bit.27950 

© 2026 by the authors. Licensed to PSEcommunity.org and PSE 
Press. This is an open access article under the creative com-
mons CC-BY-SA licensing terms. Credit must be given to creator 
and adaptations must be shared under the same terms. See 
https://creativecommons.org/licenses/by-sa/4.0/  

 

https://doi.org/10.1002/bit.28405
https://doi.org/10.1016/j.ifacol.2024.08.326
https://doi.org/10.1016/j.cej.2025.162018
https://doi.org/10.1016/j.compchemeng.2024.108655
https://doi.org/10.1016/j.compchemeng.2024.108655
https://doi.org/10.1016/j.ces.2024.120606
https://doi.org/10.1002/bit.27950

