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ANNOTATION 

This Doctoral Thesis advances the field of recombinant Pichia pastoris (reclassified as 
Komagataella phaffii) fermentation engineering through the development and integration of 
enhanced strategies for real-time monitoring, predictive modeling, and process control, with a 
strong emphasis on data-driven bioprocessing aligned with Industry 4.0 principles. Using 
recombinant P. pastoris strains producing human hepatitis B core antigen (HBcAg), 
leghemoglobin (LegH), and bacteriophage Qβ coat protein particles as case studies, the work 
addresses key technological challenges in fed-batch bioprocesses. 

The first part of the thesis focuses on the validation and real-time enhancement of sensor 
systems for biomass, methanol, and exhaust gas monitoring. Signal processing algorithms were 
developed to improve data quality and sensor reliability during fermentation. 

The second part investigates mechanistic, data-driven, and hybrid modeling approaches, 
evaluating their predictive accuracy and robustness. Transfer learning was employed to 
accelerate hybrid model development by leveraging historical fermentation data, thereby 
reducing experimental time and effort. 

The third part presents the implementation of advanced control strategies. A classical 
proportional-integral (PI) controller was used for online residual methanol regulation, while a 
novel hybrid model predictive control (MPC) framework was developed for real-time biomass 
growth trajectory tracking. The MPC system demonstrated robustness under process variability, 
confirming its suitability for intelligent control in biomanufacturing. 

The Thesis is presented as a collection of thematically linked four original research articles 
and one review, collectively contributing to the modernization of fermentation engineering 
practices. It includes summaries in English and Latvian, 15 figures, one scheme, three tables, 
and five appendices, comprising a total of 205 pages. 
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GENERAL OVERVIEW OF THE THESIS 

Introduction 

Recombinant protein production underpins a wide array of biotechnological applications, 
including the development of biopharmaceuticals, diagnostics, industrial enzymes, and 
synthetic biology [1, 2]. As demand for biologics continues to rise – driven by aging populations 
and advances in precision medicine – the global market is projected to reach $740 billion by 
2031 [3]. Meeting this demand requires scalable, cost-effective biomanufacturing platforms 
featuring robust host strains, optimized expression systems, and advanced process control. 

To illustrate the diversity and application potential of recombinant proteins, recombinant 
human hepatitis B core antigen (HBcAg), bacteriophage Qβ capsid protein (Qβ), and soy 
leghemoglobin (LegH) are notable examples with significant medical and industrial relevance. 
HBcAg is a self-assembling viral capsid protein extensively studied for virus-like particle 
(VLP) platforms, which show great promise in vaccine development, drug delivery, and 
immunotherapy due to their strong immunogenicity and safety [4, 5]. Similarly, Qβ capsid 
protein, another VLP-forming protein derived from bacteriophages, serves as a versatile 
scaffold in nanotechnology, vaccines, and diagnostics, thanks to its structural uniformity and 
modifiable surface [6–8]. In contrast, LegH, a plant-derived heme protein responsible for 
imparting meat-like flavor and aroma, has emerged as a key component in the rapidly growing 
market for plant-based meat alternatives, notably in products such as the Impossible™ Burger 
[9, 10]. The microbial expression of these proteins, both at the laboratory and industrial scale, 
offers a scalable and cost-effective platform for sustainable production, aligning with growing 
healthcare demands and environmental sustainability. 

A central contributor to this scalable production is the microbial host system, and among 
the available options, Pichia pastoris is a well-established and versatile choice. Although 
taxonomically reclassified as Komagataella phaffii, since the experimental work, strain 
designations, and the majority of cited literature refer to the organism as Pichia pastoris, the 
designation P. pastoris is used throughout this Thesis for consistency. 

Widely regarded as a workhorse in industrial biotechnology, this methylotrophic yeast 
combines rapid growth to high cell densities in defined media with tightly regulated, methanol-
inducible promoters – most notably AOX1 – for strong and controllable gene expression [11–
13]. It also features an efficient secretory pathway and supports essential eukaryotic post-
translational modifications, such as disulfide bond formation and glycosylation, crucial for the 
proper function of many therapeutic proteins [14, 15]. It is generally recognized as safe (GRAS) 
status further highlights its suitability for pharmaceutical and industrial applications [16, 17]. 

To unlock the full potential of such microbial platforms, especially at scale, robust and 
efficient bioprocessing strategies are required. Fed-batch cultivation, the industry standard for 
microbial processes, enables high product yields through controlled substrate feeding and is 
widely used to produce amino acids, antibiotics, enzymes, and other biochemicals [18–20]. Its 
ability to mitigate large-scale challenges like mass and heat transfer by adjusting feed rates 
supports optimal mixing, oxygenation, and temperature control [21]. However, the success of 
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fed-batch processes depends on precise feed control, as over- or underfeeding can lead to 
substrate inhibition, oxygen limitation, or metabolic overflow, compromising culture 
performance [18, 22]. To address this, advanced modeling and control strategies are 
increasingly adopted to enhance process efficiency and scalability. 

At the heart of these advanced strategies lie the three core pillars of fermentation 
engineering: monitoring, modeling, and control [23, 24]. Continuous monitoring through 
physical sensors and/or sampling provides data on biomass, substrate, and product levels, which 
modeling translates into predictive insights using mechanistic, data-driven, or hybrid 
approaches. These models support dynamic control strategies that adjust key process variables 
to maintain optimal conditions and ensure consistent product quality. By integrating these three 
pillars, fermentation processes can be precisely managed, enhancing scalability, robustness, and 
efficiency in recombinant protein production. 

Historically, however, control strategies in P. pastoris fermentations have relied on 
empirical heuristics or simplified mechanistic models, limiting adaptability and predictive 
power [25, 26]. However, the path towards the 4th industrial revolution (Industry 4.0) has 
transformed bioprocessing into a data-rich discipline, where historical and real-time data 
streams can be systematically leveraged to enhance understanding, prediction, and decision-
making [27]. In this context, intelligent hybrid modeling offers a robust solution to the 
nonlinear, dynamic nature of microbial systems, enabling adaptive, scalable, and efficient 
control strategies for modern biomanufacturing. 

Among emerging strategies, hybrid modeling approaches – particularly those that integrate 
first-principles knowledge with machine learning components – are gaining traction for their 
ability to preserve process interpretability while enhancing predictive performance [27–29]. 
Among data-driven techniques, deep neural networks (DNNs), including recurrent neural 
networks (RNNs) and long short-term memory (LSTM) architectures, are especially suited to 
bioprocess applications due to their capacity to learn from temporal patterns and capture 
delayed system responses. These models have been successfully employed for state estimation, 
fault detection, process optimization, and soft sensing in various biomanufacturing contexts 
[30–32]. However, their black-box nature can limit interpretability and regulatory acceptance 
when used in isolation. 

To translate these advanced modeling capabilities into actionable control, model predictive 
control (MPC) has emerged as a particularly powerful strategy. MPC offers a structured 
framework for managing multivariable, constrained, and time-varying systems [33–35]. By 
leveraging predictive models – mechanistic, data-driven, or hybrid – MPC can forecast future 
process behavior and compute optimal control actions in a receding horizon fashion. Its inherent 
ability to handle constraints and anticipate process disturbances makes MPC well-suited for 
fed-batch fermentation, where maintaining optimal substrate concentrations or microbial 
growth rate, minimizing oscillations, and maximizing productivity are critical [36–38]. In the 
context of P. pastoris fermentations, the integration of MPC with hybrid models holds strong 
potential for real-time optimization of substrate feeding and environmental conditions – 
enhancing process robustness, scalability, and performance. However, such applications remain 
largely unaddressed in the current scientific literature. 
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To bridge these gaps, this Thesis addresses key challenges in recombinant P. pastoris 
fermentation engineering – monitoring, modeling, and control – using HBcAg-, LegH-, and 
Qβ-producing strains as case studies. Real-time monitoring using biomass, methanol, and 
exhaust gas analyzer sensors is investigated to generate extensive datasets, while sensor signal 
quality is addressed through data processing techniques to reduce signal noise and an algorithm 
that detects and removes anomalies in biomass probe signals. For process modeling, 
mechanistic, data-driven, and hybrid models were developed and comparatively evaluated. 
Transfer learning was applied to successfully adapt the hybrid model to new datasets using 
historical process data. Finally, process control was demonstrated using a simple PI controller 
to regulate residual methanol levels, and a hybrid model-based MPC framework was 
implemented to track predefined cell growth trajectories. 

Aims and Objectives 

This thesis aims to advance recombinant P. pastoris fermentation engineering by 
developing and integrating enhanced strategies for process monitoring, modeling, and control. 
By aligning with Industry 4.0 principles, the work contributes to the transition toward 
intelligent, data-driven bioprocessing. Using HBcAg, LegH, and Qβ-producing strains as case 
studies, the Thesis has three specific aims. 

1. Validate biomass, methanol, and exhaust gas sensors in P. pastoris fermentations to 
ensure high-quality real-time data. Develop real-time signal processing algorithms to 
enhance sensor signal quality and reliability. 

2. Develop, evaluate, and compare mechanistic, data-driven, and hybrid modeling 
approaches. Investigate the use of transfer learning to accelerate hybrid model 
development by leveraging historical process data. 

3. Implement and experimentally validate substrate feed rate control strategies, including 
a conventional PI controller for residual methanol regulation using online sensor 
feedback, and an advanced MPC controller for biomass growth trajectory tracking based 
on the developed hybrid process model. 

Theses to Defend 

1. Sensor signal quality is critical in fermentations, and effective real-time pre-processing 
is essential to ensure accurate process monitoring and control. 

2. Hybrid modeling approaches outperform purely mechanistic and data-driven models in 
both predictive accuracy and robustness. 

3. Transfer learning is an effective strategy in bioprocess engineering for reducing model 
training time and experimental effort by leveraging historical data. 

4. Hybrid model-based MPC framework allows precise substrate feed control, facilitating 
the tracking of predefined growth trajectories in P. pastoris fermentations. 
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Scientific Novelty 

The scientific novelty of this Thesis is reflected in three key areas – process monitoring, 
modeling, and control – each contributing to the advancement of intelligent P. pastoris 
fermentation engineering. 

1. Real-time signal processing solutions were developed and applied to biomass, methanol 
and exhaust gas sensors, improving signal quality and enabling more reliable online 
monitoring in P. pastoris fermentations. 

2. Mechanistic, data-driven, and hybrid models were systematically compared, 
demonstrating that hybrid models integrating neural networks with first-principles 
knowledge achieved the best predictive performance across HBcAg, LegH, and Qβ 
strains. Transfer learning was successfully applied to leverage historical data, reducing 
training time and experimental effort. 

3. A hybrid model-based MPC framework was implemented to control the specific growth 
rate in real time, achieving trajectory tracking with 10.6 % NRMSE in experimental 
fermentations. The system demonstrated robustness under process variability, 
confirming the suitability of hybrid MPC for intelligent control in biomanufacturing. 

Practical Significance 

The practical significance of this Thesis lies in its contributions to improving real-time 
bioprocess monitoring, predictive modeling, and closed-loop control in recombinant P. pastoris 
fermentations. Aligned with Industry 4.0 principles, the work contributes to the transition 
toward intelligent, data-driven bioprocessing. 

1. Real-time signal processing methods improved the reliability of biomass, methanol, and 
gas sensor data, enabling more accurate online monitoring and decision-making during 
fermentation runs. 

2. The hybrid modeling approach facilitated better process understanding and prediction, 
while transfer learning reduced experimental demand – offering practical tools for rapid 
model adaptation in industrial settings. 

3. The hybrid MPC system enabled automated control of the specific growth rate, 
supporting consistent process performance and scalability for industrial protein 
production. 

Structure and Volume of the Thesis 

This Doctoral Thesis presents a collection of thematically linked publications that advance 
process monitoring, modeling, and control strategies for recombinant P. pastoris fed-batch 
fermentations. Emphasizing improved sensor signal quality, hybrid modeling with transfer 
learning, and intelligent MPC-based control, the Thesis includes four original research articles 
and one review, contributing to Industry 4.0-aligned data-driven bioprocessing (Scheme 1). 
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Scheme 1. Schematic representation of the Thesis structure. 
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MAIN RESULTS OF THE THESIS 

1. Literature Survey 

Publication: 
• Bolmanis, E.; Dubencovs, K.; Suleiko, A.; Vanags, J. Model Predictive Control – A 

Stand Out among Competitors for Fed-Batch Fermentation Improvement. Fermentation 
2023, 9, 206 [33]. 

Fed-batch cultivation has long been a cornerstone of industrial fermentation, widely adopted 
for producing a broad spectrum of high-value biotechnological products. It remains the 
dominant mode of operation in biopharmaceutical manufacturing, encompassing both marketed 
therapeutics and clinical-stage products [19, 20]. 

A central challenge in fed-batch operations is the control of substrate feed rate – a critical 
process variable that directly influences the specific growth rate, metabolic flux distribution, 
product titer, and batch-to-batch reproducibility [13, 33]. Optimizing the feed strategy is 
particularly complex due to the nonlinear and time-varying nature of microbial responses to 
dynamic environmental conditions. 

Feed rate control strategies in fed-batch fermentations can be broadly classified into two 
categories: open-loop and closed-loop (feedback) control (Fig. 1.1), each with distinct 
advantages and limitations. Open-loop strategies are simple to implement but lack flexibility, 
as the feed profile is predefined and remains unchanged throughout the process. In contrast, 
closed-loop strategies incorporate a feedback element – such as real-time sensor data or model-
based predictions – to continuously adjust the feed rate during cultivation. This dynamic 
adjustment enables greater robustness to disturbances and biological variability, improving 
process stability and reproducibility. In P. pastoris fermentations, an open-loop approach would 
involve calculating the substrate feed profile in advance, whereas a feedback-based strategy 
would allow the profile to evolve in response to real-time signals from the feedback element. 

 

Fig. 1.1. Schematic of open-loop (A) and closed-loop (B) control architectures. 
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The selection of an appropriate control strategy must balance implementation complexity 
with expected performance, as this trade-off directly impacts the cost-effectiveness and 
consistency of the bioprocess [33]. Given the inherent variability of microbial systems – even 
under nominally constant operating conditions – feedback control is especially valuable. By 
continuously adapting substrate supply in response to real-time measurements, feedback-based 
strategies help maintain metabolic balance, enhance reproducibility, and ensure that nutrient 
availability aligns with cellular demands throughout the cultivation period [18]. 

Effective implementation of feedback control depends on the availability of a reliable 
feedback mechanism. Typically, such mechanisms combine real-time physical sensors (e.g., for 
dissolved oxygen (DO), substrate, or biomass), at-line or off-line analytical data (e.g., optical 
density or residual substrate concentration), and predictive process models. These components 
work in synergy to estimate internal states and guide control actions in real time [39]. 

The accuracy, responsiveness, and robustness of the feedback loop are critical determinants 
of controller performance. An inadequate or noisy feedback signal may lead to misguided 
control actions, resulting in overfeeding, reduced yields, or even process instability [40]. 
Therefore, integrating high-quality monitoring technologies and robust process models is 
essential to fully realize the benefits of feedback control in fed-batch fermentations. 

At the heart of the feedback infrastructure are sensors and process models, which serve 
complementary roles in bioprocess monitoring and control. Physical sensors provide direct, 
real-time measurements of key process variables such as pH, temperature, DO, biomass (via 
dielectric spectroscopy or turbidity), and carbon sources like glucose or methanol [41, 42]. 
While these sensors are generally robust and easy to calibrate, they are limited in scope, may 
be costly, and are prone to fouling or drift – especially in large-scale applications [43, 44]. 

To overcome these limitations, process models have become increasingly important. These 
models – whether mechanistic, data-driven, or hybrid – can estimate unmeasured variables 
(e.g., specific growth or production rate) by integrating available measurements [45, 46]. Their 
key strengths lie in flexibility, cost-effectiveness, and the ability to infer otherwise 
unmeasurable process states. However, their reliability depends heavily on model structure and 
input data quality, necessitating regular recalibration to maintain long-term accuracy [47]. 

Bioprocess models span from mechanistic approaches – rooted in biochemical and 
physiological principles – to data-driven models such as statistical regressions or machine 
learning algorithms that capture empirical relationships within data. Mechanistic models offer 
interpretability and insight, but often require significant domain expertise and labor-intensive 
parameter estimation [23]. Data-driven models excel at modeling complex, nonlinear behaviors 
without detailed prior knowledge, but tend to lack transparency and depend on data quality [48]. 

To leverage the strengths of both paradigms, hybrid models are gaining traction in 
bioprocess engineering [29, 49, 50]. Hybrid modeling integrates mechanistic structure with 
data-driven flexibility to provide more accurate and generalizable representations of bioprocess 
dynamics, especially when complete mechanistic knowledge is lacking. 

Among closed-loop control strategies, the proportional-integral-derivative (PID) controller 
remains the most widely implemented method in industrial fed-batch fermentation. This 
classical controller computes the error between the measured variable and the setpoint, then 
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adjusts the input based on the proportional (KP), integral (KI), and derivative (KD) components 
[51]. PID controllers are typically deployed in indirect feedback configurations, adjusting feed 
rates based on secondary signals such as pH (pH-stat), DO (DO-stat), specific growth rate (µ-
stat), or residual substrate. While relatively simple and robust, PID performance is often 
hampered by limited access to reliable real-time measurements for biological variables and by 
the nonlinear, time-varying behavior of microbial systems [33, 52]. 

To overcome these limitations, model predictive control (MPC) has emerged as a superior 
alternative. MPC utilizes a dynamic model to predict future system behavior and optimize 
control actions accordingly [34, 53]. In contrast to PID, which reacts to current deviations in a 
single variable, MPC can manage multiple variables concurrently, respect operational 
constraints, and better handle nonlinearity and process disturbances [33, 54]. Moreover, while 
PID tuning requires regular gain adjustment – often a laborious and sensitive process – MPC 
uses model-based parameters such as cost function weights and prediction horizons for tuning, 
enabling greater adaptability and reduced need for frequent adjustments. Recent studies further 
highlight that MPC can be deployed efficiently on standard industrial hardware, underscoring 
its practical applicability for real-time bioprocess control [33]. 
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2. Real-Time Fermentation Monitoring 

Publications: 
• Bolmanis, E.; Grigs, O.; Kazaks, A.; Galvanauskas, V. High-Level Production of 

Recombinant HBcAg Virus-like Particles in a Mathematically Modelled P. pastoris 
GS115 Mut+ Bioreactor Process under Controlled Residual Methanol Concentration. 
Bioprocess Biosyst. Eng. 2022, 45, 1447–1463 [4]. 

• Bolmanis, E.; Bogans, J.; Akopjana, I.; Suleiko, A.; Kazaka, T.; Kazaks, A. Production 
and Purification of Soy Leghemoglobin from Pichia pastoris Cultivated in Different 
Expression Media. Processes 2023, 11, 3215 [56]. 

• Bolmanis, E.; Uhlendorff, S.; Pein-Hackelbusch, M.; Galvanauskas, V.; Grigs, O. 
Anomaly Detection and Removal Strategies for In-Line Permittivity Sensor Signal Used 
in Bioprocesses. Front. Bioeng. Biotechnol. 2025, 13 [60]. 

Effective fermentation process monitoring is essential to ensure product quality, optimize 
yields, and maintain operational consistency by enabling the timely detection and control of 
biological and environmental variability. In P. pastoris cultivations, precise monitoring of key 
variables – such as biomass concentration, substrate availability, metabolic activity, and 
product formation – not only improves process understanding but also facilitates early fault 
detection and supports enhanced productivity. Moreover, high-resolution monitoring data are 
critical for the development and application of data-driven modeling approaches that can further 
refine process control and optimization. 

This chapter explores the integration of physical sensors – such as biomass probes, methanol 
sensors, and exhaust gas analyzers – to enable continuous, non-invasive monitoring throughout 
the fermentation process. These sensors were employed in selected fermentation experiments 
to complement standard bioreactor measurements, including DO, pH, temperature, and stirrer 
speed. The resulting datasets provided a comprehensive view of process dynamics and cellular 
behavior, serving as a robust foundation for process analysis, real-time control strategies, and 
the development of hybrid and machine learning-based models. 

Monitoring data collected during bioprocesses served as a critical foundation for 
understanding, optimizing, and modeling fermentation dynamics. Real-time measurements 
offered valuable insights into the physiological state of the culture throughout fermentations 
and provided the basis for the data-driven modeling (Chapter 3) and control strategies 
(Chapter 4) developed and evaluated in this thesis. 

2.1. Cell biomass measurement 

In situ biomass probes provide real-time, non-invasive measurement of cell density during 
fermentations, enabling continuous monitoring of microbial growth without the need for 
manual sampling. During the course of the Thesis research, two types of in situ biomass sensor 
probes were employed in select fermentation processes: an optical probe (ASD19-EB-01, 
Optek-Danulat) that measures culture turbidity, and a dielectric spectroscopy probe (Incyte, 
Hamilton). 
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These complementary technologies offered distinct advantages for monitoring biomass 
dynamics. The optical turbidity probe provided a fast and robust signal correlated with total 
biomass, though it included both viable and non-viable cells. In contrast, the dielectric 
spectroscopy probe selectively estimated viable biomass by measuring the electrical properties 
of intact cell membranes. Since key fermentation parameters – such as growth and production 
rates – are primarily influenced by viable cells, this measurement is more informative. 
However, it requires advanced reference data, such as viable cell counts, for accurate 
calibration, which were not available during these experiments. The signals from both biomass 
sensors, along with reference dry biomass measurements, are shown in Fig. 2.1. 

 
Fig. 2.1. Comparison of optical (turbidity) and dielectric spectroscopy sensor probe cell 

biomass measurements in a P. pastoris fermentation. 

As shown in Fig. 2.1, the optical biomass sensor signal closely aligns with the 
experimentally measured cell biomass values, exhibiting a strong correlation (R² = 0.99). In 
contrast, the dielectric spectroscopy probe signal closely matches both the optical sensor and 
experimental biomass measurements up until methanol induction, after which it exhibits a sharp 
decline and eventually plateaus beyond approximately 85 hours of cultivation. This behavior 
reflects changes in cell viability. During the glycerol growth phase, cell viability remains high 
– close to 100 % – resulting in strong agreement among all three measurement methods [45, 
55]. However, following methanol induction, the correlation weakens due to methanol’s 
cytotoxic effects, which reduce the viable cell fraction during the adaptation phase. As 
adaptation progresses and growth resumes, the signals once again show similar trends, though 
the dielectric spectroscopy signal remains slightly lower, reflecting the presence of a non-viable 
cell population. Eventually, around 85 hours into fermentation, the dielectric signal plateaus, 
suggesting that cell growth and death rates have reached equilibrium. This plateau is not 
observed in the optical sensor or experimental measurements, as both continue to account for 
the total biomass, including the non-viable cell fraction. 

Process monitoring using biomass probes not only supports cultivation control – by 
providing timely feedback for adjusting process parameters – but also serves as a rich source 
of data for developing and refining data-driven models [56, 57]. Notably, the combined use of 
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optical and dielectric spectroscopy probes offers a more comprehensive perspective on biomass 
composition by distinguishing between total and viable cell populations. This dual-sensor 
approach presents a novel opportunity for future research, where simultaneous integration of 
both signals could help account for the heterogeneity of the cell population [58]. Such an 
approach could enhance the predictive accuracy of hybrid models and enable more informed 
control strategies in recombinant P. pastoris fermentations. 

2.2. Methanol concentration measurement 

In addition to biomass monitoring, real-time methanol measurement was a critical 
component of the fermentation processes studied in this Thesis. For P. pastoris constructs 
driven by the AOX1 promoter, methanol serves a dual role as both a carbon source and an 
inducer of recombinant protein expression. Precise monitoring and control of its concentration 
in the culture medium are therefore essential, as excessive residual methanol can inhibit cell 
growth and negatively impact productivity. To track methanol dynamics, two different sensors 
were employed: a gas-phase sensor (BCP-EtOH, BlueSens) that measures methanol 
concentration in the reactor exhaust gas, and an in situ liquid-phase probe (MeOH sensor, Raven 
Biotech) that directly quantifies methanol levels within the culture broth. Figure 2.2 illustrates 
the performance of both sensors during fermentation. 

 
Fig. 2.2. Comparison of exhaust gas and in situ methanol sensor performance in a 

P. pastoris fermentation with residual methanol concentration control. 

Figure 2.2 presents a detailed comparison of sensor performance throughout the 
fermentation process. The in situ methanol sensor clearly outperforms its exhaust gas-based 
counterpart in key aspects such as response time, accuracy, and signal quality. A key limitation 
of the exhaust gas sensor is its inherently noisy signal, which requires the application of filtering 
and smoothing techniques to extract meaningful trends – at the cost of introducing additional 
signal delay. In this study, a simple moving average filter with a window size of 10 was applied, 
significantly enhancing signal quality, reducing fluctuations by 63 % (from ± 0.27 to 0.10 
[g∙L−1]), but further increasing the overall delay in the feedback signal [4, 59]. Moreover, this 
sensor does not directly measure conditions within the liquid culture medium; instead, it detects 
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methanol concentration in the gaseous phase above the liquid surface. Although its signal 
correlates with methanol levels in the broth, this correlation is subject to a noticeable time lag, 
which limits its utility for real-time control applications. Additionally, while the signal 
dynamics generally mirror those of the in situ sensor, the estimated concentrations are 
consistently lower – particularly during the early phase of methanol induction – and gradually 
stabilize toward the end of the fermentation. This discrepancy may indicate sensor signal drift 
or delayed equilibration between gas and liquid phases. 

Accurate, real-time measurement of methanol concentration enables better control of 
feeding strategies, enhances process stability, and supports consistent recombinant protein 
production [12, 59]. Among the available technologies, in situ methanol sensors offer superior 
responsiveness and direct insight into the culture environment, making them especially valuable 
for process optimization and advanced control applications [59]. 

2.3. Reactor exhaust gas composition analysis 

Reactor exhaust gas analysis is a key aspect of fermentation monitoring, offering real-time 
insights into microbial respiration and substrate utilization. By measuring critical gases such as 
oxygen (O₂) and carbon dioxide (CO₂), this approach enables the calculation of key metabolic 
rates, including the oxygen uptake rate (OUR), carbon dioxide evolution rate (CER), and 
respiratory quotient (RQ). These parameters are essential for evaluating cellular activity, 
identifying metabolic shifts, and informing process control strategies in both research and 
industrial bioprocesses. In this work, an exhaust gas analyzer (BlueInOneFerm, BlueSens) was 
used to continuously monitor O₂ and CO₂ concentrations in the bioreactor exhaust stream. These 
measurements provided valuable real-time data on respiratory dynamics throughout the 
fermentation. The typical exhaust gas profiles observed during a representative fermentation 
are shown in Fig. 2.3. 

 
Fig. 2.3. O2 and CO2 concentrations in the bioreactor exhaust gas stream during fermentation 

and inlet air enrichment with pure O2. 
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P. pastoris fermentations typically begin with a batch phase using glycerol as the carbon 
source, followed by a glycerol fed-batch phase to achieve sufficiently high biomass levels 
before methanol induction. Upon switching the feed to methanol, the cells require time to adjust 
their metabolism, a transition that is clearly reflected in the exhaust gas analyzer readings 
(Fig. 2.3). Immediately after initiating methanol feeding, a sharp drop in CO₂ concentration is 
observed, indicating reduced metabolic activity during adaptation. As CO₂ levels begin to rise 
again, this signals that the cells are adapting to methanol and resuming growth. These real-time 
exhaust gas dynamics can be leveraged to tailor the methanol feeding strategy for faster and 
more efficient adaptation, offering a more responsive alternative to the commonly used but 
often overly conservative three-step induction protocol. 

When adequate oxygenation can no longer be maintained by increasing the agitation rate 
alone, the bioreactor system initiates enrichment of the inlet air with pure oxygen. While this is 
a standard procedure in high cell density fermentations, the resulting increase in inlet oxygen 
concentration also influences the readings of the exhaust gas analyzer. As shown in Fig. 2.3, 
each sudden enrichment step leads to a corresponding spike in the measured O₂ concentration 
in the exhaust gas. 

To account for this effect and ensure accurate interpretation of respiratory activity, a 
correction factor should be applied to the O₂ readings based on the percentage of oxygen 
enrichment in the inlet air. By analyzing the corresponding increase in exhaust gas O₂ 
concentration with rising oxygen enrichment levels, a strong linear correlation was established 
(R² = 0.99). This relationship can be used to apply a correction term to the measured O₂ signal, 
based on the oxygen enrichment percentage, effectively compensating for the influence of inlet 
air enrichment (Fig. 2.3, O2 corrected signal). During fermentations, CO₂ levels rise with 
increasing cell density, while O₂ levels decrease due to elevated cellular oxygen consumption 
and CO₂ production. This dynamic was not accurately reflected in the raw O₂ sensor signal, but 
was captured more reliably in the corrected signal. Notably, the skew introduced by O₂ 
enrichment significantly affects calculations of oxygen uptake rate (OUR) and respiratory 
quotient (RQ), potentially compromising batch performance. 

2.4. Biomass sensor signal anomaly detection and removal 

Due to the highly dynamic conditions in bioreactors during high cell density fermentations, 
in situ sensor signals can experience reduced quality or exhibit unexpected anomalies. As high-
quality data is critical for effective data-driven modeling, these issues must be identified and 
addressed – ideally in real time – especially if the sensor signal is used in fermentation control. 

Analysis of dielectric spectroscopy biomass sensor data revealed a concerning pattern: the 
permittivity signal displayed sudden, unexplained spikes and level shifts during the methanol 
induction phase (Fig. 2.4 A) [45, 60]. A similar, though less pronounced, trend was also 
observed in the turbidity sensor data. These anomalies – a largely unexplored challenge in 
bioprocessing – can significantly impact process performance, particularly when real-time 
sensor data is used for substrate feed control. To address this, a robust algorithm was developed 
to detect and correct signal anomalies in real-time, leveraging the previously collected 
experimental dataset [60]. 
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Simple filtering methods, such as moving average smoothing, often fall short when 
addressing the complexity and variability inherent in real bioprocess data. To overcome these 
limitations, a structured three-step approach was developed: (1) signal preprocessing to reduce 
noise and remove contextual dependencies; (2) anomaly detection using threshold-based 
criteria; and (3) anomaly correction and validation. 

1. Signal preprocessing 
To optimize real-time smoothing of the permittivity signal in P. pastoris fermentations, 
multiple filtering techniques were evaluated against a manually curated, noise-free 
reference signal. Performance was assessed using normalized root mean square error 
(NRMSE) and signal delay analysis, enabling the identification of filtering methods and 
parameters that achieved effective noise reduction without compromising signal fidelity 
or introducing excessive lag. 

2. Anomaly detection 
A double rolling aggregate (DRA) transformer was applied to highlight signal 
deviations while simultaneously linearizing the signal and removing context-
dependency. To determine suitable thresholds, both static and dynamic methods were 
evaluated, including manual threshold sweeps and statistical approaches such as the 3-
sigma rule, median absolute deviation (MAD), and interquartile range (IQR), each 
tested across multiple window sizes. To identify the most robust detection method, each 
strategy was benchmarked against manually annotated signal anomalies by computing 
the F1-score. 

3. Signal correction and validation 
Upon detection of an anomaly, the affected data point is corrected by replacing it with 
the mean of the 15 preceding values. A subsequent 15-minute validation window is 
applied to adjust the signal baseline, using the difference between pre- and post-anomaly 
levels as a dynamic correction term to ensure continuity and minimize signal drift. 

The smoothing performance of various filtering methods was evaluated using NRMSE and 
signal delay, the latter calculated via cross-correlation between raw and filtered signals in real-
time process simulations. Among the tested approaches, the Gaussian filter with a window size 
of 70 offered the best trade-off between noise reduction and responsiveness, achieving an 
average NRMSE of 4.56 ± 1.40 % (33 % reduction in signal noise) and an acceptable signal 
delay of 6.4 minutes (Fig. 2.4 A) [60]. Other methods either resulted in higher prediction errors, 
introduced longer delays, or – such as robust local regression – were computationally too 
demanding for real-time application. 

The best anomaly detection performance was achieved using a static thresholding approach, 
which produced an F1-score of 0.79 (with window sizes w1 = 1, w2 = 15, and a threshold of 
1.06 pF·cm⁻¹). This method not only demonstrated strong detection capability but also required 
minimal computational resources, making it well-suited for real-time implementation. In 
contrast, dynamic thresholding methods underperformed due to their reliance on historical 
signal values, demonstrating F1-scores in the range of 0.31–0.47. As a result, sudden increases 
in signal volatility were not promptly reflected in the threshold, causing it to lag and remain too 
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low, leading to false positives during signal fluctuations (Fig. 2.4 B) [60]. It is likely that 
incorporating a predictive criterion is essential for these methods to perform at a comparable 
level. 

 

Fig. 2.4. Visual overview of the algorithm’s performance: A – signal enhancement through 
preprocessing, B – comparison of anomaly detection method thresholds applied to the DRA-

transformed permittivity signal, and C – performance in a real-time process simulation. 

In the final correction step, identified anomalies in the permittivity signal are replaced with 
the mean of the 15 preceding values to prevent sharp spikes from distorting potential substrate 
feed rate calculations. Without correction, such artifacts could be misinterpreted as abrupt 
increases in viable biomass, prompting excessive feed rates that risk process instability or even 
batch failure. Each detected anomaly is followed by a 15-minute validation window during 
which corrections continue. If a typical signal spike is observed – marked by a rapid rise and a 
corresponding drop – both events are treated as a single anomaly to avoid redundant corrective 
actions, since the signal usually returns to baseline. The performance of the signal anomaly 
detection and removal algorithm is demonstrated in a fermentation simulation (Fig. 2.4 C). 

The proposed three-step workflow was successfully applied to recombinant P. pastoris 
fermentation simulations, yielding accurate and stable sensor output despite disturbances. 
Using a static threshold of 1.06 pF·cm⁻¹ and a DRA transformer (window sizes w₁ = 1, w₂ = 15), 
the approach achieved an F1-score of 0.79 (essentially a 79 % accuracy), demonstrating strong 
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anomaly detection performance. Its simplicity, low computational overhead, and adaptability 
make it well-suited for real-time monitoring and control across a wide range of bioprocesses 
and sensor signal types [60]. Nonetheless, while such signal processing significantly improves 
control reliability, it is equally important to identify and resolve the underlying causes of sensor 
anomalies to ensure long-term measurement integrity and process robustness. 
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3. P. pastoris Fermentation Modeling 

Publications: 
• Bolmanis, E.; Grigs, O.; Kazaks, A.; Galvanauskas, V. High-Level Production of 

Recombinant HBcAg Virus-like Particles in a Mathematically Modelled P. pastoris 
GS115 Mut+ Bioreactor Process under Controlled Residual Methanol Concentration. 
Bioprocess Biosyst. Eng. 2022, 45, 1447–1463 [4]. 

• Bolmanis, E.; Bogans, J.; Akopjana, I.; Suleiko, A.; Kazaka, T.; Kazaks, A. Production 
and Purification of Soy Leghemoglobin from Pichia pastoris Cultivated in Different 
Expression Media. Processes 2023, 11, 3215 [56]. 

• Bolmanis, E.; Galvanauskas, V.; Grigs, O.; Vanags, J.; Kazaks, A. Leveraging 
Historical Process Data for Recombinant P. pastoris Fermentation Hybrid Deep 
Modeling and Model Predictive Control Development. Fermentation 2025, 11, 
411 [57]. 

Process modeling is essential for understanding, optimizing, and controlling P. pastoris 
fermentations. Modeling approaches range from mechanistic models, which describe biological 
processes using biochemical and physiological principles, to data-driven models, such as 
statistical and machine learning techniques that infer empirical relationships from process data. 
Mechanistic models offer interpretability and insight into system behavior but require extensive 
domain knowledge and detailed parameterization [23]. Data-driven models, on the other hand, 
handle complex, nonlinear dynamics with minimal prior knowledge, though they depend 
heavily on data quality and often lack transparency [48]. To address these limitations, hybrid 
models that integrate mechanistic understanding with data-driven flexibility are increasingly 
adopted [29, 49, 50]. Effective modeling supports process development, scale-up, and real-time 
control, ultimately enhancing productivity, product quality, and reproducibility in industrial 
fermentations. 

3.1. Mechanistic modeling 

A mechanistic bioreactor model was developed using a dataset of P. pastoris fermentations 
producing HBcAg. Modeling results for the glycerol phase are not shown here, as the methanol 
induction phase is more critical for recombinant protein production; for a complete overview 
of the modeling results, including the glycerol phase, refer to the original article [4]. 

A macrokinetic process model was developed to capture the intracellular energy and 
metabolite balances during methanol metabolism, based on the formulation by Ren et al. [61]: 
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where φ is the fraction of formaldehyde oxidized to formate, K1 and K2 are model parameters, 
YATP is the ATP yield coefficient [g∙mol−1], P/O is the oxidative phosphorylation effectiveness 
coefficient, qG is the specific glycolysis rate [mol∙g−1∙h−1], µ is the specific growth rate [h−1], 
qAc is the specific acetyl-CoA production rate [mol∙g−1∙h−1], and qO2 denotes the specific oxygen 
uptake rate [mol∙g−1∙h−1]. 

The biomass specific growth rate (μ) was obtained by solving the system of equations using 
linear algebra methods. The specific methanol uptake rate (qMeOH) was computed using a non-
monotonically increasing function originally proposed by Jackson & Edwards [62]: 

𝑞𝑞MeOH = 𝑞𝑞max ×𝑆𝑆
𝐾𝐾𝑆𝑆+𝑆𝑆+(𝑆𝑆2 𝐾𝐾𝑖𝑖⁄ )

× 𝑀𝑀, (3.2) 

where qmax is the maximum specific methanol uptake rate [g∙g−1∙h−1], S is the residual methanol 
concentration in culture media [g∙L−1], KS is the methanol saturation constant [g∙L−1], Ki is the 
methanol inhibition constant [g∙L−1], and M is the molar mass of methanol [g∙mol−1]. 

Product accumulation (qP) was described using the Luedeking-Piret model, which relates 
product formation to both growth-associated and non-growth-associated mechanisms: 

𝑞𝑞𝑃𝑃 = μ × 𝑌𝑌PX , (3.3) 

where µ is the specific cell growth rate [h−1], and YPX is the specific product yield coefficient 
[g∙g−1]. 

The calculated growth, substrate uptake, and product formation rates were incorporated into 
bioreactor mass balance differential equations to simulate the dynamic behavior of biomass (X), 
residual methanol (S), culture volume (V), and product accumulation (P) throughout the 
fermentation process. Optimal model parameters were determined based on values reported in 
the scientific literature and refined through a parameter tuning procedure using fermentation 
data. The developed model successfully reproduced the dynamic behavior of key process 
variables during the methanol induction phase of P. pastoris fermentation [4]. The 
corresponding simulation results are shown in Fig. 3.1. 
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Fig. 3.1. Mechanistic modeling results, showing cell biomass, methanol concentration, culture 
volume and product concentration dynamics from five P. pastoris fermentations producing 

HBcAg. 

The model achieved good accuracy for biomass (5.05 % NRMSE), reactor volume 
(5.65 %), and product concentration (8.57 %). However, it frequently underestimated residual 
methanol concentration after cellular adaptation, leading to reduced accuracy (20.83 %) [4]. 
Despite this, methanol accumulation during increased substrate feed rates was accurately 
captured. While further refinement is needed, this model represents a rare effort to simulate 
residual methanol dynamics in P. pastoris fermentations. 

Finally, a sensitivity analysis was conducted to evaluate the model’s robustness and to 
identify the most influential parameters. The results indicated that certain parameters exhibited 
high sensitivity, where even minor deviations significantly affected model accuracy. The 
greatest sensitivity was observed during the glycerol growth phase, where small errors tended 
to accumulate and amplify throughout the fermentation, leading to a compounding effect on 
model predictions [4]. These findings suggest that the model is best suited for application during 
the methanol induction phase, where it demonstrates greater stability and predictive reliability. 

3.2. Data-driven modeling 

Data-driven modeling leverages historical process data to uncover empirical relationships 
and predict system behavior without relying on detailed mechanistic knowledge [63]. This 
approach is particularly valuable in complex bioprocesses like P. pastoris fermentations, where 
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nonlinear dynamics and limited process understanding can hinder purely mechanistic modeling. 
By employing machine learning techniques, data-driven models can capture intricate input–
output relationships, support real-time monitoring (soft sensors), and enhance predictive 
accuracy – provided that high-quality, representative datasets are available [56, 63]. 

An ANN-based soft sensor for cell biomass estimation was developed using only standard 
bioreactor measurements from two fermentation runs [56]. Predictor inputs included stirrer 
speed (RPM), DO (%), O₂ enrichment (%), pumped base, glycerol, methanol feeds (mL), and 
reactor volume (L), while real-time in situ turbidity biomass probe data served as the training 
target. The dataset was divided into 70 % for training, 15 % for testing, and 15 % for validation. 
To reduce abrupt fluctuations and noise in the developed biomass soft sensor, a Savitzky-Golay 
filter with a first-order polynomial and a frame length of 29 was applied. A two-layer 
feedforward neural network with 10 sigmoid-activated hidden neurons and a single linear 
output neuron was used for model training, as illustrated in Fig. 3.2. 

 
Fig. 3.2. Structure and the biomass modeling results of the developed ANN-based biomass 

soft sensor. 

The developed data-driven model accurately captured the cell biomass dynamics in the 
evaluated cultivations, demonstrating a good fit across nearly all experiments (Fig. 3.2). The 
overall precision was estimated at 3.72 % NRMSE on the training dataset; however, due to a 
methodological oversight, its ability to generalize to unseen data was not evaluated. Notably, 
the soft sensor relies solely on standard bioreactor measurements and does not incorporate 
additional signals such as CO₂ concentrations [46, 64]. While this may slightly limit accuracy, 
it eliminates the need for extra instrumentation. Overall, the achieved performance can be 
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considered sufficient for application in recombinant P. pastoris cultivations as a 
complementary measurement to experimental sampling. 

3.3. Hybrid modeling 

Bioprocess monitoring and control continue to face significant challenges due to the 
complexity and nonlinearity of biological systems. In response, hybrid modeling approaches – 
combining the strengths of mechanistic and data-driven models – have emerged as powerful 
tools. These models play a key role in the digital transformation of biomanufacturing, 
particularly as machine learning grows in prominence for its ability to capture process dynamics 
without requiring complete system knowledge [29, 49]. Selecting an optimal neural network 
architecture is critical for achieving high model accuracy and generalization in deep learning 
applications. 

A universal hybrid process model for recombinant P. pastoris fermentations was developed 
by leveraging a historical dataset comprising 17 fermentation runs conducted over the course 
of the Thesis research [57]. The general structure of the hybrid process model is illustrated 
in Fig. 3.3. 

 

Fig. 3.3. General structure of the developed hybrid process model. 

The model's input layer consists of five key variables: substrate (methanol) feed rate (FS, 
mL·min⁻¹), dry cell biomass concentration (X, gDCW·L⁻¹), product concentration (P, mg·L⁻¹), 
culture volume (V, L), and an empirical shock factor (Sh). The shock factor, initialized as 
Sh(0) = 1, captures the cumulative toxic effect of methanol feeding on the cells and is treated 
as an unmeasured internal state. The model generates three outputs: specific growth rate (µ), 
specific production rate (qp), and the rate of change of the shock factor (k₁). These outputs are 
then passed to a parametric component formulated as a system of ordinary differential equations 
(ODEs), grounded in material balances and physicochemical assumptions. Within this 
structure, substrate feed rate (FS), sampling rate (Fsmpl) and volumetric flow rate (F) serve as 
the only external inputs. 

A three-step strategy was employed to optimize the hybrid model’s hidden layer 
architecture. First, Bayesian optimization rapidly explored key hyperparameters – such as layer 
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type (LSTM or fully connected (FC)), depth, activation functions, and node count – by training 
networks in parallel for 10 epochs with an elevated learning rate and selecting architectures 
based on validation loss and AICc to balance model fit and complexity. Next, a focused grid 
search refined these candidates by evaluating the remaining 200 combinations of activation 
functions (LeakyReLU, ReLU, Tanh, or none), LSTM units (1–5), and fully connected nodes 
(1–10), from which the top five models were selected. Finally, these top models were fully 
trained (20 000 iterations), and the best-performing model was selected; the use of a dropout 
layer was also assessed to enhance robustness and generalization. 

Bayesian optimization efficiently identified promising hybrid model architectures by 
focusing the search on high-performing hyperparameter regions, significantly reducing the 
number of models evaluated. The top-ranked architectures consistently featured an LSTM layer 
followed by one FC layer, underscoring the value of sequential feature extraction and nonlinear 
output mapping. A subsequent exhaustive grid search refined the model selection by evaluating 
all feasible combinations of hidden units, node counts, and activation functions. Using both 
validation loss and AICc, five balanced models were selected from the Pareto front, achieving 
strong predictive accuracy with moderate complexity, thus ensuring generalizability and 
computational efficiency (Table 3.1). 

Table 3.1 

Summary of the best-performing network architectures 

Hidden units Nodes Activation 
Validation 

loss [%] 
No. of 

parameters 
AICc 

3 5 LeakyReLU 7.28 146 1294 
2 10 LeakyReLU 6.37 127 1155 
2 9 Tanh 8.14 121 1236 
2 8 ReLU 4.93 115 998 
1 9 Tanh 8.27 76 1090 

 
In the final optimization step, the five shortlisted architectures were each trained over 10 

independent runs (20 000 iterations) to evaluate robustness and performance consistency under 
different random initializations (Table 3.1). The top-performing model featured two LSTM 
units, eight nodes in the FC layer, and a ReLU activation function, achieving the lowest 
validation loss (4.93 %) and AICc (998), indicating an optimal trade-off between predictive 
accuracy and simplicity (Fig. 3.4). Introducing dropout layers (0.1–0.5 probability) consistently 
degraded performance, suggesting that the model was already sufficiently regularized. 

As shown in Fig. 3.4, the model effectively captures both biomass and product dynamics 
throughout the fermentation process. However, it does not fully account for the subtle decline 
in biomass concentration following methanol induction, which reflects the cellular adaptation 
to methanol metabolism. This results in a slight overestimation of biomass during the early 
methanol phase. Due to limited cell growth during the adaptation to methanol, biomass 
sampling was often omitted; however, such measurements are essential for the model to 
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accurately learn and reflect the growth stagnation characteristic of this phase. Despite the 
limited availability of experimental product measurements, the model also demonstrates strong 
performance in estimating product concentration. 

 

Fig. 3.4. Cell biomass and product concentrations estimated using the selected hybrid process 
model for HBcAg (upper row) and LegH (lower row). 

3.4. Model performance comparison 

To enable a fair and meaningful comparison between mechanistic, data-driven, and hybrid 
modeling approaches, all three model types were evaluated using the same dataset. While 
earlier sections demonstrated each model’s capabilities individually – often using different 
subsets of data – direct comparisons require consistent training and testing conditions. 
Therefore, a unified dataset (20 experiments) was selected to ensure that all models operated 
on equivalent input-output information. This standardized benchmark enables an objective 
assessment of predictive accuracy, generalization performance, and model complexity across 
the different modeling paradigms. 

Given that three distinct recombinant products were investigated during this Thesis 
research, product-specific parameters were optimized independently within each corresponding 
experimental subset to ensure accurate and unbiased product concentration estimation. Finally, 
to fully leverage the available data, 4-fold cross-validation was applied by randomly 
partitioning the dataset into four subsets, each with separate training and testing partitions. Each 
testing fold included two experiments producing HBcAg, two producing LegH, and one 
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producing Qβ, ensuring a balanced and representative evaluation across all product types. 
Model performance was reported as the mean ± standard deviation of the testing results across 
all cross-validation folds. The full experimental dataset is summarized in Table 3.2. 

Table 3.2 

Experimental dataset used for model comparison 

Exp 
No. Strain, product Induction 

time [h] 
Biomass 

[gDCW·L−1] 
Feed rate 

[mL·min−1] 
Vend [L] 

1 GS115, HBcAg 65 37.5–101.6 0.12–0.78 2.85 

2 GS115, HBcAg 45 40.6–113.5 0.12–1.00 3.09 

3 GS115, HBcAg 43 41.2–120.1 0.12–0.98 3.13 

4 GS115, HBcAg 50 59.2–120.1 0.12–0.36 2.54 

5 GS115, HBcAg 51 41.4–96.6 0.12–0.36 2.87 

6 GS115, HBcAg 48 49.1–120.0 0.12–0.50 2.88 

7 GS115, HBcAg 43 53.7–101.5 0.12–0.36 2.74 

8 GS115, HBcAg 54 44.1–84.0 0.12–0.56 2.75 

9 X-33, LegH 65 55.4–123.2 0.12–0.36 2.57 

10 X-33, LegH 46 49.5–95.4 0.12–0.60 2.98 

11 X-33, LegH 65 48.9–111.2 0.12–0.36 2.85 

12 X-33, LegH 50 45.3–101.3 0.12–0.36 2.61 

13 X-33, LegH 45 52.9–103.1 0.12–0.36 2.55 

14 X-33, LegH 46 45.1–101.3 0.12–0.36 2.52 

15 X-33, LegH 65 51.0–101.7 0.12–0.36 2.66 

16 X-33, LegH 46 50.6–92.4 0.12–0.60 3.00 

17 X-33, Qβ 65 52.5–117.6 0.12–0.49 3.23 

18 X-33, Qβ 48 49.3–117.2 0.12–1.00 3.40 

19 X-33, Qβ 55 50.1–107.7 0.12–0.36 2.84 

20 X-33, Qβ 52 52.9–112.6 0.12–0.87 3.45 

Unsurprisingly, the modeling performance varied significantly across the different model 
types. The training and testing losses for each model type are summarized in Table 3.3. 
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Table 3.3 

Model performance comparison, average precision (NRMSE) 

Model Metric Biomass [%] Product [%] Average [%] 

Mechanistic 
Train 10.9 ± 2.0 19.6 ± 2.7 15.3 ± 2.2 

Test 13.1 ± 4.4 65.4 ± 33.8 39.2 ± 18.9 

Data-driven 
Train 7.9 ± 1.3 7.7 ± 2.2 7.8 ± 0.5 

Test 14.8 ± 2.3 41.7 ± 9.2 28.2 ± 5.4 

Hybrid 
Train 9.1 ± 1.9 11.7 ± 3.1 10.4 ± 2.5 

Test 9.1 ± 2.0 13.1 ± 5.5 11.1 ± 2.6 

Table 3.3 illustrates several key differences between the three model types. All models 
demonstrated reasonable accuracy in predicting biomass concentration during training, with 
NRMSEs ranging from 7.9 % to 10.9 %. However, the hybrid model achieved the lowest test 
error for biomass prediction (9.1 %), indicating better generalization to unseen data compared 
to the mechanistic (13.1 %) and data-driven (14.8 %) models. This suggests that integrating 
mechanistic insights with data-driven learning offers improved robustness, especially in 
capturing biomass dynamics under varying process conditions.  

In terms of product concentration estimation, the differences between model types became 
more pronounced. The hybrid model significantly outperformed the others with a test error of 
13.1 %, closely aligned with its training performance (11.7 %), suggesting strong 
generalization and reliable learning of production dynamics. In contrast, the mechanistic model 
exhibited a substantial performance gap, with a relatively high training error (19.6 %) and a 
very large test error (65.4 %), reflecting poor adaptability to variability in experimental data 
and limited ability to capture recombinant protein expression patterns. The data-driven model 
performed better than the mechanistic one (41.7 %), but still lagged behind the hybrid approach, 
potentially due to its lack of process-specific prior knowledge. 

The hybrid model demonstrated the best overall performance, with an average training error 
of 10.4 % and a test error of 11.1 %, indicating both accurate fitting and strong generalization. 
The mechanistic model had limited flexibility (39.2 % test error), while the data-driven model 
showed signs of overfitting, with low training error (7.8 %) but higher test error (28.2 %). These 
results highlight the hybrid model’s ability to effectively combine mechanistic knowledge with 
data-driven learning, making it the most robust and reliable choice for modeling complex 
bioprocesses like recombinant P. pastoris fermentations. 

Figure 3.5 illustrates the model performance in predicting biomass and product 
concentrations for a representative experiment from each recombinant protein producer. The 
hybrid model consistently delivers the most accurate results, effectively capturing both biomass 
growth and product accumulation trends without direct fitting to the data. 
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Fig. 3.5. Comparison of model performance in estimating biomass and product concentrations 
for one experiment from each recombinant protein producer. 

To put these results into perspective, several factors must be considered – notably, the 
quality, diversity, and completeness of the dataset. The data encompassed three different 
P. pastoris constructs from two distinct strains, GS115 and wild-type X-33. While growth and 
production dynamics were generally similar, biological variability is expected. Furthermore, 
the experiments were conducted over several years, and although standardized protocols were 
followed, minor operational or technical inconsistencies may have occurred. Data scarcity – 
particularly for recombinant protein concentration – also played a significant role. Product 
quantification involved time- and labor-intensive purification procedures, often requiring 
multiple chromatography runs, which limited the frequency of measurements. As a result, the 
models sometimes struggled to accurately capture product dynamics. Collectively, these factors 
may contribute to increased modeling error. 

Despite these challenges, the hybrid model demonstrated strong performance – accurately 
capturing both biomass and product dynamics across diverse conditions. Its ability to generalize 
was supported by the close alignment between training and testing losses, indicating that the 
model did not overfit and maintained predictive robustness on unseen data. 
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3.5. Transfer learning 

Transfer learning is a machine learning technique that leverages knowledge gained from 
training a model on one task or dataset to improve performance on a related but distinct task or 
dataset [65]. In the context of hybrid bioprocess modeling, it enables the adaptation of a 
pretrained model to new products, strains, or process variants – accelerating training, reducing 
the need for extensive new data, and enhancing predictive accuracy. This is particularly 
valuable in bioprocess development, where generating high-quality experimental data is both 
time-consuming and labor-intensive, making transfer learning a practical strategy for improving 
model scalability, efficiency, and applicability across diverse bioproduction scenarios [57, 65]. 

In this study, transfer learning was applied to adapt a historical hybrid model – trained on 
17 HBcAg and LegH fermentation experiments – to the Qβ production process using only two 
experiments (Exps. 17 and 18 from Table 3.2). The key idea was to use the historical process 
model as the initialization for the Qβ model training. By updating the LSTM layer weights at a 
reduced learning rate (0–1.0 relative to the rest of the network), the model retained previously 
learned temporal dynamics while still adapting to the new Qβ dataset. This strategy enabled the 
model to leverage general P. pastoris fermentation patterns captured from the historical data, 
thereby improving generalization and mitigating the limitations of training on such a small 
dataset. 

First, the effect of adapting the historical hybrid model to the Qβ dataset was evaluated by 
comparing its test loss (Exp. 19 in Table 3.2) and variability against a baseline model trained 
from scratch with randomly initialized weights. The results show that initializing Qβ model 
training with the pre-trained historical process model, rather than training from scratch, led to 
markedly lower test loss values (mean 5.31 % vs. 9.90 %) with substantially reduced variability 
(std ± 0.34 vs. ± 7.38) (Fig. 3.6 A). In addition, training converged more quickly, requiring 
fewer iterations on average (8 820 vs. 13 070) (Fig. 3.6 B). These findings suggest that general 
process models, trained on related datasets, can serve as effective starting points for new hybrid 
model development in P. pastoris fermentations [57, 64]. By retaining prior process knowledge, 
such models not only reduce test loss but also shorten training time, which is particularly 
valuable when working with small datasets. 

To achieve optimal transfer learning, the LSTM layer’s relative training rate was 
determined through systematic screening. Because the LSTM layer encodes process temporal 
dynamics, adjusting its training rate allows the model to retain prior knowledge while adapting 
to a new dataset. The results indicate that training the LSTM layer at 0.6–0.8 of the learning 
rate of the remaining network yields the best performance, with an average test loss of 4.53 ± 
0.20 % across ten repetitions (Fig. 3.6 C). These findings suggest that partially retraining 
memory layers, rather than fully freezing or fully retraining them, provides an effective balance 
between preserving prior temporal knowledge and capturing new process-specific features [57]. 
In this particular case, setting the LSTM learning rate in this range enables efficient transfer 
learning with minimal variability in test loss. 
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Fig. 3.6. Mean test losses (A) and number of training iterations (B) for the hybrid Qβ process 
model when adapted from a historical model or trained from scratch, and mean test loss as a 

function of the LSTM layer relative learning rate (C). 

The final hybrid process model, adapted from the historical model with an LSTM relative 
learning rate of 0.6, exhibited strong predictive performance, accurately capturing the dynamics 
of key variables throughout the Qβ fermentation process. Overall, it achieved a test NRMSE of 
4.35 %, with 3.16 % for biomass concentration and 5.64 % for product concentration, 
demonstrating reliable estimation of both process parameters (Fig. 3.7). 

A B

C
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Fig. 3.7. Prediction of the dynamic profiles of cell biomass and product modeled with the 

trained hybrid process model. 

As the biomass growth is often similar in most P. pastoris producers, the main source of 
variation when modeling fermentations across different producers arises from differences in 
product accumulation dynamics. Consequently, directly transferring a model trained on one 
producer to another without adaptation can lead to suboptimal predictions, as the learned 
representation of product kinetics may not generalize. To address this, additional strategies for 
transfer learning with partial layer freezing can be explored, such as including additional 
adapter modules, segmenting the hybrid model into separate subnetworks for each output (e.g., 
one module for biomass, another for product), or fine-tuning product-specific parameters. This 
approach helps retain generalizable process knowledge, such as conserved biomass growth 
dynamics, while allowing the model to capture producer-specific features, like strain-dependent 
product accumulation. This approach enables efficient adaptation to new producers even with 
limited experimental data, reducing the need to train entirely new models from scratch. 

With only two experiments available, the training data are insufficient to fully explore the 
process parameter space. As a result, the model can perform well only under conditions similar 
to those encountered during training, while predictions for unobserved regions are likely to be 
unreliable due to limited extrapolation capability. Training on a new dataset while leveraging 
the historical process model allows the model to retain valuable knowledge from the more 
diverse historical dataset, thereby improving performance under process conditions not covered 
by the Qβ dataset, as demonstrated in this Thesis. 

In summary, this study demonstrates that transfer learning using a historical hybrid model 
is an effective strategy for developing predictive models for new P. pastoris fermentation 
processes with limited experimental data. By initializing the Qβ model with the pre-trained 
historical model and partially retraining the LSTM layer at an optimized relative learning rate, 
the approach retained general temporal dynamics while adapting to strain-specific product 
accumulation. This method not only reduced test loss and variability compared to training from 
scratch but also accelerated convergence, yielding a final model capable of accurately 
predicting both biomass and product concentrations. These results highlight the value of 
leveraging prior knowledge through hybrid transfer learning to improve model generalization 
and efficiency in small-data bioprocess applications.  
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4. Fermentation Control 

Publications: 
• Bolmanis, E.; Grigs, O.; Kazaks, A.; Galvanauskas, V. High-Level Production of 

Recombinant HBcAg Virus-like Particles in a Mathematically Modelled P. pastoris 
GS115 Mut+ Bioreactor Process under Controlled Residual Methanol Concentration. 
Bioprocess Biosyst. Eng. 2022, 45, 1447–1463 [4]. 

• Bolmanis, E.; Galvanauskas, V.; Grigs, O.; Vanags, J.; Kazaks, A. Leveraging 
Historical Process Data for Recombinant P. pastoris Fermentation Hybrid Deep 
Modeling and Model Predictive Control Development. Fermentation 2025, 11, 
411 [57]. 

Substrate feed rate control is a critical aspect of fermentation process management, directly 
influencing cell growth, product formation, and overall process performance. Precise control of 
the substrate feed – such as glucose, glycerol, or methanol – ensures that microorganisms 
receive the optimal nutrient supply to maintain metabolic activity while avoiding substrate 
inhibition or nutrient limitation. Effective feed rate strategies help maintain desired growth 
rates, prevent accumulation of toxic by-products, and improve yield and productivity. Various 
control approaches, ranging from simple feed-forward schemes to advanced model-based and 
real-time feedback control systems, have been developed to optimize substrate delivery and 
stabilize fermentation dynamics [18, 33]. Robust substrate feed control is therefore essential for 
achieving reproducible and scalable bioprocesses. 

4.1. Methanol set-point control 

Residual methanol concentration control in P. pastoris fermentations is crucial for 
optimizing recombinant protein production while avoiding substrate inhibition or toxicity [12, 
66]. Precise control ensures methanol is maintained at levels that support cell metabolism and 
protein expression without causing stress or excessive accumulation. Common strategies 
involve using online methanol sensors combined with control algorithms, such as simple PID 
loops, to dynamically adjust methanol feed rates and maintain optimal residual concentrations 
throughout the induction phase [33]. 

To investigate the effect of residual methanol concentration on recombinant protein 
biosynthesis, a series of experiments was conducted screening HBcAg production at residual 
methanol levels of 0.01 g∙L–1, 1.0 g∙L–1, and 2.0 g∙L–1 [4]. A PI (proportional integral) controller 
was developed, using the signal from an off-gas methanol sensor (BCP-EtOH, BlueSens) to 
maintain constant methanol levels. The real-time methanol sensor signal was processed using 
the moving average filter described in Section 2.2. The control algorithm regulated methanol 
addition by stabilizing the sensor signal around the desired set-point through a feedback control 
equation incorporating the PI term: 

𝐹𝐹𝑡𝑡+∆𝑡𝑡 = 𝐹𝐹𝑡𝑡 −
𝑉𝑉

(𝑆𝑆0−𝑆𝑆) × 𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

+ 𝐾𝐾𝑝𝑝 �(ε𝑡𝑡 − ε𝑡𝑡−1) + ∆𝑡𝑡
τ𝐼𝐼
ε𝑡𝑡�, (4.1) 
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where Ft is the substrate feed rate at the current time t [mL∙min−1], V is the reactor volume [L], 
S0 is the substrate concentration in the feed [g∙L−1], S is the substrate concentration in the reactor 
[g∙L−1], Kp is the proportional gain parameter [L²∙g⁻¹∙h⁻¹], ε is the control error [g∙L−1], Δt is the 
time interval between steps [min], and τI is the integral time constant [min]. 

The integration of the model with the PI control algorithm allowed the parameters Kp and 
τI to remain constant throughout the cultivation. However, control performance was highly 
sensitive to the selected Kp value. This gain parameter, ranging between 0.02 and 
0.05 [L²∙g⁻¹∙h⁻¹], was adjusted based on the desired residual methanol concentration. In contrast, 
the integral time constant τI was fixed at 10 minutes across all experiments. 

In Experiment 2, no residual methanol control was applied. The methanol feed rate was 
slightly increased to assess its impact on HBcAg productivity – providing baseline data for 
comparison. In Experiment 3, residual methanol was controlled at 1.0 [g∙L⁻¹] starting at 40 
hours using a PI controller, which maintained stability with an average deviation of 
± 0.28 [g∙L−1] (28 % NRMSE) until 72 hours, when a 1 [L] cell harvest triggered a transient 
methanol spike. Although the controller initially adapted, methanol levels soon spiked again, 
indicating possible culture overfeeding. 

In Experiment 4, the set-point was increased to 2.0 [g∙L⁻¹], but the same control gain 
(Kp = 0.05 [L²∙g⁻¹∙h⁻¹]) was retained, resulting in significant instability with methanol 
fluctuating between 1.0 and 3.0 [g∙L⁻¹], with an average deviation of ± 1.26 [g∙L−1] (63 % 
NRMSE). Reducing the gain to Kp = 0.002 [L²∙g⁻¹∙h⁻¹] in Experiment 5 significantly improved 
control performance. These results, illustrated in Fig. 4.1, demonstrate that the PI controller can 
maintain residual methanol levels reliably when properly tuned with an average deviation of 
± 0.67 [g∙L−1]. However, its effectiveness was highly sensitive to the choice of control 
parameters – particularly the proportional gain. While the controller showed some adaptability 
to process disturbances, stability was compromised under poorly matched parameters or abrupt 
culture changes. These findings underscore the need for careful – and potentially adaptive – 
tuning of control settings to ensure robust methanol regulation across dynamic fermentation 
phases. 
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Fig. 4.1. Cell biomass, residual methanol concentration and methanol feed rate dynamics 

during P. pastoris fermentation experiments with residual methanol PI-control. 

The PI-based methanol feed control algorithm proved effective for recombinant P. pastoris 
fermentations. When properly tuned, it enabled accurate control of residual methanol 
concentrations using feedback from the exhaust gas methanol sensor with an average set-point 
deviation of ± 0.28 – 0.67 [g∙L−1], corresponding to an NRMSE of 28–63 %. However, due to 
its high sensitivity to the tuning of control parameters, implementing an automated tuning 
procedure is recommended to ensure robust performance across different methanol set-points. 
Control accuracy could be further enhanced by incorporating an in situ methanol sensor probe, 
providing more direct and responsive measurement. 

4.2. Model predictive control 

Hybrid MPC systems integrate data-driven models, such as neural networks, with first-
principles process knowledge to enable accurate prediction and real-time optimization in 
complex bioprocesses. These controllers leverage the strengths of both mechanistic 
understanding and machine learning to handle nonlinear dynamics, unmodeled disturbances, 
and measurement noise. In biomanufacturing, hybrid MPC is particularly well-suited for 
controlling fed-batch fermentations, where physiological variability and substrate-product 
interactions are difficult to capture with purely mechanistic models alone [67, 68]. 

An MPC framework was developed based on the hybrid process model to regulate cell 
growth near the maximum specific growth rate [57]. The MPC estimated the optimal substrate 
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feed rate, FS(t), required to track a predefined growth trajectory, μset(t). As the hybrid model is 
non-invertible – with FS as input and μ as output – a numerical optimization using MATLAB’s 
fminbnd function was applied at each control step within the bounds 
FS ∈ [0.36, 1.00] mL∙min−1: 

min
𝐹𝐹𝐹𝐹∈[0.36,1.00] 𝑚𝑚𝑚𝑚×min−1

∑ [μ(𝑘𝑘) − μset(𝑘𝑘)]2𝑁𝑁𝑁𝑁
𝑘𝑘=1 , (4.2) 

subject to the hybrid model dynamics: 

𝑥𝑥(𝑘𝑘 + 1) = 𝑓𝑓hybrid(𝑥𝑥(𝑘𝑘),𝐹𝐹𝑆𝑆(𝑘𝑘)), (4.3) 

where x(k) denotes the state vector and μ(k) is the predicted growth rate at time step k. The 
control and prediction horizons were set to NC = 1 hour and NP = 12 hours, respectively. The 
hybrid model was simulated with a 1-minute sampling interval to ensure accurate predictions. 

To maintain adaptability, the model was retrained ~3 times daily after each sampling using 
updated biomass measurements, Xmeas(t). Real-time process data – including substrate feed rate, 
base, and antifoam addition – were integrated into MATLAB, linked to the bioreactor SCADA 
system via an OPC server, enabling real-time closed-loop control. 

MPC was initiated after methanol adaptation (8–10 h post-induction). The growth rate 
setpoint μset(t) was applied in a step-wise fashion: 0.04 h⁻¹ (0–12 h), 0.02 h⁻¹ (12–24 h), and 
0.01 h⁻¹ (24–36 h), balancing productivity and cellular stress. 

To evaluate the practical applicability of the hybrid MPC framework, experimental 
validation was performed by controlling the feed rate in a real fermentation run. This enabled 
assessment of the system’s ability to predict and regulate key bioprocess variables in real time 
(Fig. 4.2). 

 

Fig. 4.2. Hybrid MPC predicted vs. experimentally determined biomass and product 
concentrations during experimental validation. 
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Biomass prediction accuracy was good; however, the model overestimated growth during 
the initial 8–12 hours post-induction – when cells adapt to methanol – and again toward the end 
of fermentation. Manual adjustments were applied during re-training based on offline sampling 
data, resulting in an overall biomass NRMSE of 6.5 %. Similarly, product concentration was 
consistently overestimated, yielding a moderate error of 14.6 % [57].  

Despite these predictive limitations, the control performance of the hybrid MPC was robust. 
The system successfully generated feed profiles that maintained the desired specific growth 
rate, demonstrating effective regulation even in the presence of modeling inaccuracies. The 
controller tracking performance is illustrated in Fig. 4.3. 

 

Fig. 4.3. Target vs experimental biomass growth (A), specific growth rate (B) and feed rate 
plots (C). Vertical lines indicate µ shifts. 

The hybrid MPC system demonstrated strong performance in tracking the specific growth 
rate set-point throughout the fermentation with a tracking error of 10.6 % NRMSE. However, 
a slight deviation from the target biomass trajectory was observed during the final 12 hours, 
particularly after the growth rate was reduced to 0.01 h⁻¹. This deviation is likely attributable 
to the cytotoxic effects of methanol accumulation, which can inhibit cellular metabolism and 
biomass formation during the late fermentation phase. This trend is also reflected in the growth 
rate tracking plot, where the measured specific growth rate fell below the target in this period. 
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Performance of the MPC system could be further improved by conducting a more 
comprehensive exploration of the process design space. Systematic screening of a broader range 
of operating conditions – including feed rate trajectories, induction timings, and specific growth 
rate set-points – would help identify optimal control strategies. Such efforts would enhance the 
controller’s ability to manage process variability and disturbances, thereby improving its 
robustness and adaptability across different fermentation scenarios. Additionally, a more 
comprehensive process model would support extended MPC applications, such as estimating 
optimal feed rates to maximize product yield. 

Overall, despite minor discrepancies toward the end, the control system maintained accurate 
growth regulation for the majority of the fermentation, highlighting its robustness, reliability 
and potential application in controlling recombinant P. pastoris fermentations. 
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CONCLUSIONS 

1. Real-time bioprocess sensor signal pre-processing significantly improves signal quality: 
methanol sensor deviation was reduced by 63 % and dielectric spectroscopy noise by 33 %. 
Additionally, the permittivity anomaly detection and removal algorithm achieved 79 % 
accuracy, supporting reliable sensor use in monitoring and control applications. 

2. In modeling P. pastoris fermentation processes, hybrid models consistently outperformed 
mechanistic and data-driven approaches, achieving the lowest test NRMSE (11.1 ± 2.6 %) 
versus 39.2 ± 18.9 % and 28.2 ± 5.4 %, respectively. 

3. Updating the historical hybrid process model with the Qβ dataset at a 0.6 relative learning 
rate outperformed training from scratch, lowering mean test loss and deviation (from 
9.90 ± 7.38 % to 5.31 ± 0.34 %) in fewer iterations (8820 vs. 13 070) and achieving a test 
NRMSE of 4.35 %, enabling accurate predictions through transfer learning with limited 
data from just three experimental runs. 

4. The PI-based feed rate controller achieved moderate methanol set-point control, with 
estimated NRMSE values of 28 % and 63 % at 1 [g∙L−1] and 2 [g∙L−1], respectively. Its 
tuning sensitivity emphasizes the need for automated parameter adjustment and direct 
in situ sensing to improve performance by enhancing sensor response and signal quality 
under dynamic fermentation conditions. 

5. The hybrid MPC demonstrated robust control in P. pastoris fermentation process, 
maintaining the target specific growth rate with a 10.6 % NRMSE tracking error despite 
modeling inaccuracies. As MPC performance strongly depends on the underlying model, 
these findings highlight the need for high-quality models is crucial for successful MPC 
implementation in fermentation control and support further investigation of hybrid MPC for 
P. pastoris bioprocesses. 
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