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1. INTRODUCTION 

1.1. Relevance of the Research 

Informatics engineering promotes biotechnology by creating improved 

computer systems tools and algorithms which provide for the effective research and 

interpretation of complicated biological data and phenomena, resulting in faster drug 

development and manufacture. This synergy between informatics and biotechnology 

encourages innovation, efficiency, and quality, alongside the improvement in 

healthcare and research [1, 2]. The importance of informatics in the biotechnology 

industry, especially in the field of pharmaceuticals, has been gradually growing in 

recent decades, and, with the start of the COVID-19 pandemic in 2020–2021, the 

importance of informatics engineering has grown rapidly to speed up the production 

of drugs and vaccines as much as possible [3, 4]. 

 In the pharmaceutical sector, as well as biologics, large, complex compounds 

are derived from live organisms. Microorganisms produce substances, such as 

proteins and antibodies, that are used to treat diseases like cancer, autoimmune 

conditions, infections and more [5].  

Cell culture, formulation, planning, and product synthesis are a few of the 

processes in the biologics production process [6]. These cell cultures are cultivated in 

bioreactors, where the necessary ingredients are also synthesized. The goal of a 

bioreactor is to create the ideal environment for cell growth and product synthesis. 

Temperature, pH, dissolved oxygen, mixing, nutrition, and sterility are just a few of 

the main variables that must be carefully considered to create the optimal environment 

for cells in a bioreactor. High levels of cell growth and productivity can be attained 

by researchers by optimizing these variables, which will result in the creation of new 

treatments and goods [7, 8]. 

Many different cell types in a bioreactor depend on glucose as a crucial nutrition 

source. It serves as the primary energy source for cellular metabolism and is utilized 

to make a variety of cellular products. The growth and productivity of cell cultures 

are significantly influenced by the glucose feed [9, 10]. Low glucose levels in the 

bioreactor result in slower growth rates. On the other hand, excessive glucose levels 

cause harmful buildup of byproducts and alterations in cellular metabolism that may 

affect the overall cell survival and synthesis [11, 12]. Researchers must carefully 

balance the supply of glucose with the metabolic needs of the cells to optimize glucose 

feed in a cell culture. This process requires monitoring the typical bioprocess 

parameters, such as the glucose level in the bioreactor, the growth rate of specific 

cells, cell concentration, and the product synthesis rate. Adapting the feed rates 

regarding those variables is mandatory in case we seek to maintain the optimal level 

of the cultivation process efficiency [13, 14]. 

Yet, without pricey hardware sensors, measuring those crucial bioprocess 

parameters online is essentially impossible. The lack of information about the 

process is the major problem in biotechnology, and the feedback control is 

unattainable without acceptable estimation. In that circumstance, researchers have 

begun the development of ‘virtual sensors’, or ‘soft sensors’, which are software-

based instruments that estimate the process variables online based on the previously 
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accrued process data [15]. This research relies on soft sensors that evaluate the 

cultivation process from the exhaust gas from the bioreactor and give a feedback 

signal to the control loop that manages the efficiency of the process.  

1.2. Research Object 

The research focuses on three key variables in the cultivation process that cannot 

be measured online – these are the specific cell growth rate, the viable biomass 

concentration, and the target product concentration.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1.3. Aim of the Research  

The aim of the research is to increase the productivity of the cultivation process 

by applying precise, reliable estimation algorithms (soft sensors) based on the 

bioreactor exhaust gas to monitor the crucial growth process parameters which cannot 

be assessed directly. To achieve the goals of this research, the following objectives 

have been set out:  

1. Development and investigation of an estimation algorithm for biomass 

concentration evaluation to monitor the state of a bioprocess. 

2. Development and analysis of target product modelling to offer product yield 

relationships. 

3. Development and investigation of an estimation algorithm for specific cell growth 

rate evaluation to provide feedback information to the control system. 

4. Development and investigation of an estimation algorithm for viable cells 

evaluation of a mammalian cell culture to monitor the state of a bioprocess. 

Figure 1.1. Dissertation’s main goal: full cultivation process monitoring. 

It includes biomass estimation, target product estimation, and a specific cell 

growth rate algorithm 

Industrial 

application 

Biomass 

Cell 

growth 

rate 

Product 

Monitoring 

bioprocess state 
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1.4. Dissertation Key Statements 

1. In the first half of the cultivation process (the lag and logarithmic phases), the 

maintenance term of the cells is negligible and has a minimal effect on the 

precision of estimation procedures. 

2. The efficiency of the synthesis of the target products directly depends on the 

growth rate capacity of specific cells at the moment of induction. 

3. The assessment of the bioprocess state based on the oxygen consumption rate 

conforms to the requirements, and its repeatability is unaffected by E. coli bacteria 

metabolism. 

4. The age of the cell culture is a significant variable which improves the precision 

of viable cell concentration estimations. 

1.5. Research Novelty 

Each publication of this dissertation provided a scientific innovation of 

estimation/prediction for significant variables based on fundamental knowledge and 

mathematical methods. The robustness, simplicity of implementation, highest 

accuracy as of the date of publishing, and a novel concept which affects the algorithm 

are the ways in which the papers show their innovativeness. 

1. Article 1 (A1) 

R. Urniezius, A. Survyla, D. Paulauskas, V. A. Bumelis, V. Galvanauskas 

Generic estimator of biomass concentration for Escherichia coli and Saccharomyces 

cerevisiae fed-batch cultures based on cumulative oxygen consumption rate, Microb 

Cell Fact (2019) 
The innovation of A1 paper is the improvement of the Luedeking-Piret model 

(1959) [16] by expanding the value of the stoichiometric parameter which is 

responsible for the biomass maintenance term. According to the proposed theory, 

when the biomass concentration is not high, the maintenance term early in the process 

is noticeably low and cannot be assessed. Additionally, when induction is being 

carried out and product synthesis substantially increases, or when the amount of 

biomass has reached a value leading to appreciable oxygen maintenance, the 

maintenance term must be evaluated in accordance with the suggested form. 

2. Article 2 (A2) 

Renaldas Urniežius, Arnas Survyla 

Identification of functional bioprocess model for recombinant E. coli cultivation 

process, Entropy (2019). 
A2 publication is an expansion of Study A1, which has been further developed to 

incorporate oxygen (resource) consumption for product synthesis throughout the 

maintenance term. The article also covers the effects of a specific growth rate during 

induction on the product synthesis and offers relationship to increase the efficiency of 

cultivation processes.  

3. Article 3 (A3) 

Arnas Survyla, Donatas Levisauskas, Renaldas Urniezius, Rimvydas Simutis 
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An oxygen uptake-rate-based estimator of the specific growth rate in Escherichia coli 

BL21 strains cultivation processes, Computational and Structural Biotechnology 

Journal (2021) 
The algorithm’s uniqueness lies in its robustness and simplicity because it only 

has one tuning parameter and is appropriate for the whole cultivation process with 

various conditions and metabolic pathways. To eliminate uncertainties and 

recalculation errors, the specific growth rate is calculated directly from the gas data 

(the oxygen uptake rate) rather than from the evaluated biomass.  

4. Article 4 (A4) 

A. Survyla, R. Urniezius, R. Simutis 

Viable cell estimation of mammalian cells using off-gas-based oxygen uptake rate and 

aging-specific functional, Talanta 254, 124121 (2023) 
The study’s primary innovation is the addition of a cell-aging term for use to 

estimate viable cells. The age of the culture has an impact on the productivity of the 

cultivation process as well as the dynamic and yields of the synthesis. 

1.6. Research Methodology 

The primary goal of this study is to assess the crucial cultivation process 

variables that are impossible to measure online, as shown in Figure 1.1. The 

Luedeking-Piret model [16] is a fundamental knowledge-based model that was chosen 

as the origin to ensure the robustness and simplicity of the research algorithms. Since 

the biomass concentration defines the overall condition of the cultivation process, the 

first phase in obtaining the necessary parameters is to investigate and create the 

biomass estimation method (A1). The second publication (A2) is a sequel of article 

(A1), which proposed an extended biomass concentration algorithm supplemented by 

product synthesis. Furthermore, the study also covers the effects of a specific growth 

rate during induction and offers relationship to increase the efficiency of product 

synthesis. Since the cells specific growth rate variable is important to the protein 

synthesis model, the third published article features an estimation algorithm of the 

specific growth rate (SGR) (A3). The final paper (A4) describes an improved biomass 

concentration algorithm capable of estimating a viable cell to cover a wider range of 

cell cultures. Study (A4) inherited the cell culture age variable from an article written 

by colleagues [17]. 
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Figure 1.2. Methodology of this research and relationship between articles 

1.7. Practical Significance 

1. The estimation algorithms of biomass concentrations, specific cell growth rate, 

target protein can be implemented and operated in the following biotechnology 

companies in Lithuania: 

a) Northway Biotech, UAB, 

b) Celltechna, UAB, 

c) Thermo Fisher Scientific Baltics, UAB, 

d) Roquette Amilina, AB. 

2. The methods and algorithms presented in this research have been established in 

support of the European Regional Development Fund according to the supported 

activity Research Projects Implemented by World-class Researcher Groups under 

Measure No. 01.2.2-LMT-K-718. 

1.8. Approval of the Results 

1. The proposed algorithms and models have been published in 4 different 

international scientific journals referred to in the Web of Science database. Three 

journals are in Q1 quartile, and 1 journal is in Q2 quartile. 

2. The essential outcomes have been presented in 3 international conferences. 
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3. All the estimation algorithms presented in this research have been implemented 

and used in the laboratory of bioprocessing modelling and management at Kaunas 

University of Technology. 

4. The estimation algorithm of biomass concentrations (A1) has been installed and 

employed in the R&D laboratory of the Centre for Innovative Medicine (IMC). 

1.9. Author’s Contribution 

A1: RU (the corresponding author) created the concept, edited the manuscript, 

and developed the mathematical model. AS created the concept, edited the 

manuscript, developed the mathematical model, analysed the data, and validated the 

algorithm. DP organized the data and validated the model. VB was responsible for 

funding, and project administration. VG reviewed and edited the manuscript and was 

responsible for sourcing the funding.  

A2: RU (the corresponding author) devised the concept, prepared the 

manuscript, developed the mathematical model, and submitted the final manuscript. 

AS devised the concept, prepared the manuscript, developed the mathematical model, 

analysed the data, and validated the algorithm. 

A3: AS: developed and improved the algorithm, was responsible for validation, 

data curation, and prepared the original draft. DL: developed the algorithm and 

prepared the original draft. RU (the corresponding author): edited the manuscript, was 

responsible for funding, and submitted the final version of the manuscript. RS: was 

the data organizer and supervisor.  

A3: AS worked out the concept, developed the soft sensor, analysed and 

validated the data, and prepared the final draft. RU (the corresponding author) 

contributed to the model development, edited the manuscript, submitted the final 

manuscript, and was responsible for sourcing the funding. RS: was the data organizer 

and supervisor, and also reviewed the manuscript.  

1.10. Literature Review 

The most important issues in biotechnology are the optimal control of the fed-

batch cultivation process and the monitoring of the cell’s growth states [18]. As a 

result, fed-batch cultivation process optimization and the development of a precise 

monitoring system have been topics of ongoing research for many years, and are still 

highly relevant today [19]. This dissertation’s investigation primarily focuses on the 

development of fundamental models of the growth process in order to establish an 

estimation algorithm which would offer crucial information to the control algorithm 

as a feedback signal and data to the monitoring system [20]. The creation of 

sustainable engineering solutions should consider using soft/non-invasive sensors 

[21] to enhance the product quality, to obtain the coefficient values more effectively, 

to increase safety, and to provide the feedback signal. A feedback signal from soft 

sensors or estimation algorithms which offer parameters that cannot be directly 

measured online [22] is necessary for the implementation of a feedback control 

system. The key parameters of the bioprocess – the biomass concentration and the 

specific cells growth rate – are taken into account by the control algorithm and the 

feedback signal [23–25]. 
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Scientific techniques are necessary to gather the required information during 

cell culture procedures, as critical parameters cannot be examined directly. 

Consequently, scientists have been working hard on numerous innovations and 

estimating methods of biomass concentration and specific growth values [26]. As of 

now, there are numerous methods for achieving the desired outcomes. One of the ways 

by which on-line measurements are obtained is by using advanced instrumentation 

which has to be implemented in the bioreactor: dielectric spectroscopy, Raman 

spectroscopy, and in situ mid-infrared spectrometry. Dielectric spectroscopy is used 

for monitoring the biomass concentration [27]. The main drawback of this 

measurement device is its need to be calibrated for each cell strain, and it is not 

suitable for low concentration measurements. The media composition, density and 

homogeneity also have a significant impact on the accuracy. The Raman spectroscopy 

instrument [28] and in situ mid-infrared spectrometry [29] are used for the 

measurement of glucose concentration in the fed-batch cultivation process. A 

nonlinear model for biomass concentration estimation from the glucose measurements 

has the primary drawback of the necessity of interaction with the device containing 

the medium so that to detect the glucose concentration online. Furthermore, the 

function of glucose consumption encounters accuracy issues during the culture death 

phase and metabolic pathways of the cells [30]. As a result, the expensive instruments 

that must be integrated into the bioreactor must deal with the challenging bioprocess 

conditions and the rapidly altering composite medium state that affect the results [31]. 

Another path taken by the researchers is the development of estimation models 

using bioreactor exhaust gas analysis data. The main data points that are directly 

related to cell growth and synthesis processes are the Oxygen Uptake Rate (OUR) and 

the Carbon dioxide Production Rate (CPR). As estimation algorithms require data 

that is closely related to the biomass growth rate and the biomass concentration, this 

path is the most popular among scientists [32, 33]. By using data from exhaust gas as 

inputs to the artificial neural network (ANN), several researchers have proposed 

reliable results of the predicted parameters [33, 34]. When the entire model is a black 

box model, the data requirements for network training are substantial and complex 

when utilizing ANN alone with OUR and CPR data. Further research demonstrates 

that the amount of data required for training and the complexity of the training were 

lowered when ANN and the mass balance equation were combined [35, 36]. The 

model’s accuracy rises rapidly. However, with hybrid models, obtaining sufficient 

data for model calibration remains challenging to attain adequate precision, and 

methods are also denoted by high operational demands, and design space maintenance 

[37]. The developed model also only functions with one particular cell culture. 

The primary areas of research that this dissertation focuses on are fundamental 

knowledge-based models relying on exhaust gas analyses. Robert Luedeking and 

Edgar L. Piret [16] were the first scientists to propose a stoichiometry equation linking 

the oxygen uptake to cell development. The two key elements in the suggested model 

are the oxygen consumption term for biomass maintenance and the cell reproduction. 

However, since Piret proposed the model in 1959, the cultivation process and the cell 

cultures have changed since then, and the model no longer satisfies the criteria for 

accuracy. As a result, Piret’s theory has been refined further, and several additional 
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concepts and models have since been put forth [38, 39]. Fundamental knowledge-

based estimation algorithms provide the following benefits: fundamental knowledge-

based estimating algorithms use underlying theories, principles, and validated models 

to produce estimates that are accurate and resilient. When compared to solely data-

driven methods, fundamental knowledge-based estimation algorithms are frequently 

more resistant to noisy or insufficient data. Robustness: mathematical equations that 

can be easily implemented on any platform serve as the foundation for many key 

knowledge-based estimation techniques [40, 41]. 
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2.  OVERVIEW OF THE PUBLISHED ARTICLES 

By addressing the primary issue in biotechnology – a lack of knowledge about 

critical parameters – this dissertation provides four soft-sensor publications offering 

the accurate feedback signal that is required: 

1. Generic estimator of biomass concentration for Escherichia coli and 

Saccharomyces cerevisiae fed-batch cultures based on cumulative oxygen 

consumption rate (A1) [42] (Section 2.2)  

2. Identification of functional bioprocess model for recombinant E. Coli cultivation 

process (A2) [43] (Section 2.3)  

3. Oxygen uptake-rate-based estimator of the specific growth rate in Escherichia coli 

BL21 strains cultivation processes (A3) [44] (Section 2.4)  

4. Viable cell estimation of mammalian cells using off-gas-based oxygen uptake rate 

and aging-specific functional (A4) [45] (Section 2.5)  

2.1. General Overview of the Articles 

This dissertation consists of four articles, and each of them offers a soft-sensor 

technique. The primary objective of this project is to develop an estimating method 

that is robust, fundamental knowledge-based, and operates on bioreactor exhaust gas. 

By using stoichiometric knowledge, the presented algorithms transform information 

from exhaust gases to a general picture of the plant. The stoichiometry form, which 

connects gas analytics to the state information of the process, was proposed long ago 

(1959) [16]. Nevertheless, the proposed equation has become outdated because it does 

not account for contemporary inventions that have emerged on the edge of the 20 and 

21 centuries and during the most recent period [46]. 

 Hence, one of the key benefits of the papers is that the proposed technology 

includes cultivation processes that use induction (e.g., with isopropyl-D-1-

thiogalactopyranoside/IPTG) which activates product synthesis [47]. Following 

induction, cultivation process phenomena quickly alter, which makes process 

estimation more difficult.  

Assessment of fed-batch processes with limited feed rates to the models is 

another important advantage of the articles. Low feed rates to the bioreactor result in 

a lack of glucose in the media. With this type of cell culture cultivation, the growth 

rate of the cells changes dynamically and is based on the feed rate, so the value of the 

growth rate can range from zero to the maximum passable value immediately [48]. 

In general, the major objective of the algorithm creation was to examine the 

impact of induction on the process as well as the variations in the feeding methods 

and their effects on the efficiency of the cultivation process. Considering these two 

key factors, this work provides a reliable model to produce the necessary estimate. 
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2.2. Generic Estimator of Biomass Concentration for Escherichia Coli and 

Saccharomyces Cerevisiae Fed-Batch Cultures Based on Cumulative 

Oxygen Consumption Rate 

The first published research article is Generic estimator of biomass 

concentration for Escherichia coli and Saccharomyces cerevisiae fed-batch cultures 

based on cumulative oxygen consumption rate written by Renaldas Urniezius, Arnas 

Survyla, Dziugas Paulauskas, Vladas Algirdas Bumelis, and Vytautas Galvanauskas. 

This work focuses on online biomass concentration estimation in fed-batch cultures. 

It offers a methodical solution for bioengineering that is investigated for 

Saccharomyces cerevisiae and Escherichia coli cells. The experimental analysis of 

both cultures provides results of experimental validation from the beginning of the 

bioprocess and assesses the induction effect. The main goal of this study is to provide 

the possibility to ensure continuous monitoring of the state of the bioprocess and 

abandon the sampling procedure. 

2.2.1. Material and Methods 

In this paper, four different strain cultures were examined to confirm the 

biomass concentration estimation. S. cerevisiae (no DY7221) was utilized as a 

benchmark for yeast cells. Other cell cultures in the research were Escherichia coli 

recombinant strains: E. coli BL21(DE3) pET9a-IdeS, E. coli BL21 (DE3) pET21-

IFN-alfa-5, and E. coli BL21(DE3) pLysS.  

Yeast cells were cultivated in the Laboratory of Bioprocess Design and 

Modelling at Kaunas University of Technology. The cultivation processes were of the 

fed-batch type with a limited feeding rate. The cells were grown in a standard nutrient 

medium (YPD) with 0 g/kg initial glucose concentration. The feeding solution 

included 600 g/kg of glucose and was used immediately at the beginning of the 

process. Online measurements of the bioreactor exhaust gas were monitored by using 

a BlueSens gas analyser (BCpreFerm, BlueSens, Herten, Germany). 

The cell strains E. coli BL21 (DE3) pET21-IFN-alfa-5 and E. coli BL21 (DE3) 

pET9a-IdeS were cultivated in industrial R&D laboratories. The growth techniques 

were focused on the fed-batch type with limited feeding solution. Induction (ITPG) 

was used at both cell cultures to activate product synthesis. The bioreactor’s exhaust 

gases were analysed online by BlueSens. 

E. coli BL21(DE3) pLysS growing information was collected from the authors 

to incorporate different strains and culture techniques from various countries into this 

research [48]. Cells were cultivated in a minimal mineral medium. 

2.2.2. Novelty and comparison of biomass estimation 

The main mathematical framework in this paper, which was used to estimate the 

biomass concentration, is the Luedeking-Piret model developed via the stoichiometric 

equations for oxygen consumption [16]. As a result, the model for estimating biomass 

depends on the cells’ oxygen uptake rate data. The proposed estimator is compared to 

the most recently published biomass prediction models that also use oxygen 

consumption to demonstrate the uniqueness, robustness, and ease of implementation 

of the algorithms. 



20 

 

Figure 2.1. Related biomass estimators: (a) A. Lübbert [49], (b) M. Achle [35], (c) R. 

Simutis [36], (d) biomass estimation of this text, (e) R.A. Davis [50], (f) J.M. Barrigon [51] 

The complexity of the chosen algorithms, the number of input signals, and the 

precondition parameters or the initial conditions needed are depicted in Figure 2.1, 

along with their main distinctions. The main goal of this paper is to demonstrate that, 

based on stoichiometry, biomass estimation may be approached from a fundamental 

point of view, and that the method’s format does not have to be complicated. 

2.2.3. General mathematical model of stoichiometric parameters estimation 

The Luedeking-Piret theory serves as the model’s foundation, which links the 

stoichiometry of cells with oxygen consumption. It illustrates the relation between the 

oxygen uptake rate in a bioreactor and the biomass concentration growth/maintenance 

[16, 52]: 

𝑂𝑈𝑅(𝑡) =  𝛼 ∙ X′(𝑡) + 𝛽 ∙ X(𝑡). (2.1) 

The stoichiometric coefficients α and β are parameters of the biochemical 

reactions during the cultivation process, X is the biomass concentration, g/L. In Eq. 

(2.1), α coefficient denotes a cell’s oxygen consumption yield for growing (α ≡ 𝑌𝑂/𝑋), 

and β coefficient denotes oxygen consumption for maintenance (β ≡ m) [53, 54]. Real-

time data obtained from the devices contains interference and disruptions throughout 

the cultivation process, which might lead to the parameter and estimated value 

distortion [55]. To reduce uncertainty, cumulative information is used. Furthermore, 

when biomass and its metabolic byproducts increase during culture research, these 

masses are more closely connected to the cumulative signals of OUR and CPR [56, 

57]. As a result, by integrating the model in Eq. (2.1), the new provided form is 

protected from disturbances: 

∫ 𝑂𝑈𝑅(𝑡∗) d𝑡∗
𝑡

𝑡0
 =  𝛼 ∙ ∫ 𝑋′(𝑡∗)d𝑡∗

𝑡

𝑡0
+  𝛽 ∙ ∫ 𝑋(𝑡∗) d𝑡∗

𝑡

𝑡0
. (2.2) 

The proposed maintenance term form, which is a growing variable rather than a 

constant, especially after induction, is one of the primary novelties of the research. 

The fact that the formation of the product and other elements are included in the 

oxygen consumption for biomass maintenance may be used to explain the phenomena 
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of the parameter’s value growing. Such a circumstance most frequently arises when 

induction is carried out, and the product’s synthesis substantially increases near the 

end of an exponential phase of microbial cultivation (for recombinant protein 

synthesis) [57, 58]. This paper suggests the following β parameter form of two 

additive terms: 

𝛽 =
1

𝑌𝑋/𝑂
+

1

𝑌𝑃/𝑂
. (2.3) 

In Equation (2.3), the oxygen demand for product synthesis is denoted by YP/O, 

whereas YX/O represents the oxygen consumption for cell respiration. Consequently, 

biomass concentration has a linear or polynomial affiliation, which depends on the 

strain and cultivation process model, connection to the β parameter, as shown in 

Figure (2.2). β(tm) is the maintenance value from the cultivation experimental data at 

the moments after induction.  

 

Figure 2.2. Biomass concentration influence on oxygen consumption for maintenance, 

(a) E. coli, (b) Saccharomyces cerevisiae 

Figure (2.2) illustrates how the biomass concentration affects the maintenance 

term value. A parabola regression of the biomass concentration is represented by the 

expression of parameter β(X) to the E. coli strain. Induction in the growth processes 

carried out at various periods led to the distribution of the maintenance period shown 

in the graph. 

𝛽(𝑋) ≡ 𝛽(𝑋(𝑡)) =  𝑘𝛽2 ∙ 𝑋
2(𝑡) +  𝑘𝛽1 ∙ 𝑋(𝑡) + 𝑘𝛽0. (2.4) 

The maintenance oxygen requirement of S. cerevisiae is linearly related to 

biomass concentration, kβs2 = 0. 

𝛽𝑆𝑎𝑐𝑐ℎ𝑎𝑟𝑜𝑚𝑦𝑐𝑒𝑠(𝑋) ≡ 𝛽𝑆𝑎𝑐𝑐ℎ𝑎𝑟𝑜𝑚𝑦𝑐𝑒𝑠(𝑋(𝑡)) = 𝑘𝛽𝑠1 ∙ 𝑋(𝑡) + 𝑘𝛽𝑠0. (2.5) 

Accordingly, in view of Figure (2.2) and Equations (2.4–2.5), the cell strain has 

a particular biomass concentration value Xspecific, at which point the maintenance term 

became apparent. Equations (2.4) and (2.5) must be set to zero and solved to determine 

the culture’s unique biomass concentration value, Xspecific: 
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𝛽(𝑋𝑖) ≡ 𝛽(𝑋(𝑡)) = 0. (2.6) 

Following the discovery of the stoichiometric cell culture parameters and the 

introduction of a new form for the maintenance term, the Luedeking-Piret model with 

the dynamic maintenance term takes the following final revised form: 

{
𝑂𝑈𝑅(𝑡) =  𝛼 ∙ 𝑋′(𝑡) + 𝑘𝛽2 ∙ 𝑋

3(𝑡) + 𝑘𝛽1 ∙ 𝑋
2(𝑡) + 𝑘𝛽0 ∙ 𝑋(𝑡), 𝑋(𝑡) > 𝑋𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 ;

𝑂𝑈𝑅(𝑡) =  𝛼 ∙ 𝑋′(𝑡), 𝑋(𝑡) ≤ 𝑋𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 .
 (2.7) 

Therefore, stoichiometric parameters and the cumulative oxygen uptake rate 

(cOUR) are used in this work to estimate the biomass concentration. When the oxygen 

demand for maintenance is very low or non-existent before the specified biomass 

concentration Xspecific level has been attained, the biomass state estimation equation is: 

𝑋𝑚 =
𝑐𝑂𝑈𝑅𝑚
𝛼

+ 𝑋0. (2.8) 

The second scenario’s stoichiometric parameter β takes effect as a function of 

the biomass concentration after the concentration of biomass starts exceeding Xspecific, 

at which point oxygen consumption becomes apparent. The proposed integral form of 

the biomass concentration estimation is as follows: 

𝑥𝑚 ≅
𝑐𝑂𝑈𝑅𝑚 − ∑ 𝛽(𝑥𝑙) ∙ 𝑥𝑙  ∙ ∆𝑡𝑙,𝑙−1

𝑚−1
𝑙=𝑖

𝛼
+ 𝑥0. (2.9) 

2.2.4. Result 

Three different sorts of indicators were used to assess the results of the biomass 

estimation and evaluate the statistical method’s forecast accuracy [59, 60]: 

Mean absolute error (MAE):  𝑀𝐴𝐸 =
∑ |�̂�𝑖−𝑦𝑖|
𝑛
𝑖=1

𝑛
; (2.10) 

Mean absolute error (MAE):  𝑀𝐴𝐸 =
∑ |�̂�𝑖−𝑦𝑖|
𝑛
𝑖=1

𝑛
; (2.11) 

Root mean square error (RMSE): 𝑅𝑀𝑆𝐸 = √
∑ (�̂�𝑖−𝑦𝑖)

2𝑛
𝑖=1

𝑛
. (2.12) 

In Equations (2.10–2.12), n is the number of data counts, �̂�𝑖 is the methods’ 

result, and yi is the measured value from the cultivation process.  

Several sources were used to gather the experimental biomass measurements and data 

on the cumulative oxygen uptake rate (cOUR) from fed-batch experiments with E. 

coli and S. cerevisiae, including datasets from the study [48], industrial R&D and 

university laboratories. The diversity of cultivation procedures, shown in Table 2.1 

with varying reception and methods, demonstrates the universality of the algorithm. 
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Table 2.1. Variety of cultivation processes for estimator validation 

Cell culture No. of experiments Feeding type Bioreactor size L 

E. coli 3 Growth limiting 15 

Yeast 2 Growth limiting 5 

E. coli 1 Growth limiting 12 

E. coli 8 Growth limiting 7 

E. coli 7 Growth nonlimiting 7 

 

All the cultivation data was examined before the algorithm validation process 

began to determine the stoichiometric characteristics of cell cultures. The estimating 

process neglected both metabolic routes: product synthesis in response to induction 

(e.g., with isopropyl-D-1-thiogalactopyranoside/IPTG) and acetate metabolic during 

unlimited dosed substrate feed cultivations [61]. Table 2.2 contains the findings of an 

offline examination of stoichiometric parameters. 

Table 2.2. Stoichiometric parameters of cell strains 

Escherichia coli Saccharomyces cerevisiae 

α = 1.01 α = 1.35 

Confidence Interval ∓0.0186 Confidence Interval ∓0.149 

𝑘𝛽𝑒2 = 7.2 ∙ 10
−5 𝑘𝛽𝑠2 = 0 

𝑘𝛽𝑒1 = −2.9625 ∙ 10
−3 𝑘𝛽𝑠1 = 2.3851 ∙ 10

−3 

𝑘𝛽𝑒0 = 4.27047d ∙ 10
−2 𝑘𝛽𝑠0 = −1.5014 ∙ 10

−2 

𝑋𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 = 20.6 g/l
 

𝑋𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐 = 6.29 g/l
 

 

The second step is to determine the biomass concentration by using both 

Equations (2.8) and (2.9) from the cOUR signal after the cell culture’s stoichiometry 

parameters have been determined. The biomass estimation method used in this paper 

included a variety of cultivation experiments with various cell strains, bioreactor 

volumes, feeding solution types, IPTG induction times, OD levels at IPTG injections, 

substrate feeding restrictions, and substrate feed start times. 

Since the inoculation, the average MAE for biomass concentration estimate was 

1.1 g/l, and the average MAPE of biomass estimation was 7.28%. S. cerevisiae 

cultivations had an average RMSE value of 0.5 g/l. E. coli cultivations with restricted 

substrate feeding had an RMSE value of 1.26 g/l, while cultivations with dosed 

substrate feeding had an RMSE value of 2.44 g/l.  

In Figures (2.3), (2.4), (2.5), the graphical representation of the biomass estimate 

results of the most important cell cultures are contrasted with the measured values 

offline. 
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Figure 2.3. Results of this paper’s algorithm with recombinant E. coli BL21 (DE3) 

pET21-IFN-alfa-5 strain at 7 L bioreactor with unlimited dosed substrate feeding 

 

Figure 2.4. Results of this paper’s algorithm with recombinant E. coli BL21 (DE3) 

pET21-IFN-alfa-5 strain at 7 L bioreactor with limited substrate feeding 

 

Figure 2.5. Results of this paper’s algorithm with Saccharomyces cerevisiae (n° 

DY7221) strain at 5 L bioreactor 
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2.3. Identification of Functional Bioprocess Model for Recombinant E. Coli 

Cultivation Process 

The second published research article is Identification of Functional Bioprocess 

Model for Recombinant E. Coli Cultivation Process written by Renaldas Urniezius, 

Arnas Survyla. This work focuses on a system identification model which provides 

accurate biomass concentration and target protein concentration estimates in fed-batch 

cultivations.  

2.3.1. Material and methods 

To validate the biomass and protein model fitting in this study, E. coli BL21 

(DE3) pET28a (Novagen) was used as the test object in all experiments [57]. Both 

active soluble and insoluble forms of E. coli BL21 (DE3)’s product were generated as 

inclusion bodies. In this investigation, inclusion bodies, an insoluble protein, were the 

intended result. After being induced with 1 mM isopropyl-D-1-thiogalactopyranoside 

(IPTG), the T7 promoter was in charge of the protein’s production. 

For the analysis in this work, experimental data [48, 62, 63] was used as the 

basis of analysis. The BL21 (DE3) pET28a E. coli strain was grown in a B. Braun 10 

L bioreactor. At inoculation, the initial medium volume was 5 L. Mineral salt media 

was used as the culture medium [62]. Processes for growing plants were implemented 

by using a fed-batch mode when there was no glucose present in the bioreactor at the 

moment of inoculation. Therefore, the feed was pumped in from the start. The time 

picked for induction was 10 hours after the beginning of the process. Online exhaust 

gassing tracking was done, and a paramagnetic oxygen sensor (Maihak Oxor 610) was 

used to monitor O2 concentration. SDS-PAGE electrophoresis assisted in determining 

the concentration of the target protein following the actions of cell disruption, 

separation of the soluble fraction, and solubilization of inclusion bodies. 

2.3.2. System identification and parameter estimation 

A previous study [42] shows that a biomass concentration estimator based on 

oxygen consumption may provide sufficiently accurate results. The novelty of the 

article [42] was the maintenance terms of the biomass mathematical form, which is 

dynamic, rather than constant, by assuming that the maintenance term takes into 

account product synthesis. This study proposes a biomass concentration and protein 

model fitting based on a mass balance equation when the maintenance term is divided 

into product synthesis and maintenance. This model was developed on the basis of the 

Luedeking-Piret model [16]: 

𝑂𝑈𝑅(𝑡) = 𝛼 ∙ 𝑋′(𝑡) + 𝛽 ∙ 𝑋(𝑡) + 𝛾 ∙ 𝑃′(𝑡). (2.13) 

The target protein for this investigation is the inclusion body, and the protein 

synthesis yield γ in this study is considered to be a function of the biomass 

concentration X in a grey box model [64]. Protein productivity is influenced by IPTG 

and biomass concentrations during the induction period, as demonstrated by 

Babaeipour et al. [65]. The same 1 mM of isopropyl-D-1-thiogalactopyranoside 

(IPTG) was used in all tests. Furthermore, in each culture operation, the biomass 

concentration at the induction time varied, and we discovered that it significantly 
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affected product synthesis. According to our investigation, the biomass concentration 

at the induction time is a function of the product synthesis parameter γ(X) [66]: 

𝛾(𝑋) = 𝑘𝛾 ∙ (𝑋(𝑡) − 𝑋𝑖𝑛𝑑), (2.14) 

here, kγ is the product synthesis yield, which is assumed to be constant, and Xind is the 

biomass concentration at the moment of induction. In conclusion, the estimator’s final 

model form consists of the product synthesis parameter γ(X), the maintenance term 

which is described in the research [42], and the biomass reproduction term 𝛼: 

𝑂𝑈𝑅(𝑡) = 𝛼 ∙ 𝑋′(𝑡) + 𝑘𝛾 ∙ (𝑋(𝑡) − 𝑋𝑖𝑛𝑑) ∙ 𝑃
′(𝑡) + 

(𝑘𝛽2 ∙ 𝑋
2(𝑡) + 𝑘𝛽1 ∙ 𝑋(𝑡) + 𝑘𝛽0) ∙ 𝑋(𝑡). 

(2.15) 

The original signal is converted to the cumulative information, which is an 

effective noise filter, to protect the model from disturbances [36]: 

∫ 𝑂𝑈𝑅(𝑡∗)𝑑𝑡∗
𝑡

𝑡0
= 𝛼 ∙ ∫ 𝑋′(𝑡∗)𝑑𝑡∗

𝑡

𝑡0
+ 𝑘𝛾 ∙ ∫ (𝑋(𝑡∗) − 𝑋𝑖𝑛𝑑) ∙

𝑡

𝑡0

𝑃′(𝑡∗)𝑑𝑡∗ + ∫ (𝑘𝛽2 ∙ 𝑋
2(𝑡∗) + 𝑘𝛽1 ∙ 𝑋(𝑡

∗) + 𝑘𝛽0) ∙ 𝑋(𝑡
∗)𝑑𝑡∗

𝑡

𝑡0
. 

(2.16) 

Regarding the following model analysis and calculations, the results indicate 

that, during the whole culture process, the stoichiometric parameter β(X), the oxygen 

maintenance term for biomass concentration, is significantly lower than the other 

stoichiometric values. The fact is that the biomass concentration at the induction 

moment is relatively low (about 30 g/L). The biomass maintenance is unnoticeable 

until the induction and after IPTG injection, whereas product synthesis covers the 

maintenance term. This phenomenon explains why the biomass maintenance 

component is absent in this approach. The model simply takes into account two terms 

of oxygen consumption: 

∫ 𝑂𝑈𝑅(𝑡∗)𝑑𝑡∗
𝑡

𝑡0
= 𝛼 ∙ ∫ 𝑋′(𝑡∗)𝑑𝑡∗

𝑡

𝑡0
+ 𝑘𝛾 ∙ ∫ (𝑋(𝑡∗) − 𝑥𝑖𝑛𝑑) ∙ 𝑃′(𝑡

∗)𝑑𝑡∗
𝑡

𝑡0
. (2.17) 

By simplifying Equation (2.17) and applying the Riemann sum [67], the final 

form of oxygen consumption is: 

𝑐𝑂𝑈𝑅𝑚 = 𝛼 ∙ (𝑋𝑚 − 𝑋) + 𝑘𝛾 ∙ (𝑃𝑚 ∙ (𝑋𝑚 − 𝑋𝑖𝑛𝑑) − ∑ (𝑋𝑙 − 𝑋𝑙−1) ∙ 𝑃𝑙
𝑚
𝑙=1 ). (2.18) 

In Equation (2.18), cOURm ≡ ∫ OUR(t∗) 𝑑t∗
t

t0
, 𝑋𝑚 ≡ 𝑋(𝑡),  𝑋0 ≡ 𝑋(𝑡0) is the 

biomass concentration at the inoculation moment, and m ∈ [1, nm] is the 

measurement of offline samples. The following algorithm is the final formula for 

biomass concentration model fitting: 

𝑋𝑚 =
𝑐𝑂𝑈𝑅𝑚 + 𝛼 ∙ 𝑋0 + 𝑘𝛾 ∙ 𝑃𝑚 ∙ 𝑋𝑖𝑛𝑑 + 𝑘𝛾 ∙ ∑ (𝑋𝑙 − 𝑋𝑙−1) ∙ 𝑃𝑙

𝑚
𝑙=1

𝛼 + 𝑃𝑚 ∙ 𝑘𝛾
. (2.19) 

The second proposal of this study is a product estimation algorithm. According 

to the work by Levisauskas et al. [68], which asserts that protein synthesis is a function 

of the biomass growth rate: 
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𝑑𝑃𝑥
𝑑𝑋

= 𝑞𝑝𝑥(𝜇, 𝑃𝑥). (2.20) 

In Equation (2.20), Px is protein concentration divided by biomass concentration 

𝑃𝑥(𝑡) = 𝑃(𝑡)/𝑋(𝑡), qpx is a particular protein accumulation rate (U/g/h), µ is a 

specific biomass growth rate (1/h) [68]. Data analysis and research demonstrated that 

product synthesis is inhibited by product concentration and is linearly dependent on 

the specific growth rate (SGR) of the biomass [69]: 

𝑑𝑃𝑥
𝑑𝑋

= 𝑞𝑝𝑥(𝜇, 𝑃𝑥) = 𝑃𝑚𝑎𝑥(𝜇, 𝑋) − 𝑘𝑡 ∙ 𝑃𝑋(𝑡). (2.21) 

In Equation (2.21), parameter 𝑘𝑡 is a time constant value that is expected to be 

a form of the self-inhibition outcome [70]. 𝑃𝑚𝑎𝑥 is a maximal specific product 

concentration, which depends on 𝜇 (SGR). The maximum particular product 

concentration, expressed as the highest potential protein concentration in the current 

process stage, is determined by the specific biomass growth rate and biomass 

concentration: 

𝑃𝑚𝑎𝑥(𝜇, 𝑋) = 𝜇(𝑡) ∙ (𝑘𝑚0 + 𝑘𝑚1 ∙ (𝑋(𝑡) − 𝑋𝑖𝑛𝑑)),   𝑡 ≥  𝑡𝑖𝑛𝑑𝑢𝑐𝑡𝑖𝑜𝑛 , 

𝑃𝑚𝑎𝑥(𝜇, 𝑋) = 𝜇(𝑡) ∙ 𝑘𝑚0, 𝑡 <  𝑡𝑖𝑛𝑑𝑢𝑐𝑡𝑖𝑜𝑛 . 
(2.22) 

In Equation (2.22), 𝑘𝑚0 and 𝑘𝑚1 are empirical parameters suggested by this 

study, 𝑘𝑚0 relates to SGR and protein synthesis, and 𝑘𝑚1 links the biomass 

concentration at the induction time and productivity [64], tinduction is the induction 

moment (hours). The product estimation technique also serves as the biomass 

estimation model in the cumulative form to protect against disturbances, and by 

applying the left-hand Riemann sum, the protein model’s final formula is as follows: 

𝑃𝑚 = 
(∑ 𝑃𝑚𝑎𝑥,𝑗 ∙ ∆𝑡𝑗,𝑗−1

𝑚
𝑗=𝑖 − 𝑘𝑡 ∙ ∑ 𝑃𝑥,𝑗 ∙ ∆𝑡𝑗,𝑗−1

𝑚−1
𝑗=1 ) ∙ 𝑋𝑚

1 + ∆𝑡𝑚,𝑚−1 ∙ 𝑘𝑡
. (2.23) 

The paper also presents a parameter identification process using a convex 

optimization method and proposes new criteria to find parameter values that are 

appropriate from the beginning of the cultivation process, when the biomass 

concentration is low, to the end, when the parameter values are much higher: 

𝜎𝑋,𝑚
2 ~

𝑋𝑚
2

1 − 𝐾𝑒𝑥𝑝 + 𝑋𝑚
2 ∙ 𝐾𝑒𝑥𝑝

, (2.24) 

Here, Kexp is a tuning coefficient which is required to adjust the uncertainty. A value 

of ‘1’ for Kexp (0 ≤ Kexp < 1) replicates the least squares method, which has a heavier 

penalty for larger criteria values. In the meanwhile, the squared MAPE criteria are 

produced when the value is zero.  

2.3.3. Results 

Three assessment criteria are applied, the same as in Section 2.2.4, to compare 

our results with those of other researchers: MAE, MAPE, and RMSE, as shown in 

Equations (2.10–2.12). The experimental data of Escherichia coli fed-batch 
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cultivation processes was obtained from the study [62]. Data from 19 cultivation 

experiments was investigated in the system identification study to verify and evaluate 

the suggested model parameters in this paper. Various formulations were used in 

numerous experiments, including prior hypotheses on polynomial maintenance [42]. 

The goal was to identify the best formula for describing the cell stoichiometry. The 

best-achieved coefficient values for the fitted model are shown in Table 2.3.  

Table 2.3. Comparison of biomass concentration estimating results. MAPE, mean 

absolute percentage error; MAE, mean absolute error 

Model α 𝐤𝛃𝟎 𝐤𝛃𝟏 𝐤𝛃𝟐 𝐤𝛄 MAE MAPE 

Study [3] 0.996 0.07 0.00084 0 — 1.1 7.28% 

This study 0.997 0 0 0 2.705 0.68 7.09% 

 

The average value of the investigated experiments was represented by the MAE 

and MAPE values. The findings indicate that the maintenance factor in the 

stoichiometry equation is not as successful as product synthesis. Table 2.4 presents 

the outcomes of the protein model fitting, whereas Table 2.5 represents the model’s 

accuracy of biomass and product estimation. 

Table 2.4. Protein model parameters in accordance with Equation (2.23) 

E. coli BL21 (DE3) pET28a 

km0 = 0.2346 

km1 = −0.0172 

kt = 0.0687 

Table 2.5. Estimation results of this study 

 Dry Biomass Concentration (DCW) Product concentration 

No. MAE (g/L) MAPE (%) RMSE (g) MAE (g/L) MAPE (%) RMSE (g) 

1 0.769 8.594 5.279 0.128 11.947 0.722 

2 0.481 7.39 2.916 0.0813 6.565 0.491 

3 0.843 8.107 6.354 0.0563 7.86 0.397 

4 0.727 5.25 5.975 0.05 4.996 0.323 

5 0.596 7.199 4.17 0.134 8.715 0.821 

6 0.402 6.033 2.768 0.149 9.26 1.185 

The average MAE of biomass concentration from the beginning of inoculation 

is 0.636 g/L, while that of the product is 0.099 g/L, according to the validation results 

displayed in Table 2.5. Since the beginning of inoculation, the biomass concentration 

average MAPE was 7.09%, and the product average MAPE was 8.22%. Since the 

beginning of inoculation, the average RMSE for the biomass concentration was 

4.577%, whereas the average RMSE for the product was 0.656%. These results are 

also shown graphically in Figure 2.6 presenting the estimation of biomass 

concentration, and Figure 2.7 featuring the product estimation. 
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Figure 2.6. Results of the biomass concentration estimation algorithm 

 

Figure 2.7. Results of target product concentration estimation 

Table 2.6. Comparison of estimating model accuracy outcomes amongst research 

projects focusing on product prediction 

Paper works 

RMSE (g) 

Total Biomass 
Total Soluble 

Protein 
Total Insoluble Protein 

Conventional model 

from Gnoth et al. [62] 
10.81 1.78 0.87 

Hybrid network from 

Gnoth et al. [62]  
4.71 1.28 0.62 

Model in this study 4.577 — 0.656 

 

The main objective of this paper is to provide evidence that biomass and protein 

model fitting can be handled from a fundamental point of view based on 

Stoichiometry Equation (2.1) and protein synthesis Equation (2.20), which would 
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enrich hybrid approaches using the Artificial Neural Network (ANN) or other hybrid 

black box systems requiring data training as results are compared in Table 2.6 [62, 70. 

71]. In contrast to the usual requirement for enormous quantities of training data, this 

study suggests a strategy that aids in the identification of the parameters only once per 

strain. 

2.4. An Oxygen-Uptake-Rate-Based Estimator of the Biomass-Specific Growth 

Rate in Microbial Cultivation Processes 

The third published research article is An oxygen-uptake-rate-based estimator 

of the biomass-specific growth rate in microbial cultivation processes written by 

Arnas Survyla, Donatas Levisauskas. Renaldas Urniezius, and Rimvydas Simutis. 

This work focuses on the development of an SGR specific cells growth rate from the 

oxygen uptake rate by applying the fundamental knowledge of stoichiometry. It 

provides the desired value (SGR) directly calculated from the exhaust gases 

measurements taken online without the need for any further modelling or biomass 

estimation. This model is the most suitable in control algorithms where the feedback 

signal is SGR.  

2.4.1. Material and methods 

Three different forms of Escherichia coli cell-strain culture data were examined 

in this study to validate the SGR estimations and assess their dependability and 

adaptability owing to the availability of data. The E. coli BL21(DE3) pET9a-IdeS, 

pET21-IFN-alfa-5, and pLysS strains were chosen as the study’s test organisms. In 

various separate R&D facilities, all three cell strains were grown. A 7 L bioreactor 

was used to grow the E. coli BL21 (DE3) pET21-IFN-alfa-5 cell strain. The culture 

medium included merely trace amounts of minerals. In a 15 L bioreactor, the E. coli 

BL21 (DE3) pET9a-IdeS cell strain was grown. The introduction of the cultivation 

media followed the minimal specifications for a mineral medium. A BlueSens 

BlueInOne Ferm gas analyser with a measurement range of 0 to 100% was used to 

monitor the oxygen content in the exhaust gas from the bioreactor while the E. coli 

BL21 (DE3) pET21-IFN-alfa-5 and E. coli BL21 (DE3) pET9a-IdeS cell growth 

procedures were running. The E. coli (BL21(DE3) pLysS) cell strain was grown in a 

minimum mineral medium. All cultivations started out with a mass of 5 kg. The 

Biostat C apparatus, manufactured by Sartorius Stedim Biotech, has a working volume 

of 15 L and a stirrer speed range of 100 to 1400 rpm. A paramagnetic oxygen sensor, 

installed in the reactor’s vent line beneath the exhaust gas cooler by Sidor, Sick-

Maihak, Hamburg, was used to monitor the Oxygen Uptake Rate (OUR) online. 

2.4.2. Development of the estimation method 

This investigation, as well as other papers included in the dissertation, is based 

on oxygen consumption combined with stoichiometry. The fundamental idea is drawn 

from the traditional Luedeking-Piret approach [16, 72] and the specific growth rate 

expression, which is taken from the biomass growth dynamics: 

d𝑋

d𝑡
= 𝜇 ∙ 𝑋(𝑡). (2.25) 
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In Equation (2.25), X is the biomass concentration value in the broth; µ is the 

specific growth rate; t is time. A combination of Piret model Equation (2.1) and the 

specific growth rate approach Equation (2.25) gives us the expression of oxygen 

consumption, which is mostly dependent on SGR [73]: 

1

𝑂𝑈𝑅(𝑡)
∙
d𝑂𝑈𝑅(𝑡)

d𝑡
=  

1

𝜇 + 𝛽 𝛼⁄
∙
d𝜇

d𝑡
+ 𝜇. (2.26) 

In Equation (2.26), the cell metabolism of oxygen consumption is described by 

the stoichiometric coefficients α and β. The goal of this study is to provide a model 

that would be robust with the least amount of complexity feasible when using the final 

equation, which only contains the oxygen uptake rate, stoichiometry, and SGR, 

without any biomass expression [74]. The model needs to be made simpler and 

dynamically accurate when it is acquired. From Equation (2.26), the dynamic part is 

formed: 

𝑅 =
1

𝑂𝑈𝑅(𝑡)
∙
d𝑂𝑈𝑅(𝑡)

d𝑡
; →  

1

𝜇 + 𝛽 𝛼⁄
∙
d𝜇

d𝑡
+ 𝜇 = 𝑅. (2.27) 

Further on,  the relationship between specific growth rate and stoichiometry is 

expressed from the main equation as follows: 

𝑇 =
1

𝜇 + 𝛽 𝛼⁄
. (2.28) 

The final step is the z-transform which is used to extract the discrete OUR 

measurement-based SGR estimate technique. Figure 2.8 presents the discrete 

algorithm of the SGR estimator. 

 

 

Figure 2.8. Block scheme of the SGR estimation algorithm (z-1 is the backward-shift 

operator, △t is the sampling time, and n is the number time discretization point) [30] 

The link between the dynamics of oxygen consumption and the time constant, 

which determines the value of SGR, is depicted in the SGR estimator’s structure 

diagram. The application of the z-transform to the equation yields the final SGR 

estimator formula: 

𝜇𝑛 = 𝑅𝑛 ∙
∆𝑡

𝑇 + ∆𝑡
+ 𝜇𝑛−1 ∙

𝑇

𝑇 + ∆𝑡
 . (2.29) 

The SGR estimator that is presently shown is adaptable and may be used to track 

a variety of cultivation processes. The stoichiometric parameter ratio β/α is the only 

one tuning parameter of the approach, which is unique to a certain strain of 
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microorganisms and may be obtained in reference books or determined from 

preliminary batch culture experiments [30]. 

2.4.3. SGR tests in computer simulation 

By using computer simulation on the MATLAB/Simulink platform, the first stage 

in evaluating the performance of the SGR estimator was chosen. Different fed-batch 

cultivation procedures with various SGR time profiles were represented in the 

simulation by altering the feeding solution’s speed. This is a description of a 

mathematical model of the E. coli culture technique [75, 76]. The biomass 

concentration (g/L) formula is as follows: 

dX

d𝑡
= 𝜇(𝑠) ∙ X − 𝐹 ∙

𝑋

𝑉
 , (2.30) 

here, X is the biomass concentration, g/L; V is the working volume, L; µ is a specific 

cells growth rate, 1/h; F is the substrate feeding rate, g/h; t is the cultivation process 

time, h. The glucose concentration model is as follows: 

d𝑠

d𝑡
= −𝑞𝑠(𝑠) ∙ X + 𝐹

𝑠f − 𝑠

𝑉
 , (2.31) 

here, qs is the substrate consumption rate, g/(g*h); 𝑠𝑓 is the glucose concentration in 

the feeding solution, g/L. 

d𝑉

d𝑡
= 𝐹 , (2.32) 

𝑂𝑈𝑅 = 𝛼 ∙ 𝜇(𝑠) ∙ X ∙ 𝑉 + 𝛽 ∙ X ∙ 𝑉. (2.33) 

Equation (2.32) is the volume of media in a bioreactor dependent on the feeding 

solution. Equation (2.33) is the Luedeking-Piret model. The specific growth rate is 

expressed by the Monod model, when the growth rate is dependent on the glucose 

concentration [77, 78]. 

𝜇(𝑠) = 𝜇max ∙
𝑠

𝑘s + 𝑠
∙
𝑘i

𝑘i + 𝑠
 , (2.34) 

here, 𝜇𝑚𝑎𝑥 is the maximum possible specific cells growth rate of the cell culture, and 

𝑘𝑠, 𝑘𝑖 are the Monod coefficients. The final simulation equation is the specific glucose 

consumption rate: 

𝑞𝑠(𝑠) =
𝜇(𝑠)

𝑌x s⁄
+𝑚 , (2.35) 

here, 𝑌𝑥/𝑠 is the yield coefficient (g/g); and m is the glucose requirement for biomass 

maintenance g/(g*h).  
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Table 2.7. Values of model coefficients [44] 

Parameter Value Dimension Parameter Value Dimension 

𝑘𝑖 85 g/L α 0.82 g/g 

𝑘𝑠 0.7 g/L β 0.01 g/(g*h) 

m 0.02 g/(g*h) 𝜇𝑚𝑎𝑥 1.1 1/h 

𝑠𝑓 150 g/L X (0) 0.5 g/L 

𝑌𝑥/𝑠 0.8 g/g s (0) 5.0 g/L 

V (0) 8.0 L    

 

 With the given Equations (2.30–2.35) and the coefficients from Table 2.7, 

various combinations of the specific growth rate of the cultivation process were tested 

in simulation with different feeding profiles. Additionally, white noise was introduced 

to the oxygen consumption signal to test the model’s stability and tolerance to 

disturbances: 

 𝑂𝑈𝑅𝑚𝑛 = 𝑂𝑈𝑅𝑛 + 𝜎 ∙ 𝑂𝑈𝑅𝑛 ∙ 𝑅𝑎𝑛𝑑. (2.36) 

2.4.4. Results 

The recursive estimating algorithm’s time discretization step was set in the 

simulation trials to t = 0.0025 h, and the ratio β/α (the tuning parameter) value was 

established as 0.01. Figure 2.9 (Experiment I and Experiment II) shows the outcomes 

of the simulation experiments carried out under different cultivation disturbances. 

 

Figure 2.9. Simulation results of SGR estimator performance by tracking various SGR 

time trajectories (Experiments I, II): (a), (b), (c) feeding rate, biomass growth, and oxygen 

uptake rate curves, respectively; d) comparison of the simulated SGR versus estimated SGR 

curves (dotted and solid lines, respectively) 
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Furthermore, the approach of this study was tested with the real cultivation 

process data of three types of E. coli cell strains which were cultivated in different 

R&D laboratories and in different bioreactors. All those cell strains are described in 

the Material and Methods section. The MAE and RMSE approaches were utilized to 

determine the indications for the model’s correctness. Furthermore, for all the three 

cell strains, the SGR estimation parameter β/α ratio remains the same (the ratio β⁄α = 

0.04). The process data for the whole set of 20 cultivations was run via the SGR 

approach during the validation testing by using actual experiments. In a fed-batch 

culture, 17 processes were carried out with limited substrate feed, while 3 processes 

were carried out with unlimited dosage feeding. The results showed that the overall 

average RMSE of the SGR estimation was 0.074 1/h, and the overall average MAE 

of SGR was 0.044 1/h. Additionally, overall, the average MAPE of SGR was 9.77%. 

These findings demonstrate the suitability of this strategy for both restricted and 

unlimited fed-batch culture methods using different E. coli cell strains.  

 

 

Figure 2.10. SGR estimation results with cultivation process data: (a–b) limited fed-

batch cultivation processes; (c–d) unlimited fed-batch cultivation processes 

2.5. Viable Cell Estimation of Mammalian Cells Using Off-Gas-Based Oxygen 

Uptake Rate and Aging-Specific Functional 

The fourth published research article is Viable cell estimation of mammalian 

cells using off-gas-based oxygen uptake rate and aging-specific functional written by 

Arnas Survyla, Renaldas Urniezius, and Rimvydas Simutis. This research focuses on 

the estimation of the active biomass concentration – that is, on the estimation of viable 

cells from the oxygen uptake rate by using stoichiometric principles and the aging 

phenomena. This method works with a wider variety of cell types, including bacteria 

and mammalian cells. The primary innovation in this study is the application of the 

aging term to assess the state of long-term culture processes, where conventional 

approaches are ineffective. 

2.5.1. Material and methods 

This study’s viable cell estimator for a mammalian cell culture was developed 

by using information from the growth of CHO-K1 (CHO-S, No. 11619-012, 

Karlsruhe, Germany). The cultivation procedures used in Biostat B bioreactors are 
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described in the study [79], and the details of the bioreactor system are shown in Table 

2.8. Offline viable and total cell concentrations were measured by using an automated 

cell counter (CASY TT; Roche Innovatis AG, Mannheim, Germany). A quadrupole 

mass spectrometer (Balzers QMA 200; Balzers, Liechtenstein) was used to analyse 

exhaust gases. 

Table 2.8. Cultivation process details of a mammalian cell 

Condition State Condition State 

Bioreactor volume 2 L Broth volume 1 L 

Temperature 37 °C pH 7.15 

pO2 20% Airflow 0.1 L min-1 

Stirrer 60-400 RPM Feeding start At 75 h 

 

Furthermore, the biomass was estimated by using information from 

bioprocesses involving the Escherichia coli strain. E. coli BL21 (DE3) pET21-IFN-

alfa-5 bacteria were grown on a minimal-mineral medium (Table 2.9) [44]. The 

BlueSens BlueinOne Ferm was used for gas analysis. 

Table 2.9. Cultivation process details of recombinant E. coli 

Condition State Condition State 

Bioreactor volume 7 L Broth volume 3.7 L 

Temperature 37 °C pH 6.8 

pO2 20% Feeding start At 5–7 h 

 

2.5.2. Development of the viable cells estimation algorithm 

The Luedeking-Piret-type model is a common exhaust gas based contender for 

the stoichiometric link between the total OUR and the development and maintenance 

of the biomass [16, 80]. In order to offer a general estimator for the number of viable 

cells, the Piret model is additionally altered. The time dependency of both kinetic 

parameters suggests a general inhomogeneous first-order differential equation [81]. 

𝑋′(𝑡) +  
𝛽(𝑡)

𝛼(𝑡)
∙ 𝑋(𝑡) =

𝑂𝑈𝑅(𝑡)

𝛼(𝑡)
. (2.37) 

In Equation (2.37), X is the concentration of viable cells, t is the process duration 

time, α and β are variables establishing the corresponding stoichiometric relationship 

with the growth and maintenance of viable cells. Regarding article [42], a cumulative 

form of information is advisable to remove the disturbance effect on estimation. 

Hence, Equation (2.37) restructuring for viable cell concentration variable and apply 

integral is derived: 

𝑋(𝑡) =
𝑋0 + ∫

𝑂𝑈𝑅(𝑡1) 
𝛼(𝑡1)

 𝑒
∫

𝛽(𝑡2)
𝛼(𝑡2)

 𝑑𝑡2
𝑡1
0 𝑑𝑡1

𝑡

0

𝑒
∫  

𝛽(𝑡3)
𝛼(𝑡3)

  𝑑𝑡3
𝑡
0

. (2.38) 

In Equation (2.38), variable X0 is the concentration of viable cells at the 

inoculation moment. According to study [42], in microbial bioprocesses, the 
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maintenance term is insignificant before the induction phase of biosynthesis. The age-

related threshold of the viable cell concentration serves as the rational hypothesis to 

assume the beginning of the cell maintenance effect because there is no induction in 

the mammalian upstream development. The verge is described as follows in the 

interim expression: 𝑘𝑐𝑋 ≡ ∫ 𝑋(𝑡) 𝑑𝑡
𝑡𝑐𝑋
0

, where tcX is a time when the cumulative 

biomass concentration value reaches variable kcX, which is proposed in this study after 

analysis of the data. Hence, the final form of the number of the cell estimation 

combines Equation (2.38) and the maintenance term form based on the study [42]: 

{
 
 

 
 𝑋(𝑡) =  𝑋0 + ∫

𝑂𝑈𝑅(𝑡1) 

𝛼(𝑡1)
 𝑑𝑡1;       𝑖𝑓 𝑘𝑐𝑋 ≥ ∫ 𝑋(𝑡1) 𝑑𝑡1

𝑡

0

 
𝑡

0

𝑋(𝑡) =
𝑋0 + ∫

𝑂𝑈𝑅(𝑡1) + 𝛽(𝑡) ∙ 𝑋𝑐𝑋 
𝛼(𝑡1)

 𝑒
∫

𝛽(𝑡2)
𝛼(𝑡2)

 𝑑𝑡2
𝑡1
0 𝑑𝑡1

𝑡

0

𝑒
∫  

𝛽(𝑡3)
𝛼(𝑡3)

  𝑑𝑡3
𝑡
0

 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

 

 

(2.39) 

 

 

In Equation (2.39), variable XcX is the cells concentration at the moment when 

the condition applies 𝑘𝑐𝑋 = ∫ 𝑋(𝑡) 𝑑𝑡
𝑡𝑐𝑋
0

. 

Based on the findings of studies [17, 82, 83], both kinetic parameters α and β of 

the Luedeking-Piret model are typically functions of time. However, stoichiometry 

values dependencies on time do not hold true when the target object of interest is 

mammalian cells, and cultivation processes are long-term ones in such a case. Then 

kinetic parameter dependencies are more akin to the average age of the cell 

population. 

𝐴𝑔𝑒(𝑡) =  
∫ 𝑋(𝑡1) 𝑑𝑡1
𝑡

0

𝑋(𝑡)
 . (2.40) 

The aging approach, in both fed-batch and continuous biosynthesis, is equally 

practical for non-invasive estimates. The age expression is more influenced by the 

condition than by the passage of time. Such a premise is pertinent for perfusion 

bioprocesses [84, 85], in which the biomass concentration (for microorganisms) or the 

viability rate (for mammals) may be age-invariant. Incorporating a parametric 

hypothesis for a fed-batch mammalian culture was the decision which we took. The 

model fitting classes used to enable a non-invasive online estimate of the kinetic 

coefficient α(t) at runtime were the following functionals: 

𝛼(𝑡) =  
𝛼𝑚𝑎𝑥

1 − 𝑒
− 

𝑡
𝐿𝑎𝑔𝑡𝑖𝑚𝑒

 ∙  
𝐴𝑔𝑒(𝑡)

𝑡
 , (2.41) 

here, the theoretical aerobic oxidative capacity is represented by the maximum 

growth-based oxygen consumption yield (αmax) for cells, and the lag time (Lagtime) is 

connected to exponential decay [85] and designates the point at which cells transition 

from the lag phase to the exponential growth phase. The oxygen consumption 

yield for maintenance (β(t)) allows cells to remain alive, the expression which is 

dependent on the aging term as follows: 
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𝛽(𝑡) =  𝛽 ∙  
𝐴𝑔𝑒(𝑡)

𝐴𝑔𝑒(𝑡) + 𝑘𝑎𝑔𝑒
 . (2.42) 

In Equation (2.42), the aging-specific parameter kage is the ‘half-age-constant’ 

when the maintenance coefficient β is treated as the maximal maintenance value. 

 As a result, Equation (2.41)–( 2.42) demonstrates the direct dependence of the 

stoichiometry parameters on the aging component. These two expressions are 

incorporated into the viable cell estimate method created in Equation (2.39) to make 

the model completely applicable to both brief bacteria cultivations and extended fed-

batch procedures. 

2.5.3. Results 

The active biomass concentration – the viable cells estimation approach – was 

tested with CHO mammalian cells and E. coli bacteria. The prediction accuracy is 

compared with the offline data by applying the Mean Absolute Error (MAE) and the 

Root Mean Square Error (RMSE) indicators Equations (2.10)–(2.12) [59]. 

Additionally, in order to find out the model’s parameters to a CHO mammalian cell 

culture, cross-validation was employed [86]. The main goal of the approach that was 

selected was to obtain a result from the candidates that were supplied by averaging 

them according to a weight that relies on the item’s importance. Specifically, by using 

the ensemble averaging equation, the weights of 10 candidate sets were based on 

RMSE: 

 �̂� =  ∑ 𝑤𝑖  𝑦𝑖(𝑥),
𝑛

𝑖=1
 (2.43) 

𝑤𝑖 = 
∑ 𝑅𝑀𝑆𝐸𝑗 − 𝑅𝑀𝑆𝐸𝑖 
𝑛
𝑗=1

∑ 𝑅𝑀𝑆𝐸𝑗  ∙ (𝑛 − 1)
𝑛
𝑗=1

 , (2.44) 

here, �̂� is the final guess of the parameter, 𝑤𝑖 is the weight of the parameter 𝑦𝑖, and n 

is the number of parameters’ sets n = 10. The final CHO cell culture’s parameter set 

is shown in Table 2.10. 

Table 2.10. The final parameter set of the estimation model 

Parameter Value Unit 

Lagtime 20.489 h 

αmax 0.727 g e9cells-1 

β 0.034 g e9 cells-1 h-1 

kcX 29.99 e9cells h L-1 

kage 102.05 h 

 
Hence, with the proposed parameter set for the CHO cells, the prediction 

approach yields accurate results. The average MAE and RMSE results were 0.139 and 

0.158, respectively. Additionally, the average MAPE results were 5.15%. Figure 2.11 

and the associated confidence bands show how well the model estimations performed. 

The confidence band of the procedure may be identified by categorizing the error 

values between the measured and computed points for 6 tests throughout a range of 
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viable cell concentrations. The confidence band α = 0.01 in Figure 2.11 is shown with 

the purple shadow. The error statistics in this sector have a high (pessimistic) bound 

because it contains a systematic error of 0.19 cells L- and a random error of 4%. 

 

 

Figure 2.11. CHO viable cell estimation results from experiments Nos. 1–6. Vertical 

error bars indicate the total error. The purple shadow represents the prediction band 

The same cross-validation technique was applied to the E. coli bacteria strain, 

which is also the test subject of this study. The data of a total of 12 experiments was 

analysed, and 10 sets of parameters were generated to establish the optimal values of 

the parameters. The final optimization results of the parameters are shown in Table 

2.11. 

Table 2.11. E. coli strain parameter set for the estimation approach 

Parameter Value Unit 

Lagtime 0 h 

αmax 0.75 g g-1 

β 0.16 g g-1 h-1 

kcX 17 g h L-1 

kage 0 h 

 

The results of the validation procedure were 1.78 g L-1 MAE, 2.53 g L-1 RMSE 

and 6.97% MAPE. An analogous process for microbial analysis is shown in Fig. 13, 

and the confidence band connection for bacterial analysis is the same as it is for 

mammalian analysis. The purple shadow indicates the confidence band α = 0.01. The 

error bars consisted of a systematic error of 0.2 g L−1 and a random error of 4%. These 

errors reflect the bounds of experimentation-related errors and device characteristics. 
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Figure 2.12. E. coli bacteria biomass estimation results of the six initial experiments. 

The vertical error bars indicate the total error. The purple shadow represents the prediction 

band 
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3. CONCLUSION 

1. In this dissertation, a biomass estimation method based on stoichiometry and 

oxygen consumption has been proposed. The biomass concentration estimation 

algorithm is suitable for use with a wide spectrum of cell cultures: yeast, three 

different bacterial strains, and mammalian cells. These cultures are the main cells 

used in industry. Hence, the described algorithm has a great potential for 

marketing. It would solve the problem of sampling and increase the efficiency of 

human work. Concerning the method precision for yeast and bacteria, the average 

mean percentage error (MAPE) is 6.97%, while the average MAPE for 

mammalian cells is 5.15%. 

2. This dissertation has proposed and applied a target protein modelling approach 

based on stoichiometry and oxygen consumption. The product synthesis model 

showed that the target product concentration depends on the specific growth rate 

at the time of induction and biomass increment. The aforementioned relationships 

allow guiding the process to the optimal conditions in the cultivation process for 

efficient potential protein production. The method’s model fitting average MAE 

and MAPE accuracy is 0.099 g L-1 and 8.22%, respectively. 

3. In this dissertation, a specific cells growth rate estimation method based on 

stoichiometry and oxygen consumption has been offered and put into application. 

The aforementioned approach has a single tuning parameter which varies based 

on the cell strain. This leads to its resilience and simplicity. This method combines 

well with control algorithms as it provides feedback information from the 

cultivation process. The accuracy of the method on MAPE is 9.77%, and it 

directly estimates SGR without using any additional observations.  

4. It has been demonstrated in this dissertation that stoichiometry coefficients cannot 

be assumed as stationary in all contexts. The maintenance term’s dependence on 

product synthesis is significant. In mammalian biosynthesis, the age of the culture 

participates in expressions describing the cells growth and maintenance. This is 

crucial to cultivation methods which are continuous or significantly prolonged. 

The proposed innovation allows the algorithms of this dissertation to be used in 

various types of growing processes: batch, fed-batch, or continuous. Furthermore, 

the algorithms are fit to be used in bioprocesses with inductor (ITPG). 
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4. FUTURE WORKS 

The proposed aging term in biomass estimation showed that the age of the 

culture has an impact to the yields of oxygen consumption. In this dissertation, the 

aging term is significant in cultivation processes with mammalian cells because the 

growth was prolonged due to the low specific growth rate of the cell. The future work 

is to prolong the cultivation processes with E. coli bacteria and make the growth 

process in the continued mode, which implies that, at any moment, some of the media 

with biomass would be taken off from the bioreactor and replaced with a fresh media. 

In this case, the inhibition of an excessive amount of biomass would be avoided, and 

the age of the cell culture would continue to increase. Data of those cultivation 

processes would prove that the aging term for all the cell cultures is relevant. 
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5. SANTRAUKA 

5.1. Įvadas 

5.1.1. Tiriama problema  

Bioreaktoriuje gliukozė yra gyvybiškai svarbus maistas įvairių tipų ląstelėms 

[87]. Gliukozė vartojama gaminant įvairius ląstelių produktus ir veikia kaip 

pagrindinis ląstelių metabolizmo ir anabolizmo energijos šaltinis [88]. Mažas 

gliukozės kiekis bioreaktoriuje lemia mažesnį augimo greitį [89]. Kita vertus, per 

didelis gliukozės kiekis sukelia kenksmingų šalutinių produktų susidarymą ir ląstelių 

neigiamus metabolizmo pokyčius, kurie gali turėti įtakos bendram ląstelių augimui ir 

produkto sintezei [90]. Tyrėjai turi kruopščiai subalansuoti gliukozės tiekimą pagal 

esamą ląstelių kultūros būseną bioreaktoriuje, kad optimizuotų ląstelių augimo greitį 

ir produkto gamybą [91]. Tam reikia stebėti tipinius kultivavimo proceso parametrus, 

tokius kaip gliukozės koncentracija bioreaktoriuje, santykinis ląstelių augimo greitis, 

biomasės koncentracija, produkto gamybos greitis [92]. Norint išlaikyti optimalų 

kultivavimo proceso efektyvumo lygį, pagal šiuos kintamuosius privaloma pritaikyti 

gliukozės tirpalo tiekimo greitį [92]. 

Tačiau be brangių aparatinės įrangos jutiklių neįmanoma išmatuoti esminių 

bioproceso parametrų realiuoju laiku. Informacijos apie proceso būseną trūkumas 

yra pagrindinė biotechnologijų problema, proceso automatizavimas ir idealus 

valdymas neįmanomas be reikalingų grįžtamojo ryšio signalų. Todėl šioje 

disertacijoje yra dėstomi būdai, kaip panaudoti netiesioginio įvertinimo algoritmus 

(programuojamieji jutikliai), kad būtų galima stebėti pagrindinius parametrus [93]. 

5.1.2. Tyrimo objektas 

Trys pagrindiniai ląstelių kultivavimo proceso kintamieji, kurių negalima 

išmatuoti tiesiogiai, – specifinis ląstelių augimo greitis, biomasės koncentracija ir 

tikslinio produkto koncentracija. 

5.1.3. Tyrimo tikslas ir iškelti uždaviniai 

Tyrimo tikslas – padidinti kultivavimo proceso našumą pritaikant tikslius, 

patikimus įvertinimo modelius (programuojamus jutiklius), pagrįstus bioreaktoriaus 

išmetamosiomis dujomis, leidžiančius stebėti esminius augimo proceso parametrus, 

kurių negalima tiesiogiai įvertinti. Norint pasiekti šio tyrimo tikslus, buvo iškelti šie 

tikslai: 

1. Sukurti ir ištirti biomasės koncentracijos įvertinimo algoritmą, kuris leistų sekti 

proceso būseną. 

2. Sudaryti ir ištirti tikslinio produkto sintezavimo modelį ir pasiūlyti produkto 

sintezės išeigos priklausomybes. 

3. Sukurti ir ištirti santykinio ląstelių augimo greičio įvertinimo metodą, skirtą 

pateikti informaciją valdymo sistemai. 

4. Sudaryti ir ištirti įvertinimo algoritmą, skirtą gyvybingoms ląstelėms nustatyti,, 

žinduolių ląstelių kultūrai, kultivavimo būsenai sekti. 
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5.1.4. Mokslinis naujumas 

Kiekvienoje šios disertacijos publikacijoje buvo pateikta reikšmingų mokslinių 

kintamųjų įvertinimo / prognozavimo naujovių, kurios pagrįstos fundamentaliomis 

žiniomis ir matematiniais metodais. Paprastumas, lengvas pritaikomumas, tikslumas 

ir nauja koncepcija, kuri turi įtakos algoritmui, yra kriterijai, įrodantys naujumą. 

A1 straipsnio naujovė yra Luedeking-Piret modelio (1959 m.) [16] 

patobulinimas, pasiūlyta nauja stechiometrijos parametro, kuris aprašo deguonies 

suvartojimą ląstelių gyvybinėms funkcijoms palaikyti, išraiška. Remiantis pasiūlyta 

teorija, kai biomasės koncentracija nėra didelė, biomasės palaikymo narys proceso 

pradžioje yra pastebimai mažas, todėl jo galima nevertinti ir po indukcijos. Kai 

produkto sintezė pradedama arba kai biomasės kiekis viršija slenkstinę vertę, tada 

palaikymo narys turi būti vertinamas. 

A2 publikacija yra A1 darbo tęsinys, pasiūlytas naujumas yra biomasės 

palaikymo nario išskaidymas į dvi dalis: produkto sintezę ir biomasės palaikymo narį. 

Taip pat straipsnio kitas pasiūlytas naujumas susijęs su tikslinio produkto sintezės 

priklausomybe nuo santykinio ląstelių augimo greičio. 

A3 straipsnyje pasiūlyto algoritmo unikalumas ir naujumas slypi jo 

atsikartojamume ir paprastume, nes jis turi tik vieną derinimo parametrą ir yra 

tinkamas naudoti viso auginimo proceso metu, įvairiomis sąlygomis ir esant įvairiems 

metabolizmo tipams. Siekiant pašalinti neapibrėžtumus ir perskaičiavimo klaidas, 

specifinis augimo greitis apskaičiuojamas tiesiogiai iš dujų duomenų (deguonies 

suvartojimo greičio), o ne pagal įvertintą biomasę. 

A4 darbe pateikto metodo naujovė yra ląstelių senėjimo termino vartojimas, 

skirtas gyvybingoms ląstelėms įvertinti. Kultūros amžius turi įtakos auginimo proceso 

produktyvumui, taip pat sintezės dinamikai ir efektyvumui. 

5.1.5. Tyrimo metodologija 

Šio tyrimo pagrindinis tikslas yra įvertinti svarbius auginimo proceso 

kintamuosius, kurių negalima išmatuoti tiesiogiai. Norint užtikrinti algoritmų 

patikimumą ir paprastumą, Luedeking-Piret modelis [16] buvo pasirinktas kaip 

pagrindas. Kadangi biomasės koncentracija apibrėžia viso auginimo proceso būklę, 

todėl pirmasis tikslas buvo ištirti ir sukurti biomasės įvertinimo metodą (A1). Antra 

publikacija (A2) yra straipsnio (A1) tęsinys, joje siūlomas išplėstas biomasės 

koncentracijos algoritmas, papildytas baltymo sintezės kintamuoju. Taip pat tyrime 

pateikiama santykinio augimo greičio indukcijos metu įtaka produkto sintezės 

efektyvumui. Kadangi ląstelių specifinio augimo greičio kintamasis yra svarbus 

įėjimo signalas baltymų sintezės modeliui, trečias publikuotas straipsnis yra 

santykinio augimo greičio (SGR) įvertinimo algoritmas (A3). Paskutiniame 

straipsnyje (A4) aprašomas patobulintas biomasės koncentracijos algoritmas, galintis 

įvertinti gyvybingų ląstelių skaičių ir apimantis platesnį ląstelių kultūrų spektrą. 

Tyrime (A4) panaudotas ląstelių kultūros amžiaus kintamasis, kuris pateiktas kolegų 

parašytame straipsnyje [17]. 
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5.1.6. Praktinė reikšmė 

1. Šioje disertacijoje pateikti įvertinimo algoritmai yra reikalingi ir reikšmingi ne tik 

nacionaliniu, bet ir tarptautiniu mastu. Sukurti algoritmai gali būti naudingi 

įmonėms, užsiimančioms biotechnologine veikla, pavyzdžiui nacionalinėms 

įmonėms: 

a) Northway Biotech, UAB, 

b) Celltechna, UAB, 

c) Thermo Fisher Scientific Baltics, UAB, 

d) Roquette Amilina, AB. 

2. Šiame darbe pateiktiems metodams galimybę vystyti sudarė Europos Sąjungos 

struktūrinių fondų finansuojamas projektas „Biotechnologinių procesų būsenos 

įvertinimo programinių jutiklių sistemos sukūrimas ir taikymas“ (Nr. 01.2.2-

LMT-K-718), 2019–2023 m. 

5.1.7. Tyrimo rezultatų aprobavimas 

1. Pateikti metodai publikuoti 4 skirtinguose tarptautiniuose mokslo žurnaluose, 

turinčiuose cituojamumo rodiklį „Web of Science“ duomenų bazėje. Trys 

pasirinkti žurnalai yra Q1 lygio, o 1 žurnalas yra Q2 lygio. 

2. Esminiai rezultatai pristatyti trijose tarptautinėse konferencijose. 

3. Visi šiame tyrime pateikti įvertinimo algoritmai yra įdiegti ir naudojami Kauno 

technologijos universiteto bioprocesų modeliavimo ir valdymo laboratorijoje. 

4. Inovatyvios medicinos centro (IMC) MTEP laboratorijoje įdiegtas ir pritaikytas 

biomasės koncentracijos įvertinimo algoritmas (A1). 

5.1.8. Disertacijos ginamieji teiginiai 

1. Pirmoje kultivavimo proceso pusėje (lag ir log fazės) ląstelių gyvybinių funkcijų 

palaikymo narys yra nereikšmingas ir turi minimalų poveikį įvertinimo procedūrų 

tikslumui. 

1. Tikslinio produkto sintezės efektyvumas tiesiogiai priklauso nuo santykinio 

ląstelių augimo greičio indukcijos momentu. 

2. Bioproceso būsenos įvertinimas remiantis deguonies suvartojimo greičiu yra 

priimtinas, jo atsikartojamumui neturi įtakos E. coli bakterijų metabolizmai.  

3. Ląstelių kultūros vidutinis amžius yra reikšmingas kintamasis, kuris pagerina 

tikslinio produkto ir biomasės koncentracijos įvertinimų tikslumą. 
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5.2. Straipsnių apžvalga 

5.2.1. Generic estimator of biomass concentration for Escherichia coli and 

Saccharomyces cerevisiae fed-batch cultures based on cumulative oxygen 

consumption rate 

Vienas iš reikalingiausių kultivavimo proceso tiesiogiai nematuojamų 

parametrų yra biomasės koncentracijos įvertis. Todėl pirmojo išleisto straipsnio 

Generic estimator of biomass concentration for Escherichia coli and Saccharomyces 

cerevisiae fed-batch cultures based on cumulative oxygen consumption rate tikslas –

– suteikti galimybę nuolat stebėti bioproceso būklę ir atsisakyti mėginių ėmimo 

procedūros. Straipsnyje yra pateiktos dvi naujovės: biomasės palaikymo narys, kuris 

apibūdina, kiek deguonies suvartoja biomasė vien tik kvėpavimui (gyvybinių funkcijų 

palaikymui), nėra konstanta, kaip dažniausiai traktuojama kituose straipsniuose [16, 

50]. Straipsnyje pasiūlyta biomasės palaikymo narį laikyti augančios vertės 

kintamuoju. Kita hipotezė yra tai, kad kultivavimo pradžioje palaikymo narys yra 

labai mažas, todėl galima jo nevertinti, ir tik susidarius tam tikram biomasės kiekiui, 

šis narys pradeda didėti. Šios hipotezės ypač aktualios kultivavimo procesuose, 

kuriuose yra naudojamas induktorius (isopropyl-D-1-thiogalactopyranoside/IPTG), 

nes šis preparatas suaktyvina tikslinio baltymo sintezę, todėl proceso dinamika staigiai 

kinta [57]. Didėjančiame biomasės palaikymo kintamajame yra įvertintas deguonies 

suvartojimas baltymų sintezei. Ši prielaida leidžia šiame straipsnyje pateikti 

nesudėtingą matematinį biomasės koncentracijos įvertinimo metodą, kuris sudarytas 

iš dviejų dalių: biomasės palaikymo įverčio ir ląstelių dalijimosi. Pasiūlyto algoritmo 

privalumai yra tikslumas ir nesudėtinga algoritmo forma, kuri tinkama naudoti 

biomasės koncentracijai įvertinti viso auginimo proceso metu.  

Šio straipsnio algoritmo pagrindą sudaro Luedeking-Piret matematinė išraiška, 

kuri apibūdina ryšį tarp deguonies suvartojimo ir stechiometrijos parametrų [16]: 

𝑂𝑈𝑅(𝑡) =  𝛼 ∙ 𝑋′(𝑡) + 𝛽 ∙ 𝑋(𝑡), (5.1) 

čia α ir  β yra stechiometrijos parametrai, OUR yra deguonies suvartojimo greitis, X 

yra biomasės koncentracija. Koeficientas α apibūdina deguonies suvartojimą ląstelių 

populiacijos augimui ir β yra deguonies suvartojimas gyvybinėms funkcijoms 

palaikyti. Naudojant klasikinę Piret išraišką su duomenimis, gautais iš eksperimentų, 

, kurių metu buvo atlikta indukcija, gauti rezultatai turi dideles paklaidas. Todėl 

pradėtas tyrimas siekiant išsiaiškinti dinamiką deguonies suvartojimo biomasės 

palaikymui ir jo priklausomybė nuo biomasės koncentracijos prieš ir po indukcijos. 

Šiam tyrimui buvo naudojami duomenys, surinkti iš kultivavimo procesų 

eksperimentų, kurių metu buvo naudojamos keturios skirtingos ląstelių kultūros: 

mielės ląstelės S. cerevisiae (no DY7221), E. coli BL21(DE3) pET9a-IdeS, E. coli 

BL21 (DE3) pET21-IFN-alfa-5, E. coli BL21(DE3) pLysS. Ląstelių įvairovė tyrime 

buvo pasirinkta dėl modelio rezultatų patikimumo ir universalumo. Deguonies 

suvartojimo biomasei palaikyti tyrimas buvo vykdomas iš bendro deguonies 

suvartojimo greičio eliminavus deguonies suvartojimą gyvybinėms funkcijoms 

palaikyti β: 𝑂𝑈𝑅(𝑡) =  𝛼 ∙ 𝑋′(𝑡). Šiam tyrimui atlikti buvo pasitelktos biomasės 

koncentracijos vertės iš eksperimentinių kultivavimo proceso. Rezultatai 
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pademonstravo, kad deguonies suvartojimas biomasei palaikyti kultivavimo proceso 

pradžioje lygus nuliui ir esant kritiniam biomasės kiekiui, šis kintamasis pradeda 

didėti. Palaikymo dinamika priklauso nuo ląstelių kultivavimo proceso, kaip parodyta 

5.1 paveiksle. 

 

5.1. pav. Biomasės koncentracijos įtaka deguonies suvartojimui, skirtam biomasei 

palaikyti, (a) E. coli, (b) S. cerevisiae 

Pagal gautus rezultatus, straipsnyje pasiūlyta galutinės biomasės koncentracijos 

įvertinimo modelis, kuriame gyvybinių funkcijų palaikymas yra vertinimas nuo tam 

tikros biomasės koncentracijos ir jo forma aprašoma antros eilės polinomu: 

𝑋𝑚 =
𝑐𝑂𝑈𝑅𝑚
𝛼

+ 𝑋0, (5.2) 

𝑋𝑚 ≅
𝑐𝑂𝑈𝑅𝑚 − ∑ 𝛽(𝑋𝑙) ∙ 𝑋𝑙  ∙ ∆𝑡𝑙,𝑙−1

𝑚−1
𝑙=𝑖

𝛼
+ 𝑋0, (5.3) 

𝛽(𝑋) ≡ 𝛽(𝑋(𝑡)) =  𝑘𝛽2 ∙ 𝑋
2(𝑡) +  𝑘𝛽1 ∙ 𝑋(𝑡) + 𝑘𝛽0. (5.4) 

Šiose formulėse X0 yra biomasės koncentracija inokuliavimo momentu, cOUR 

yra deguonies suvartojimo greičio integralas: 𝑐𝑂𝑈𝑅 =  ∫ 𝑂𝑈𝑅(𝑡) 𝑑𝑡
𝑡

0
. kβ2, kβ1, kβ0 yra 

biomasės palaikymo koeficientai, pateikti išraiškoje (5.3), kurie priklauso nuo ląstelių 

kultūros. Biomasės palaikymo koeficientai gauti naudojant duomenis iš kultivavimo 

procesų ir pritaikant iškilaus optimizavimo metodą [42]. 

 

5.2.2. Identification of Functional Bioprocess Model for Recombinant E. Coli 

Cultivation Process 

Toliau tęsiant tyrimą susijusį su deguonies suvartojimu biomasei palaikyti ir jo 

dinamikos priklausomybe, gauti rezultatai publikuoti straipsnyje Identification of 

Functional Bioprocess Model for Recombinant E. Coli Cultivation Process. Šiame 

darbe toliau tęsiamas tyrimas tarp deguonies suvartojimo ir stechiometrijos [16, 42]. 

Anksčiau aprašytame straipsnyje biomasės palaikymo narys apėmė ir produkto 

sintezės deguonies suvartojimą, kad būtų galima išlaikyti modelio paprastumą [42]. 

Tačiau, norint padidinti biomasės koncentracijos prognozavimo tikslumą, produkto 

įvertinimas realiu laiku yra neišvengiamas [46]. Šiame darbe pasiūlyta išplėsta 

Luedeking-Piret modelio išraiška [16]: 
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𝑂𝑈𝑅(𝑡) = 𝛼 ∙ 𝑋′(𝑡) + 𝛽 ∙ 𝑋(𝑡) + 𝛾 ∙ 𝑃′(𝑡), (5.5) 

čia γ yra produkto sintezės išeigos parametras, nusakantis, kiek deguonies reikia 

sintetinant baltymus, P yra produkto koncentracija. Ši išraiška galioja daugumai 

kultivavimo procesų, taip pat ir procesuose, kai yra naudojamas induktorius [56]. 

Šiame straipsnyje iš esmės yra analizuojami ląstelių kultivavimo procesai, kuriuose 

yra naudojamas IPTG preparatas, ir jo įtaka produkto sintezei. Tyrimo objektas šiame 

darbe yra rekombinantinės E. coli BL21 (DE3) pET28a bakterijos [57]. Iki 

induktoriaus suleidimo į bioreaktorių bakterijos negamina produkto, tik dauginasi. 

Todėl iki indukcijos deguonies suvartojimas produkto sintezei yra laikomas lygus 

nuliui (𝑃′(𝑡)  = 0) [94]. Tyrimo eksperimentuose induktorius buvo suleidžiamas 

skirtingais momentais. Tai leido aptikti dėsningumą, kad induktoriaus suleidimo 

momentu biomasės koncentracija bioreaktoriuje turi įtakos produkto sintezei γ(X) 

[66]: 

𝛾(𝑋) = 𝑘𝛾 ∙ (𝑋(𝑡) − 𝑋𝑖𝑛𝑑), (5.6) 

čia ky yra produkto skyrimosi išeigos koeficientas, kuris yra konstanta, Xind biomasės 

koncentracija indukcijos metu. Sujungę straipsnio biomasės palaikymo naują išraišką 

[42] ir formulėje (5.6) pateiktą produkto sintezės išraišką, gauname visą deguonies 

suvartojimo greičio išraišką: 

∫ OUR(t∗)dt∗
t

t0

= α ∙ ∫ X′(t∗)dt∗
t

t0

+ kγ ∙ ∫ (X(t∗) − Xind) ∙ P
′(t∗)dt∗

t

t0

+ ∫ (kβ2 ∙ X
2(t∗) + kβ1 ∙ X(t

∗) + kβ0) ∙ X(t
∗)dt∗

t

t0

. 

(5.7) 

E. coli bakterijos eksperimentų duomenys buvo paimti iš pramoninių 

bioproceso vystymo laboratorijų, kuriose induktorius buvo suleidžiamas kultivavimo 

procesų logaritminėje fazėje [48] (esant apie 30 g/L biomasės koncentracijai), kultūrai 

nepasiekus stacionariosios fazės [91]. Atliekant tyrimus su pateikta visa deguonies 

suvartojimo formule (5.7), pastebėta, kad biomasės palaikymo narys yra minimalus, 

nes, esant nedidelei biomasės koncentracijai suleidus induktorių, deguonis iš esmės 

yra suvartojimas produkto sintezei ir minimaliam ląstelių dalijimuisi: 

∫ OUR(t∗)dt∗
t

t0

= α ∙ ∫ X′(t
∗)dt∗

t

t0

+ kγ ∙ ∫ (X(t∗) − Xind) ∙ P
′(t∗)dt∗

t

t0

. (5.8) 

Rezultatai parodė, kad deguonies suvartojimas gyvybingoms funkcijoms 

palaikyti yra labai mažas, kad pagrindiniai kultivavimo proceso veiksniai ląstelių 

dalyba ir baltymo sintezė nustelbia. Galutinis šiame straipsnyje pasiūlytas biomasės 

koncentracijos įvertinimo modelis išlieka nesudėtingos formos: 

𝑋𝑚 =
𝑐𝑂𝑈𝑅𝑚 + 𝛼 ∙ 𝑋0 + 𝑘𝛾 ∙ 𝑃𝑚 ∙ 𝑋𝑖𝑛𝑑 + 𝑘𝛾 ∙ ∑ (𝑋𝑙 − 𝑋𝑙−1) ∙ 𝑃𝑙

𝑚
𝑙=1

𝛼 + 𝑃𝑚 ∙ 𝑘𝛾
. (5.9) 

Šiame straipsnyje pasiūlytas ir kitas naujumas – produkto koncentracijos 

įvertinimo modelis. Kadangi biomasės koncentracijos įverčio algoritmui yra 

reikalinga produkto koncentracijos vertė, todėl vienu metu buvo vystomi du 
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prognozavimo modeliai. Produkto koncentracijos įvertinimo algoritmo idėja paimta 

iš darbo [68], kai produkto sintezė priklauso nuo santykinio ląstelių augimo greičio: 

d𝑃𝑥
dX

= 𝑞𝑝𝑥(𝜇, 𝑃𝑥), (5.10) 

čia Px yra baltymų koncentracija, padalinta iš biomasės koncentracijos 𝑃𝑥(𝑡) =
𝑃(𝑡)/𝑋(𝑡), qpx yra santykinis produkto kaupimosi greitis (U/g/h), µ yra santykinis 

ląstelių augimo greitis (1/h) [68]. Atlikus tyrimus su eksperimentų duomenimis, 

pastebėta, kad produkto sintezė yra slopinama produkto koncentracijos bioreaktoriuje. 

Tai yra biomasės koncentracija po indukcijos turi ribą, kiek produkto galima 

pagaminti [69]. Todėl produkto sintezės greitis mažėja, didėjant baltymų 

koncentracijai: 

𝑑𝑃𝑥
𝑑𝑥

= 𝑞𝑝𝑥(𝜇, 𝑃𝑥) = 𝑃𝑚𝑎𝑥(𝜇, 𝑋) − 𝑘𝑡 ∙ 𝑃𝑋(𝑡), (5.11) 

čia kintamasis 𝑘𝑡 yra nuo laiko nepriklausomas koeficientas, kuris nulemia savaiminio 

slopinimo elgseną [70], 𝑃𝑚𝑎𝑥 yra maksimali santykinė produkto koncentracija. Šis 

kintamasis tiesiogiai priklauso nuo 𝜇 santykinio ląstelių augimo greičio indukcijos 

metu. Vėliau, po indukcijos, Pmax, maksimali tikslinio produkto koncentracija, 

nustatoma pagal santykinį biomasės augimo greitį ir biomasės koncentraciją: 

𝑃𝑚𝑎𝑥(𝜇, 𝑋) = 𝜇(𝑡) ∙ (𝑘𝑚0 + 𝑘𝑚1 ∙ (𝑋(𝑡) − 𝑋𝑖𝑛𝑑)), 𝑡 ≥  𝑡𝑖𝑛𝑑𝑢𝑐𝑡𝑖𝑜𝑛, 

𝑃𝑚𝑎𝑥(𝜇, 𝑋) = 𝜇(𝑡) ∙ 𝑘𝑚0, 𝑡 <  𝑡𝑖𝑛𝑑𝑢𝑐𝑡𝑖𝑜𝑛 , 
(5.12) 

čia km0 ir km1 yra šio tyrimo pasiūlyti empiriniai parametrai, km0 koeficientas, susijęs 

su augimo greičiu ir baltymų sinteze, o km1 susijęs su biomasės koncentracija 

indukcijos momentu [65], tinduction yra indukcijos momentas. Šiame straipsnyje visuose 

pagrindiniuose įvertinimo modeliuose yra naudojama kumuliatyvinė informacija dėl 

jos savybės sumažinti triukšmo įtaką įverčiams. Todėl ir produkto prognozavimo 

algoritmo ((5.11) formulė) galutinė lygtis yra išreikšta per integralą: 

Pm = 
(∑ Pmax,j ∙ ∆tj,j−1

m
j=i − kt ∙ ∑ Px,j ∙ ∆tj,j−1

m−1
j=1 ) ∙ Xm

1 + ∆tm,m−1 ∙ kt
. (5.13) 

Straipsnyje taip pat pristatomas parametrų identifikavimo procesas, naudojant 

išgaubto optimizavimo metodą. Taip pat pasiūlytas naujas kriterijus, skirtas rasti 

parametrų reikšmęms, kurios galiotų viso kultivavimo proceso metu: 

𝜎𝑋,𝑚
2 ~

𝑋𝑚
2

1 − 𝐾𝑒𝑥𝑝 + 𝑋𝑚
2 ∙ 𝐾𝑒𝑥𝑝

, (5.14) 

čia Kexp yra derinimo koeficientas, kuris reikalingas pakoreguoti neapibrėžtumui ir 

sujungti du optimizavimo kriterijus: mažiausių kvadratų metodo ir vidutinės 

procentinės paklaidos. Kai Kexp kintamojo vertė lygi 1(0 ≤ Kexp < 1), tai kriterijaus 

išraiška yra lygi mažiausių kvadratų metodui. O kintamojo reikšmei prilygus 0, 

kriterijus tampa lygus vidutiniam procentiniam paklaidos metodui.  
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5.2.3. An oxygen-uptake-rate-based estimator of the biomass-specific growth 

rate in microbial cultivation processes 

Pirmiau pristatyti du prognozavimo metodai straipsniuose pateikė labai svarbių 

kultivavimo proceso kintamųjų skaičiavimo būdus [42, 43]. Turint šiuos pagrindinius 

kintamuosius: biomasės koncentraciją ir produkto koncentraciją, tolesnis žingsnis 

automatizuojant ląstelių auginimus bioreaktoriuje yra automatinio valdymo sistema. 

Šios sistemos svarbi dedamoji yra grįžtamasis ryšys iš valdymo objekto. Šis signalas 

turi būti tikslus ir atspindintis proceso dinamiką. Biomasės koncentracija, kaip 

grįžtamasis ryšys, gautas iš anksčiau pateiktų programinių jutiklių [42, 43], nėra 

tinkamas. Priežastis yra ta, kad šio kintamojo dinamika yra lėta ir jo, kaip grįžtamojo 

ryšio signalo, tinkamumas mažėja, ypač esant didelėms koncentracijoms [46]. 

Neseniai išleistose publikacijose yra pastebėta, kad santykinis ląstelių augimo greitis  

yra patikimesnis signalas grįžtamajam ryšiui valdiklyje [88]. Straipsnyje An oxygen-

uptake-rate-based estimator of the biomass-specific growth rate in microbial 

cultivation processes yra pasiūlytas algoritmas, skirtas santykiniam ląstelių augimo 

greičiui apskaičiuoti tiesiogiai iš deguonies suvartojimo greičio. Pagrindinis naujumas 

yra santykinio ląstelių augimo greičio įvertinimo modelis, kuris tiesiogiai iš dujų, 

naudojant tik vieną derinimo parametrą, pateikia priimtiną rezultatą.  

Šame darbe modelis buvo vystomas remiantis dviem klasikiniais modeliais, 

Luedeking-Piret ir biomasės augimo greičiu [16, 72]: 

d𝑋

d𝑡
= 𝜇 ∙ 𝑋(𝑡). (5.15) 

Siekiama gauti santykinio augimo greičio įvertinimo išraišką, kurioje nebūtų 

biomasės koncentracijos dedamosios. Todėl sujungiant Piret ir biomasės augimo 

greičio formules, biomasės koncentracija išreikšta per deguonies suvartojimą ir 

stechiometrijos parametrus: 

1

𝑂𝑈𝑅(𝑡)
∙
d𝑂𝑈𝑅(𝑡)

d𝑡
=  

1

𝜇 + 𝛽 𝛼⁄
∙
d𝜇

d𝑡
+ 𝜇. (5.16) 

Kitas žingsnis yra supaprastinti modelį taip, kad šis būtų patikimas, 

nesudėtingas ir dinamiškai adekvatus proceso elgsenai. Šiam tikslui (5.16) išraiška 

yra skiriama į dvi dalis: dinaminę dalį ir fundamentaliąją dalį, susiejant deguonies 

suvartojimo greitį su ląstelių augimo greičiu. Dinaminė dalis yra įvardinta kaip R 

kintamasis: 

𝑅 =
1

𝑂𝑈𝑅(𝑡)
∙
d𝑂𝑈𝑅(𝑡)

d𝑡
; →  

1

𝜇 + 𝛽 𝛼⁄
∙
d𝜇

d𝑡
+ 𝜇 = 𝑅. (5.17) 

Fundamentalioji dalis yra įvardinama kaip T kintamasis: 

𝑇 =
1

𝜇 + 𝛽 𝛼⁄
. (5.18) 

Paskutinis žingsnis yra z transformacijos pritaikymas. Šio metodo tikslas - 

pritaikyti algoritmą diskretiniams deguonies suvartojimo greičio matavimams (OUR) 

tam, kad sėkmingai įvertintume santykinį biomasės koncentracijos augimo greitį. 5.2 
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paveiksle pavaizduotas visas diskretinis santykinio ląstelių augimo greičio įverčio 

algoritmas. 

 

5.2. pav. SGR įvertinimo algoritmo blokinė schema (z-1 – poslinkio atgal operatorius, 

△t – laiko diskretizavimo žingsnis, n – diskretizacijos taškų skaičius) 

Ryšys tarp deguonies suvartojimo dinamikos ir laiko konstantos, lemiančios 

santykinio augimo greičio reikšmę, pavaizduotas struktūrinėje diagramoje. Pritaikius 

z transformaciją lygčiai, gaunama galutinė modelio formulė: 

𝜇𝑛 = 𝑅𝑛 ∙
∆𝑡

𝑇 + ∆𝑡
+ 𝜇𝑛−1 ∙

𝑇

𝑇 + ∆𝑡
 . (5.19) 

Galutinė algoritmo išraiška yra supaprastinta, lengvai integruojama į bet kokią 

valdymo sistemą ir gali būti naudojama įvairių ląstelių kultūrų auginimo procesams 

sekti. Stechiometrijos koeficientų santykis β/α yra tik vienas metodo derinimo 

parametras, kuris būdingas tik tam tikrai mikroorganizmų padermei ir gali būti rastas 

žinynuose arba nustatytas atlikus išankstinius kartotinius kultūros kultivavimo 

eksperimentus [42]. 

Kartu su santykinio ląstelių augimo greičio įvertinimo modeliu pristatytas 

kompiuterinis proceso elgsenos modeliavimas, kurio metu buvo testuojamas šio 

straipsnio pagrindinis netiesioginis būsenos įvertinimo algoritmas. Šio modeliavimo 

tikslas yra grubiai atkurti bioreaktoriuje vykstančius procesus ir ištestuoti santykinio 

augimo greičio įvertinimo algoritmo veikimą kritinėmis situacijomis, kai šio greičio 

nuostatas staigiai operatoriaus pakeičiamas arba pakinta dėl išorinių sąlygų. 

Kompiuterinio modeliavimo pagrindą sudaro trys pagrindinės diferencialinės lygtys: 

biomasės augimo, gliukozės suvartojimo ir bioreaktoriaus darbinio tūrio kitimas [75, 

76]. 

dX

d𝑡
= 𝜇(𝑠) ∙ X − 𝐹 ∙

𝑋

𝑉
 , (5.20) 

d𝑠

d𝑡
= −𝑞𝑠(𝑠) ∙ X + 𝐹

𝑠f − 𝑠

𝑉
 , (5.21) 

d𝑉

d𝑡
= 𝐹. (5.22) 

Šiose diferencialinėse lygtyse F kintamasis yra gliukozės substrato tiekimo 

greitis g/h, qs gliukozės suvartojimo greitis g/(g h), V bioreaktoriaus tūris L, s 

gliukozės koncentracija bioreaktoriuje g/L, Sf  gliukozės koncentracija pamaitinimo 

tirpale g/L. Šios trys pagrindinės diferencialinės lygtys aprašo bioreaktoriuje 

vykstančius pagrindinius reiškinius, nesigilinant į pašalinius metabolinius veiksnius, 
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kurie netrukdo santykinio ląstelių augimo įvertinimo modelio adekvatumo 

patikrinimui. Kadangi šio straipsnio modelis yra paremtas deguonies suvartojimu, 

pateiktos papildomos trys lygtys, kurios kartu atkartoja ląstelių augimo greičio 

elgseną, kuri priklauso nuo gliukozės koncentracijos bioreaktoriuje, gliukozės 

suvartojimo ir klasikinės Piret išraiškos (formulė (5.1)) [78, 79]: 

𝜇(𝑠) = 𝜇max ∙
𝑠

𝑘s + 𝑠
∙
𝑘i

𝑘i + 𝑠
 , (5.23) 

𝑞𝑠(𝑠) =
𝜇(𝑠)

𝑌x s⁄
+𝑚 . (5.24) 

Paskutinėse dviejose lygtyse, 𝜇𝑚𝑎𝑥 yra maksimalus galimas ląstelių kultūros 

augimo greitis, 𝑘𝑠, 𝑘𝑖 yra Monod išraiškos koeficientai [78], m yra gliukozės 

suvartojimo parametras biomasei palaikyti, 𝑌𝑥/𝑠 yra biomasės koncentracijos išeigos 

koeficientas. Pateiktas ląstelių kultivavimo proceso skaitmeninis dvynys yra labai 

patogus naujų matematinių modelių testavimo įrankis. Skaitmeninio dvynio 

privalumas yra galimybė testuoti kuriamus modelius kritinėse situacijose, neatliekant 

sudėtingų eksperimentų. 

5.2.4. Viable cell estimation of mammalian cells using off-gas-based oxygen 

uptake rate and aging-specific functional 

Publikavus du straipsnius apie biomasės koncentraciją ir pradėjus juos naudoti, 

rezultatai atitiko spaudoje pateiktus tikslumus, kai objektas yra mikroorganizmai, 

kurių santykinis augimo greitis yra didesnis nei 0,1 h-1, ir kultivavimo procesas vyksta 

iki kelių parų. Tačiau pateikti modeliai yra netinkami naudoti su žinduolių ląstelėmis, 

kai šios kultūros auginimas vyksta mėnesiais [79]. Todėl, iškilus poreikiui, pradėtas 

tiriamasis darbas, kuris aprašytas ketvirtame straipsnyje Viable cell estimation of 

mammalian cells using off-gas-based oxygen uptake rate and aging-specific 

functional. Šis tyrimas skirtas aktyviai biomasei – gyvybingoms ląstelėms įvertinti 

pagal deguonies įsisavinimo greitį, naudojant stechiometrinius principus ir ląstelių 

kultūros senėjimo fenomeną. Šio straipsnio pagrindinis naujumas – vidutinis ląstelių 

populiacijos amžius, kurio taikymas skirtas ilgalaikių kultūros procesų būklei 

įvertinti, pavyzdžiui, žinduolių ląstelėse, kur įprasti metodai yra netinkami [80, 81]. 

Amžiaus kintamojo naudojimas leido straipsnio [42] modelį padaryti dar 

universalesnį, tinkamą naudoti plačiam ląstelių tipų diapazonui, įskaitant ir žinduolių 

ląsteles.  

Remiantis tyrimų išvadomis [17, 82, 83], abu Luedekingo-Piret modelio 

kinetikos parametrai α ir β paprastai yra laiko funkcijos. Tačiau stechiometrinių verčių 

priklausomybės nuo laiko negalioja, kai objektas yra žinduolių ląstelės ir auginimo 

procesai užsitęsia. Tada kinetinių parametrų priklausomybės yra labiau panašios į 

vidutinį ląstelių populiacijos amžių. 

𝐴𝑔𝑒(𝑡) =  
∫ 𝑋(𝑡1) 𝑑𝑡1
𝑡

0

𝑋(𝑡)
 . (5.25) 
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Amžiaus išraiškai didesnę įtaką daro proceso būklė, o ne laiko eiga [85]. Atlikus 

tyrimą su žinduolių ląstelių auginimo proceso duomenimis, nuspręsta įtraukti 

parametrinę hipotezę žinduolių kultūrai, kai kinetinis koeficientas α(t) kinta 

kultivavimo proceso metu pagal dėsningumą: 

𝛼(𝑡) =  
𝛼𝑚𝑎𝑥

1 − 𝑒
− 

𝑡
𝐿𝑎𝑔𝑡𝑖𝑚𝑒

 ∙  
𝐴𝑔𝑒(𝑡)

𝑡
 , (5.26) 

čia 𝛼𝑚𝑎𝑥 kintamasis nusako maksimalią oksidatyvinę galią ląstelių dauginimuisi, 

Lagtime kintamasis yra susijęs su ląstelių lag faze, t.y. per kiek laiko ląstelės užtrunka 

pereiti iš lag fazės į logaritminę fazę [91]. Deguonies suvartojimas aktyvios biomasės 

– gyvybingų ląstelių gyvybinių funkcijoms palaikyti (β(t)) leidžia ląstelėms išlikti 

gyvybingoms, o šio kintamojo priklausomybė nuo senėjimo nario pateikta žemiau: 

𝛽(𝑡) =  𝛽 ∙  
𝐴𝑔𝑒(𝑡)

𝐴𝑔𝑒(𝑡) + 𝑘𝑎𝑔𝑒
 . (5.27) 

(5.27) lygtyje senėjimui būdingas parametras kage yra „pusės amžiaus 

konstanta“, o gyvybinių funkcijų palaikymo koeficientas β laikomas maksimalia 

verte.  

Šio straipsnio įvertinimo modelio pagrindą sudaro [42] straipsnio biomasės 

įvertinimo išraiška, kai deguonies suvartojimas aktyviai biomasei – gyvybingoms 

ląstelėms palaikyti pradedamas vertinti, kai aktyvi biomasė – gyvybingų ląstelių 

kiekis – pasiekia kritinę vertę: 

{
 
 

 
 𝑋(𝑡) =  𝑋0 + ∫

𝑂𝑈𝑅(𝑡1) 

𝛼(𝑡1)
 𝑑𝑡1;       𝑘𝑎𝑖 𝑘𝑐𝑋 ≥ ∫ 𝑋(𝑡1) 𝑑𝑡1

𝑡

0

 
𝑡

0

,

𝑋(𝑡) =
𝑋0 + ∫

𝑂𝑈𝑅(𝑡1) + 𝛽(𝑡) ∙ 𝑋𝑐𝑋 
𝛼(𝑡1)

 𝑒
∫

𝛽(𝑡2)
𝛼(𝑡2)

 𝑑𝑡2
𝑡1
0 𝑑𝑡1

𝑡

0

𝑒
∫  

𝛽(𝑡3)
𝛼(𝑡3)

  𝑑𝑡3
𝑡
0

 , 𝑘𝑖𝑡𝑎𝑖𝑝.

 

 

(5.28) 

 

 

(5.28) formulėje kcX yra parametras, kuris apibrėžia laiko momentą, nuo kurio 

išraiškoje (5.25) pradeda dalyvauti gyvybinių funkcijų palaikymo narys β. 

5.3. Rezultatai 

Visuose šios disertacijos straipsniuose lyginimui yra naudojami kriterijai: 

vidutinė absoliuti paklaida (MAE), vidutinė absoliutinė procentinė paklaida (MAPE) 

ir vidutinė kvadratinė paklaida (RMSE), kad būtų galima gautus rezultatus lyginti ir 

įvertinti.  

Pirmuosiuose dviejuose straipsniuose A1 (Generic estimator of biomass 

concentration for Escherichia coli and Saccharomyces cerevisiae fed-batch cultures 

based on cumulative oxygen consumption rate) ir A2 (Identification of Functional 

Bioprocess Model for Recombinant E. Coli Cultivation Process) aprašyti du biomasės 

koncentracijos įvertinimo metodai, kurių pagrindą sudaro deguonies suvartojimas ir 

stechiometrija. A1 straipsnyje pateiktas modelis, kai deguonies suvartojimas ląstelių 

gyvybei palaikyti kultivavimo proceso pradžioje yra nevertinamas, ir tik biomasės 

kiekiui viršijant kritinę biomasės vertę, šis kintamasis pradeda galioti, ir jo 
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priklausomybė nuo biomasės yra laikoma tiesiškai priklausoma. Antrajame 

straipsnyje A2 modelyje pateikta, kad kultivavimo procesuose su indukcija (IPTG) 

deguonies suvartojimo biomasei palaikyti galima nevertinti, nes IPTG produktas yra 

suleidžiamas logaritminėje fazėje, kai deguonies suvartojimas biomasei palaikyti yra 

lygus nuliui. Įrodyta, kad vietoj šio kintamojo galima naudoti baltymų sintezės greičio 

kintamąjį ir išeigos koeficientą deguonies suvartojimui. Abiejuose darbuose pasitelkta 

E. coli bakterija kaip eksperimentinis objektas. 5.1 lent. pateikti šios kultūros 

stechiometrijos parametrai, kurie buvo optimizuoti pagal dviejų straipsnių modelius, 

taip pat pateikiant šių dviejų biomasės koncentracijos įvertinimo modelių 

eksperimentų rezultatų vidurkius pagal MAE ir MAPE kriterijus. Abiejų biomasės 

koncentracijos modelių rezultatai grafiškai pavaizduoti Figure 2.4-2.5 ir Figure 2.6 

(rezultatų skiltyje ir toliau vartojamos nuorodos į angliškoje versijoje pavaizduotas 

iliustracijas „Figure“). 

5.1. lentelė. Biomasės koncentracijos modelių rezultatų palyginimas 

Model α 𝐤𝛃𝟎 𝐤𝛃𝟏 𝐤𝛃𝟐 𝐤𝛄 MAE MAPE 

A1 0.996 0.07 0.00084 0 — 1.1 7.28% 

A2 0.997 0 0 0 2.705 0.68 7.09% 

 

Taip pat A2 straipsnyje aprašytas produkto koncentracijos įvertinimo modelis. 

Pademonstruota idėja, kad maksimali produkto koncentracija priklauso nuo 

santykinio ląstelių augimo greičio indukcijos momentu ir biomasės koncentracijos 

pokyčio po indukcijos. Modelio įrodymas buvo atliktas su E. Coli BL21 (DE3) 

pET28a bakterijos duomenimis. Pateikti optimalūs proteino koncentracijos įvertinimo 

modelio parametrai su E. coli BL21 bakterija: km0 = 0,2346, km1 = -0,0172, kt = 0,0687. 

5.2 lent. pateiktas baltymo koncentracijos prognozavimo algoritmo visų eksperimentų 

rezultatų vidurkis pagal RMSE kriterijų. Šis rezultatas 5.2 lent. taip pat palygintas su 

tuo metu buvusiais naujausiais straipsniais, kurių autoriai tyrė netiesioginį produkto 

koncentracijos įvertinimą. Produkto koncentracijos įvertinimo algoritmo rezultatai 

grafiškai iliustruoti Figure 2.7. 

 

5.2. lentelė. Modelio rezultatų palyginimas su kitų tyrėjų projektais, kuriuose 

pagrindinis dėmesys skirtas produkto prognozavimui 

Straipsniai 

RMSE (g) 

Visa biomasė 
Visas tirpus  

produktas 

Visas netirpus 

produktas 

Tradicinis modelis iš 

Gnoth et al. [62] 
10,81 1,78 0,87 

Hibridinis modelis iš 

Gnoth et al. [62] 
4,71 1,28 0,62 

A2 straipsnio modelis 4,577 — 0,656 

 

Trečiame šios disertacijos straipsnyje A3 (An oxygen-uptake-rate-based 

estimator of the biomass-specific growth rate in microbial cultivation processes) 

pateiktas santykinio ląstelių augimo greičio modelis, kurio pagrindą sudaro deguonies 

suvartojimo greitis (OUR) ir vienintelis derinimo parametras β/α, kuris priklauso nuo 
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ląstelių kultūros. Publikacijos modelio veiksnumas ištirtas naudojantis trimis 

skirtingomis bakterijų kultūromis: E. coli BL21(DE3) pET9a-IdeS, E. coli 

BL21(DE3) pET21-IFN-alfa-5, E. coli BL21(DE3) pLysS. Atlikus tyrimus, pateikta 

optimali derinimo parametro vertė β/α = 0,04, kuri galioja visoms ląstelių kultūroms, 

tirtoms šiame straipsnyje. Iš viso 20 kultivavimo proceso duomenų buvo testuojami 

naudojant SGR įvertinimo metodą. Rezultatai parodė, kad bendras vidutinis SGR 

įvertinimo RMSE buvo 0,074 1/h, bendras vidutinis SGR MAE buvo 0,044 1/h ir 

bendras vidutinis MAPE buvo 9,77 %. Keli kultivavimo proceso eksperimentai ir 

metodo rezultatai grafiškai pavaizduoti Figure 2.9–2.10. 

Ketvirtame šios disertacijos straipsnyje A4 (Viable cell estimation of 

mammalian cells using off-gas-based oxygen uptake rate and aging-specific 

functional) įrodytas gyvybingų ląstelių – aktyvios biomasės koncentracijos įvertinimo 

modelio veiksnumas su įvairaus tipo ląstelėmis (žinduolių ląstelės, bakterijos). 

Pateiktas modelis ištestuotas su dviejų tipų ląstelių kultūromis: CHO-K1 žinduolių 

ląstelės ir E. coli BL21 (DE3) pET21-IFN-alfa-5 bakterija. Pademonstruota ląstelių 

populiacijos vidutinio amžiaus įtaka stechiometrijos parametrams β,α pagal lygtis 

(2.40) ir (2.41). Kartu su gyvybingų ląstelių – aktyvios biomasės – koncentracijos 

įvertinimo modelio išraiška pateikti ir tiriamų kultūrų optimalūs parametrai, 

pavaizduoti 5.3 lent. 

 

5.3. lentelė. CHO žinduolių ląstelių ir E. coli bakterijų parametrų rinkiniai 

prognozavimo algoritmui 
CHO žinduolių ląstelė E. coli bakterija 

Parametras Vertė Vienetai Parametras Vertė Vienetai 

Lagtime 20,489 H Lagtime 0 h 

αmax 0,727 g e9cells-1 αmax 0,75 g g-1 

β 0,034 g e9 cells-1 h-1 β 0,16 g g-1 h-1 

kcX 29,99 e9cells h L-1 kcX 17 g h L-1 

kage 102,05 H kage 0 h 

 

Iš viso 10 CHO žinduolių ląstelių eksperimentų duomenys buvo išanalizuoti ir 

ištestuoti su šio straipsnio modeliu. Su pateiktu CHO ląstelių parametrų rinkiniu (5.3 

lent.) gyvybingų ląstelių netiesioginis įvertinimo metodas pateikė priimtinus 

rezultatus. Vidutiniai MAE, RMSE ir MAPE rezultatai buvo atitinkamai 0,139 e9cells 

L-1, 0,158 e9cells L-1 ir 5,15 %. Figure 2.11 grafiškai atvaizduoja pirmų šešių testų 

rezultatus.  

Taip pat šio straipsnio prognozavimo algoritmas buvo ištestuotas su 12 

skirtingais E. coli kultivavimo proceso duomenimis, optimalus parametrų rinkinys 

pateiktas 5.3 lent. Atlikus testus su modeliu gauti rezultatai: 1,78 g L-1 MAE, 2,53 g 

L-1 RMSE ir 6,97 % MAPE. Pirmų šešių testų rezultatai atvaizduoti Figure 2.12. 

5.4. Išvados 

1. Šioje disertacijoje siūlomas biomasės įvertinimo metodas, pagrįstas 

stechiometrija ir deguonies suvartojimu. Biomasės koncentracijos nustatymo 

algoritmas tinkamas naudoti su plataus spektro ląstelių kultūromis: mielėmis, 

trimis skirtingomis bakterijų padermėmis ir žinduolių ląstelėmis. Šios kultūros 
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yra pagrindinės pramonėje naudojamos ląstelės. Todėl aprašytas algoritmas turi 

didelį rinkodaros potencialą, kuris išspręstų mėginių ėmimo problemą ir padidintų 

žmogaus darbo efektyvumą. Metodo gautas tikslumas su mielėms ir bakterijoms 

yra 6,97%, vidutinė procentinė paklaida (MAPE), o su žinduolinėmis ląstelėmis 

gauta vidutinė procentinė paklaida (MAPE) yra 5,15%. 

2. Šioje disertacijoje siūlomas ir taikomas tikslinių baltymų modeliavimo metodas, 

pagrįstas stechiometrija ir deguonies suvartojimu. Produkto sintezės modelis 

parodė, kad tikslinė produkto koncentracija priklauso nuo santykinio augimo 

greičio indukcijos metu ir nuo biomasės prieaugio po indukcijos. Šios įrodytos 

priklausomybės gali būti panaudotos kaip optimizavimo kriterijai, siekiant gauti 

reikiamas sąlygas kultivavimo procese, norint užtikrinti efektyvų baltymų 

sintezavimą. Metodo modelio pritaikymo vidutinis MAE ir MAPE tikslumas yra 

atitinkamai 0,099 g L-1 ir 8,22 %. 

3. Šioje disertacijoje siūlomas ir pritaikytas santykinis ląstelių augimo greičio 

įvertinimo metodas, pagrįstas stechiometrija ir deguonies suvartojimu. Aprašytas 

metodas turi vieną derinimo parametrą, kuris skiriasi priklausomai nuo ląstelės 

kultūros, o tai lemia jo stabilumą ir paprastumą. Šis metodas puikiai derinamas su 

valdymo algoritmais, nes suteikia grįžtamąją informaciją apie auginimo procesą. 

Santykinio augimo greičio įvertinimo tikslumas yra vidutiniškai (MAPE) 9,77 %. 

4. Šioje disertacijoje buvo parodyta, kad stechiometrijos koeficientai negali būti 

laikomi stacionariais įvairiomis sąlygomis. Ląstelių gyvybinių funkcijų 

palaikymo nario priklausomybė nuo produkto sintezės yra reikšminga. Žinduolių 

kultivavimo procesuose ląstelių kultūros amžius dalyvauja išraiškose, 

apibūdinančiose ląstelių augimą ir gyvybinių funkcijų palaikymą. Ląstelių 

kultūros amžius yra labai svarbus kintamasis kultivavimo procesams, kurie yra 

nepertraukiami arba ištęsti. Siūloma naujovė leidžia šios disertacijos algoritmus 

panaudoti įvairaus tipo kultivavimo procesuose: periodiniuose, periodiniuose su 

pamaitinimu, tęstiniuose. Be to, algoritmai gali būti naudojami bioprocesuose su 

induktoriumi (ITPG). 
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APPENDIXES 

Appendix 1. Activity diagram in UML for biomass concentration estimation 

algorithm in the article Generic estimator of biomass concentration for 

Escherichia coli and Saccharomyces cerevisiae fed-batch cultures based on 

cumulative oxygen consumption rate 

The process of biomass concentration estimation algorithms begins with the 

initial biomass concentration measurements taken at the inoculation moment. When 

the initial reference value is known, the estimation approach begins its iteration until 

the cultivation process has been stopped. The iterations consist of the following steps: 

1. Off-gas analysis; we calculate the oxygen uptake rate 

2. Depending on the previous or initial biomass concentration, the algorithm’s 

equation is selected 

3. We estimate the biomass concentration by using the oxygen uptake rate and 

stoichiometry parameters 

The activity diagram in UML is presented in the following figure. 
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Appendix 2. Activity diagram in UML for biomass concentration estimation 

algorithm in the article Identification of functional bioprocess model for 

recombinant E. Coli cultivation process  

The process of biomass concentration estimation algorithms begins with the 

initial biomass concentration measurements taken at the inoculation moment. When 

the initial reference value is known, the estimation approach begins its iteration until 

the cultivation process is stopped. The iterations consist of the following steps: 

1. Off-gas analysis; we calculate the oxygen uptake rate 

2. We check if induction has been performed. If yes, then, we evaluate the current 

protein concentration from the target product model described in Appendix 3; 

otherwise, protein concentration is equal to zero 

3. We estimate the biomass concentration by using the oxygen uptake rate, 

stoichiometry parameters, and protein concentration 

The activity diagram in UML is presented in the following figure. 
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Appendix 3. Activity diagram in UML for target product model in the article 

Identification of functional bioprocess model for recombinant E. Coli cultivation 

process  

The process of the product concentration evaluation model begins with the 

initial biomass concentration measurements taken at the inoculation moment. When 

the initial reference value is known, the evaluation model begins its iteration until the 

cultivation process is stopped. The iterations consist of the following steps: 

1. The biomass concentration estimation procedure described in Appendix 2 

2. We check if induction has been performed. If the inductor is not injected, the 

product concentration is equal to zero, and the next iteration is initiated. 

Otherwise, the current iteration continues 

3. We calculate the specific growth rate at the induction moment 

4. We calculate the Pmax maximum possible protein concentration at the end of the 

cultivation variable 

5. We calculate the current target protein concentration, and the next iteration is 

initiated 

The activity diagram in UML is presented in the following figure. 
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Appendix 4. Activity diagram in UML for specific growth rate estimation 

algorithm in the article Oxygen uptake-rate-based estimator of the specific 

growth rate in Escherichia coli BL21 strains cultivation processes 

The process of the specific growth rate estimation algorithm starts with the 

cultivation process. This approach is running until the bioprocess is stopped. Each 

iteration consists of 2 steps: 

1. Off-gas data analysis. We conduct the oxygen uptake rate calculation 

2. We run the specific growth rate evaluation by using stoichiometry and the 

previous iterations of the specific growth rate value 

The activity diagram in UML is presented in the following figure. 

 

 

 



119 

Appendix 5. Activity diagram in UML for viable cells concentration estimation 

algorithm in the article Viable cell estimation of mammalian cells using off-gas-

based oxygen uptake rate and aging-specific functional 

The process of viable cells concentration estimation algorithms begins with the 

initial biomass concentration measurements taken at the inoculation moment. When 

the initial reference value is known, the estimation approach begins its iteration until 

the cultivation process is stopped. The iterations consist of the following steps: 

1. Off-gas analysis; we calculate the oxygen uptake rate 

2. We evaluate the age of cell cultures  

3. We adapt stoichiometry parameters regarding the cell current culture age 

4. Depending on the previous or initial biomass concentration, the algorithm’s 

equation is selected 

5. We estimate the biomass concentration by using the oxygen uptake rate and 

stoichiometry parameters 

The activity diagram in UML is presented in the following figure. 
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