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Abstract 

In this master thesis multiple fermentation design approaches are incorporated for the yield 

improvement of product BME2. The operating parameters used in the scale-up processes are used to 

compare industry-scale bioreactor performances. This industry-scale bioreactor comparison study 

indicates a negative relationship between the oxygen transfer rate (𝑘𝐿𝑎) and the yield of BME2.  

Additionally, experiments were performed based on the design of experiment approach to 

determine production settings that lead to improved yield. To decrease the 𝑘𝐿𝑎 values, an 

alternative aeration method is proposed with respect to the method currently used. This alternative 

method is less efficient in terms of oxygen supply. The experimental design tests the effects of the 

alternative aeration method on the production of BME2. During the experiments an increased yield 

of 40% with respect to the original mean was achieved. 
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Executive Summary 

This report studies the operating conditions in the bioreactors of MSD Animal Health. In particular, 

the study focusses on the production of BME2. BME2 is a product that has quite some impact on the 

total production at the bacterial processing department. It is expected that a yield improvement is 

possible, because there exists batch-to-batch variability in terms of yield. Figure 1 visualizes the yield 

performances per bioreactor in a boxplot. The yield of bioreactor type A and C is more stable than 

type B. And because the capacity of bioreactor type C is larger than type A, BME2 is produced in type 

C. 

 

 

Figure 1 – Boxplot of yield to compare multiple bioreactors. 

 

BME2 is produced in multiple bioreactors, under varying conditions. It is produced at three types of 

bioreactors. The bioreactors mainly differ in terms of capacity and mixing mechanism, but there are 

also differences in ratios, impeller types and –sizes. Bioreactor type A has the smallest capacity, 

which is twice as small as the capacity of type B and C. Bioreactor type B varies in terms of mixing 

mechanism and aeration method, compared to type A and C. Because of these differences, each 

bioreactor has specific production settings. By comparing the bioreactor performance, we identify 

improved conditions for the production of BME2. To quantify the operating conditions of the current 

systems, we reviewed several operating parameters. The production settings that are set to the 

bioreactors are all the variables that have a direct effect on the oxygen transfer rate (𝑘𝐿𝑎) of a 

system. The oxygen transfer rate (𝑘𝐿𝑎) is therefore very interesting in terms of the bioreactor 

degrees of freedom. In the industrial-scale reactor comparison study, we identified that oxygen 

transfer rate (𝑘𝐿𝑎) is the limiting factor in the current systems used for the production of BME2. It 

seems that a negative relationship exists between the 𝑘𝐿𝑎 and yield. With the current production 

settings, bioreactor type C achieves a 𝑘𝐿𝑎 value of 0.96𝑦1 ℎ−1. We proposed to implement an 

alternative aeration method B instead of the more often used method (A) for the bioreactor. It 

decreased the 𝑘𝐿𝑎 significantly, which had to be compensated with the agitation speed and aeration 

rate. This proposal has been tested via a hypothesis test. It deals with the uncertainty in the process 

in a rational manner. Because it resulted in a significant increase in yield, a 22-design of experiment is 
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performed, which investigated the effects of agitation speed and aeration rate under decreased 𝑘𝐿𝑎 

values with respect to the original production settings. In the experimental design the 𝑘𝐿𝑎 value 

varied from 0.25𝑦1 to 0.08𝑦1 ℎ−1. Firstly, the analysis showed that aeration rate does not have a 

significant effect on the yield of BME2. The agitation speed in the experimental design varied from 

3.75𝑥1 to 6.25𝑥1 RPM. Within this design, significant lower yields in comparison with the original 

production settings were achieved with an agitation speed of 6.25𝑥1 RPM. It therefore seems that, 

when the limitations in terms of oxygen are mitigated, relatively high agitation speed (in this case 

6.25𝑥1 RPM) is another factor, negatively influencing the production of BME2 in bioreactor type C. 

Decreasing the agitation speed, from 6.25𝑥1 RPM to 3.75𝑥1 RPM, has an impact on both 𝑘𝐿𝑎 and 

yield. However, the decrease in 𝑘𝐿𝑎 is relatively low in comparison with the increase in yield. It 

seems that the agitation speed plays a lower negative role with an agitation speed of 3.75𝑥1 RPM. 

Based on the results of the design of experiment, it is concluded that the yield in the production of 

BME2 is increased by approximately 40% compared to the original performance with the new 

production settings in bioreactor type C (agitation speed of 3.75𝑥1 RPM, aeration rate of 1.14𝑥2 

L/min and aeration method B). 

 

Figure 2 – Surface plot for yield BME2 at varying agitation speeds and aeration rates. 

 

Although it is unknown how the system’s performance reacts when the agitation speed is decreased 

below 3.75𝑥1 RPM and we did not find the optimal conditions yet, the combination of an agitation 

speed of 3.75𝑥1 RPM and the aeration method B in bioreactor type C results in an increased yield of 

approximately 40% in the production of BME2. We can conclude that this study is only the beginning 

of the yield optimization in the production of BME2. Many variables in the bioreactor influence the 

system, which makes it a complicated process. At the start of this project, there was no direction of 

improvement. Step by step, the important process parameters were determined. The experimental 

approach was important in this process, because new findings were required for BME2. This is in line 

with literature. However, we incorporated multiple fermentation design approaches to be quicker 

and cheaper. 

Yield

Agitation speed (RPM)
Aeration rate (L/min)
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𝐶𝐴𝐿
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1 Introduction 

This report presents our study on the performance improvement of industry-scale cultivation in the 

biomanufacturing industry. The study is the result of the master thesis project developed by the 

Eindhoven University of Technology in collaboration with MSD Animal Health. This first chapter 

serves as introduction to the rest of the report, and is organized as follows: In the first sections (1.1 

to 1.4) we start with an explanation on the main subject of our study. Then we explain why these 

fermentation processes are complex and what problems exist for companies in the biomanufacturing 

industry (problem statement, section 1.5). Based on the problem statement, we formulate the 

research questions (section 1.6). Subsequently, we discuss the methodology and scope in section 1.7 

and section 1.8. We conclude this chapter with an outline of the report (section 1.9). 

1.1 The fermentation process 

The term “fermentation” is used by biologists to describe any process for the production of a product 

by means of the mass culture of a microorganism. Fermentation has been practiced worldwide since 

ancient times in the processing of many familiar food products. In the biomanufacturing and 

pharmaceutical industry today, fermentation is extremely important in the development of 

pharmaceuticals and health products, and in biological research. In the production of these products, 

the industry relies heavily on stirred tank reactors (STRs) which introduce nutrients and oxygen into 

various stirred media in order grow products. 

The design of STRs is typically performed via experimental means due to the complex nature of cell 

kinetics and mass transfer in these applications. The design of STRs generally begins with obtaining 

lab-scale results from laboratory scale bioreactors. A particular operating or equipment variable is 

then held constant to scale the system. These variables can include power input, impeller tip speed, 

mixing time, mass transfer, or a combination of these. However, research shows that the scale-up of 

these systems are very complex due to the high number of variables influencing the processes (Thiry 

and Cingolani, 2002). 

The use of live systems leads to several challenges, including the parallel growth of both the desired 

product and unwanted byproducts inside the same batch, related yield and quality tradeoffs, and 

batch-to-batch variability. The batch-to-batch variability causes excessive performance differences in 

the biomanufacturing industry (Schmidt, 2005). The batch-to-batch variability can be characterized 

by the standard deviation of the yield from successive production runs. This variability is one of the 

reasons, for MSD Animal Health, to conduct an in-depth study into product and process 

improvement of their industry-scale reactors (section 1.4 more). 

1.2 Description of process 

A typical biomanufacturing process is composed of upstream- and downstream operations. The 

upstream operations produce the biologics of interest. It involves the pre-culture where the bacteria 

are grown in increasingly larger bottles. From there the fermentation is carried out in fermenters 

(STRs) where the bacteria are mixed in a suitable medium. After the main fermentation, the products 

are inactivated and purified in the downstream operations. These downstream operations are 

product dependent. 
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The production department of MSD Animal Health consists of several process lines, each consisting 

of a bioreactor and downstream machinery. There are several differences between the bioreactors of 

the process lines. The bioreactors mainly differ in terms of capacity. There are two levels of capacity, 

indicated by “small” and “large”. The bioreactors with the large capacity have twice the capacity of 

the small bioreactors. All process lines have an industry-scale capacity, larger than 500-L. Besides the 

difference in capacity, the bioreactors also differ in terms of mixing mechanisms, reactor ratios, 

impeller types- and sizes. We can divide the bioreactors into three groups: bioreactors of type A, B 

and C. The differences are broadly discussed in chapter 3. 

1.3 Description of product 

The product of interest in our study is referred to as BME2. It has quite some impact on the total 

output of the production department. Approximately 20% of the production consists of BME2. At this 

moment, the production of BME2 is only performed in one specific bioreactor (type C). However, in 

the past, BME2 is produced in multiple bioreactors (type A, B and C). The production settings for 

BME2 are fixed, i.e. the settings like agitation speed and aeration rate do not change over time 

during production. The output variable in the system is yield. 

1.4 Batch-to-batch variability 

The bioreactors differ in capacity, mixing mechanisms, ratios and impellers. It is expected that these 

differences in machinery, in combination with specific production settings, result in varying operating 

conditions between the types of bioreactors. For example, it could impact the oxygen concentration 

and (fragile) product damage. Thereby, the mixing efficiency, i.e. the homogeneity in terms of 

temperature, pH or oxygen concentration, can differ per reactor. From historical data of the 

production of BME2, it seems that a yield improvement is possible. Figure 1.1 visualizes the yield of 

BME2 in a boxplot. The yield performance of bioreactor type A and C are more stable than type B. 

And because the capacity of bioreactor type C is larger than type A, BME2 is produced at bioreactor 

type C. Figure 1.1 visualized that, especially for bioreactor type C, a yield improvement is possible. 

In addition, we identified that the yield varied over time in the production of BME2. Figure 1.2 shows 

patterns in the data over time. On several moments in time, changes were made in medium 

components. However, it is not possible to incorporate medium as a variable in our study because it 

is undefined. An undefined medium has some complex ingredients, which consist of a mixture of 

many chemical species in unknown proportions. As long as BME2 is grown in undefined medium, 

there exists some variation in yield. It shows us the sensitivity of the process. 
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Figure 1.1 – Boxplot of yield to compare the types of bioreactors. Tukey (1977) designed a method to 

compare data visually by constructing a boxplot where the data is divided in quartiles. If a data point 

falls outside the upper and lower boundary, it is considered a potential outlier. The line connects the 

mean of the bioreactors. 

 

 

Figure 1.2 – Yield over time in the production of BME2 at bioreactor type C. 
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1.5 Problem statement 

The performance of a stirred tank reactor is not only determined by productivity but also by process 

quality, which is mainly determined by variances in the process variables. As fluctuations in these 

quantities directly affect the variability in the product properties (Simutis and Lübbert, 2015). 

Historical data shows us batch-to-batch variability over the bioreactors, causing yield differences. It 

also indicates that a yield improvement for BME2 is possible, especially in bioreactor type C. 

In order to improve the yield for BME2’s production in bioreactor type C, we compare the 

bioreactors. We cannot compare the production settings of the bioreactors, because these settings 

are reactor dependent. For example, a specific agitation speed has a different influence on the 

operating conditions in reactor of type A than in reactor of type B or C. Therefore, we determine 

operating parameters, which are bioreactor independent. These parameters quantify the operating 

conditions of a bioreactor. In the literature study we show that fermentation processes can be 

influenced by many variables. These variables are categorized in fluid flow & mixing, and mass 

transfer. Fluid flow and mixing variables include, for example, Reynolds number and mixing efficiency 

(Doran, 1995). The most important variable within mass transfer is the oxygen transfer rate (Gomez 

and Garcia-Ochoa, 2009). 

It is however not so easy to compare the bioreactors based on the operating parameters. 

Researchers describe many relationships between reactor characteristics, production settings and 

parameters. Every single detail of a bioreactor affects the operating conditions and thus parameters. 

Therefore, literature is not always sufficient to calculate the operating parameters. We are required 

to perform experiments in order to determine parameter values under specific circumstances per 

bioreactor. Only then we are able to use the operating parameters to compare bioreactor 

performances. 

1.6 Research questions 

Based on the problem statement, we derived the research question. The problem statement 

explained the possibility of yield improvements in the production process of BME2. To achieve these 

improvements, we use an approach by comparing several bioreactors. For this approach, it is 

required to identify operating parameters that have an effect on the production of BME2. It leads to 

the following research question: 

Which operating parameters have a significant impact on the production of BME2 in the stirred 

tank reactors, and how can the yield be optimized? 

The master thesis consists of two different parts. The first part is a regression study which connects 

the line-dependent production settings to the line-independent operating parameters and analysis of 

the parameter effects on the yield of BME2. These results are used as base line in the model built in 

the second part. Here, experiments are performed to further improve the production process and 

consequently the yield bioreactor type C. 

To answer the research question we defined several sub-questions. We answer the first sub-question 

based on a combination of the literature review (chapter 2) and expert knowledge available at MSD 

Animal Health. Then, the second and third sub-question is answered in chapter 3, where preliminary 

analyses of the operating parameters are performed. Chapter 4 analyses the correlations between 



 

14 
 

parameters and yield, which answers sub-question 4. The sub-questions (5-6) are answered based on 

the experiments performed in chapter 5. 

1. Which operating parameters (variables) can and do we include in the empirical analysis? 

2. What are the effects of the production settings on the operating parameters in the STRs of 

MSD Animal Health? 

3. What differences in operating conditions can be concluded in the STRs of MSD Animal 

Health? 

4. Which operating parameters have significant impact on BME2’s yield in the regression 

analysis? 

5. Which variables can and do we vary in our optimization model for BME2’s production in 

bioreactor type C? 

6. How can the variables be modeled and optimized? 

Business opportunity 

The benchmark in this project is the upper quartile of yield in bioreactor type B. It would increase the 

yield in bioreactor type C with approximately 20%. 

1.7 Methodology 

A recent and powerful philosophy in a quick response to the needs of global competition is Six Sigma 

(Jadhav et al., 2015). In the manufacturing sector worldwide, six sigma is becoming very popular and 

also within MSD Animal Health. Its advantage is continuously improving the productivity and quality 

performance and so to make the process robust to quality variations. In other words six sigma is a 

data driven, disciplined approach that focuses on process improvement and variation reduction. The 

sub-methodology, DMAIC, is used as guideline in our project. 

 

Figure 1.3 – DMAIC problem solving cycle (Jadhav et al., 2015) 

The third and fourth phase in the DMAIC cycle, analyse and improve, is explained by the quantitative 

research model defined by (Mitroff et al., 1974). The quantitative research model consists of four 

circles which identify different stages in the project. The four circles are connected by arrows which 

respectively describe conceptualization, modeling, model solving and implementation. The circles in 

the research model can be described as follows: 

 

Define 

Measure 

Analyse Improve 

Control 
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1. Reality, problem situation 

The real situation is researched via an empirical case study with data of BME2 from MSD 

Animal Health. Several experiments have been performed to build a connection between 

production settings and operating parameters. 

 

2. Conceptual model 

Based on the reality, we conceptually designed the model in which we describe the effects of 

variables on the yield. Available data is used to research the known area of production 

settings and operating conditions (regression analysis). A hypothesis test is used to provide 

an indication of the unknown working area. 

 

3. Scientific model 

After the conceptual model, we further developed the model based on experiments (DoE) 

performed within MSD Animal Health. 

 

4. Solution 

Using the outcomes of the research we came up with a temporary change which improves 

the yield. Thereby, a larger experiment is built to find the real optimal conditions for BME2 

production. 

 

 

Figure 1.4 – Quantitative research model (Mitroff et al., 1974) 

 

Generic conclusions and recommendations 

Since the characteristic of an individual product is different from another product, the conclusions 

and recommendations derived about BME2 in chapter 6 are only case study specific. The approach 

for yield improvement, via the comparison of multiple bioreactors, is new for the production 

department of MSD Animal Health. Also the yield improvement based on the design of experiments 

for industry-scale bioreactors is new for the production department of MSD Animal Health. When 

these approaches are successfully completed, it can serve as a guideline for the improvement of 

more individual products on industry-scale. Thereby, it can contribute in the introduction of new 

products of transfers. Our work makes several contributions to prior research. 
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- We incorporated multiple fermentation design approaches and combined these in our 

improvement study. The operating parameters used in the scale-up processes are used to 

compare bioreactor performances. Additionally, we performed experiments based on the 

design of experiments approach to test the effects of aeration method B on the production 

of BME2. 

1.8 Scope 

Preliminary analyses have been performed to determine an in- and out-of-scope for our study. First 

we looked at the upstream- and downstream operations. At the end of the upstream processes, 

there is a predictive parameter. We investigated the correlation between this predictive parameter 

and yield. The parameter is measureable directly after the fermentation process in the bioreactor. 

The yield is measured at the end of the downstream process after centrifugation. The hypothesis is 

that whenever a linear correlation exists between those variables, this parameter can be accepted as 

an indicating parameter for the yield. Consequently, it can be concluded that the yield variability 

happens before the end of the main fermentation and the yield is not significant influenced by the 

downstream processes. With this the downstream process does not have to be investigated in the 

project. With a R2 of 0.741, the hypothesis is confirmed. 

 

 

Figure 1.5 - Correlation between predictive parameter and yield (𝑅2 = 74.1%) 

 

Additionally, the production steps towards the main fermentation (USP) are investigated. Whenever 

a correlation exists between one of the parameters, it can be considered as a lead towards yield 

impact. The correlations between pre-cultures parameters, pre-cultures times and yield are 

investigated. With these correlations shown, it can be concluded that, at this moment, there are no 

indicators that could influence the yield significantly during the pre-culture process. Therefore, the 

upstream process, up to the main fermentation, is out of scope. 
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Figure 1.6 - Correlation yield & Pre-culture 2  Figure 1.7 - Correlation yield & Pre-culture 2 times 

parameter    

 

 

Figure 1.8 - Correlation yield & Pre-culture 1  Figure 1.9 - Correlation yield & Pre-culture 1 times 

parameter    

 

1.9 Outline 

This report continues by introducing the literature in chapter 2. In chapter 3 we perform preliminary 

analyses of the operating conditions. In chapter 4 the regression study and in chapter 5 the 

experimental study are conducted. The thesis ends with the conclusions and recommendations in 

chapter 6. 
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2 Literature review 

This chapter describes how the prior research is related to ours, the academic relevance of this 

research and review several statistical data analysis tools suitable for this research. The chapter 

answers the first research question, “Which operating parameters (variables) can and do we include 

in the empirical analysis?” 

2.1 Methods of optimization in fermentation systems 

To increase product yield and to ensure consistent product quality, key issues of industrial 

fermentations and process optimization are aimed at maintaining optimum and homogenous 

reaction conditions and minimizing product stress exposure. For each individual product, process and 

facility, suitable strategies have to be elaborated by a detailed process characterization and 

identification of the most relevant process parameters influencing product yield and quality 

(Schmidt, 2005). The design of stirred tank reactors (STRs) is typically performed via experimental 

means due to the complex nature of cell kinetics and mass transfer in these applications. In this study 

a couple of strategies are highlighted, related to the optimization of fermentation systems. 

The first group of researchers use scale up strategies to create an understanding of how individual 

products react under certain circumstances. Since scale up of fermentation processes was first 

recognized and described as a central problem in biotechnology in the 1940s, researchers published 

a comparably large body of literature on scale up strategies (Schmidt, 2005). Key in this literature is 

the identification of parameters influencing product yield and quality the most. It seems to be no 

common, generally applicable strategy in terms of these parameters established. For each individual 

product, process and facility, the key parameters have to be elaborated (Davis, 2009). Gomez and 

Garcia-Ochoa (2009) indicate that oxygen transfer rate is the most important parameter in a 

fermentation system. Other researchers agree upon this, and propose to combine it with several 

different process parameters, including specific power input (Chisty, 1993; Bandaiphet and 

Prasertsan, 2006), mixing time (Junker, 2004; Hadjiev et al., 2006) impeller tip speed (Varley and 

Birch, 1999) and impeller shear rate (Al-Masry, 1999). 

In our study, the operating conditions per bioreactor (industry-scale) potentially differ significantly. 

We identify these differences based on the process parameters used in the scale up research. 

Historical data will help us identify the parameter effects in our system. Several limitations exist in 

using these parameters. In addition to the product, also the machinery differs from the ones used in 

literature. We discuss these limitations in next section (2.2). 

Less research has been published on industrial-scale optimization, mainly due to the high costs that 

goes with it. However, Schmidt (2005) indicates that successful scale up in most cases is not the 

result of a straight-lined experimental approach, but rather will be the outcome of a process 

development and optimization on each scale. Researchers have performed process optimizations by 

experiments on industrial-scale. These experiments, based on the response surface methodology, 

investigate the effect of agitation- and aeration rates on the yield for an individual product 

(Mantzouridou et al., 2002; Göksungur et al., 2005; Eisapour et al., 2013; Zafar et al., 2012). Based on 

the analysis of variance and estimated regression coefficients, mathematical models were built to 

determine the optimal production settings. 
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The end goal of this study is to identify the optimal production settings, i.e. agitation- and aeration 

rates for the production of BME2 in bioreactor type C. Therefore, we perform experiments on 

industry-scale as well. This means that the corresponding research done by Mantzouridou et al. 

(2002) and Göksungur et al. (2005) is most interesting. These articles solve the problem by the 

performing experiments based on the response surface methodology. However, this is not possible 

for us because of the lack of time. We determine the experimental approach based on the available 

experimental runs. 

Additionally, researchers used historical data of process measurements to estimate the performance 

of the current operations. Bicciato et al (2002) and Chiang et al (2006) applied a multivariate 

statistical procedure for analyzing the measurement profiles acquired during the monitoring of 

several fermentation batches. Multivariate principal component analysis has been used to extract 

information from the data. It is, however, not applicable to our study, because it focusses on 

condensing the information contained in a number of variables into a smaller set of variates. This is 

not required for our study. 

2.2 Oxygen transfer rate parameter 

The volumetric mass transfer coefficient (𝑘𝐿𝑎) is often used as a quantitative measure of fermenter 

performance (Gomez and Garcia-Ochoa, 2009; Xing et al., 2009; Bandaiphet and Prasertsan, 2006). 

The determination of 𝑘𝐿𝑎 in bioreactors is essential in order to establish aeration efficiency and to 

quantify the effects of the operating variables on the provision of dissolved oxygen. A number of 

methods have been developed to determine the oxygen transfer rate in bioreactors. These can be 

divided into those which measure the 𝑘𝐿𝑎 and those which build 𝑘𝐿𝑎 prediction models. Measuring 

the 𝑘𝐿𝑎 is always more accurate, however also more time consuming. Gomez and Garcia-Ochoa 

(2009) made a comparison of different methods for 𝑘𝐿𝑎 evaluation (table 2.1).  

 

Table 2.1 – Comparison of different methods for 𝑘𝐿𝑎 evaluation (Gomez and Garcia-Ochoa, 2009). 

Method Assay 
time 

Scale 
applied 

Assumptions References 

Sodium sulphite Hours Lab scale Alteration of driving force, diffusion coefficient and 
coalescence properties; complex kinetics boundary layer 
reduction. Cannot be applied to microbial processes. 

Cooper et al. 
(1944) 

Absorption of 
Carbon dioxide 

Minutes Lab scale Alteration driving force. Change of the coalescence 
behavior. Cannot be applied to microbial processes. 

Danckwerts and 
Gillham (1966) 

Gas phase 
analysis 

Minutes > 100 mL Only possible during active oxygen consumption; requires 
large gas flows and gas analysis. The accuracy depend on 
precision of oxygen analyzer 

Wang et al. 
(1979) 

Dynamic method Minutes > 100 mL High oxygen dissolved concentrations are necessary. 
Dynamic changes in dissolved oxygen may disturb the 
microbial metabolism 

Taguchi and 
Humphrey 
(1966) 

Growth of strict 
aerobic organism 

Hours Any scale Assumptions about growth kinetics are required: 
experimentally laborious. 

Duetz et al. 
(2000) 

Hydrazine 
oxidation 

Minutes Semi-ind. 
scale 

Homogeneous oxidation of hydrazine. Hydrazine does not 
accumulate. No chemical enhancement 

Onken et al. 
(1985) 

Bio-oxidation of 
catechol 

Minutes < 100 mL Available of oxidative enzyme; limited to small scale. Ortiz-Ochoa et 
al. (2005) 

Kr method Minutes Any scale The use of isotope radioactive may cause some problems 
in an industrial application. 

Pedersen et al. 
(1994) 

Measurement pH 
for CO2 solutions 

Minutes Any scale Salt addition does not improve the mass transfer rate of 
CO2. Cannot be applied to microbial processes 

Hill (2006) 
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We cannot use the methods, sodium sulphite, absorption of carbon dioxide and measurement pH for 

CO2 solutions, because they cannot be applied to microbial processes. Thereby we can also skip the 

Hydrazine oxidation, Bio-oxidation of catechol and Kr method because these are not applicable on 

industry-scale bioreactors. The remaining methods are the gas phase analysis and the dynamic 

method. The gas phase analysis is based on the oxygen content of gas streams flowing to and from 

the fermenter. The oxygen partial pressures of inlet and exit gas streams have to be measured. An 

advantage is that the method can be applied to fermenters during normal operations. It depends, 

however, on accurate measurement of gas composition, flow rate, pressure and temperature (Doran, 

1995). The main advantage of the dynamic method over the gas phase analysis is the low cost of the 

equipment required. Therefore, the dynamic method is more suitable for our study. 

In the literature equation for 𝑘𝐿𝑎 as a function of different variables have been proposed. However, 

there are considerable problems concerning the accuracy of 𝑘𝐿𝑎 estimation. Van’t Riet (1979) was 

the first researcher to propose such a method. He proposed a correlation of 𝑘𝐿𝑎 with 𝑃/𝑉, stating 

that there is no influence of stirrer geometry and the number of stirrers on mass transfer. Where 𝑃 is 

the power consumption and 𝑉 is the volume. The 𝑘𝐿𝑎 values have also been correlated with the 

combination of superficial gas velocity, 𝑉𝑠 and liquid effective viscosity, 𝜇𝑎, obtaining the equations 

such as the following: 

𝑘𝐿𝑎 = 𝐶 ∙ 𝑉𝑠
𝑎 ∙ (

𝑃

𝑉
)

𝑏

∙ 𝜇𝑎
𝑐  

(2.1) 

where the constant 𝐶 depends on the geometrical parameters of the vessel and the stirrer 

employed. Other equations proposed substitute the average power input per volume, 𝑃/𝑉, by the 

effect of agitation speed, 𝑁. The values of the exponents (a, b and c) of different equations available 

in literature show a wide variation range proposed by authors. Jin et al. (2005) reviewed the 

variations on Van’t Riet’s equation and proposed their own variation on the equation (see table 2.2). 

Table 2.2 – Empirical correlations for 𝑘𝐿𝑎 in the stirred tank reactor proposed by Jin et al. (2005). 

Author Equation Number of impellers 

Jin et al. (2005) 
𝑘𝐿𝑎 = 0.981 𝑉𝑆

2.330  (
𝑃

𝑉𝐿
)

−1.891

𝜇𝑎
0.126 

1 

𝑘𝐿𝑎 = 0.985 𝑉𝑆
2.122  (

𝑃

𝑉𝐿
)

−1.703

𝜇𝑎
0.173 

2 

𝑘𝐿𝑎 = 0.985 𝑉𝑆
2.122  (

𝑃

𝑉𝐿
)

−1.702

𝜇𝑎
0.176 

3 

Arjunwadkar et al. (1998) 
𝑘𝐿𝑎 = 2.04 ∙ 10−3  (

𝑃

𝑉𝐿
)

0.68

𝑉𝑠
0.58

 
2 

Montes et al. (1999) 
𝑘𝐿𝑎 = 3.2 ∙ 10−3  (

𝑃

𝑉𝐿
)

0.35

𝑉𝑠
0.41

 
2 

Moucha et al. (2003) 
𝑘𝐿𝑎 = 1.08 ∙ 10−3  (

𝑃

𝑉𝐿
)

1.19

𝑉𝑠
0.549

 
3 

 
𝑘𝐿𝑎 = 2.148 ∙ 10−3  (

𝑃

𝑉𝐿
)

1.13

𝑉𝑠
0.627𝜌0.278 

2 

Bouaif and Roustan (1998) 
𝑘𝐿𝑎 = 0.0218 (

𝑃

𝑉𝐿
)

0.50

𝑉𝑠
0.60

 
 

Garcia-Ochoa and Gomez 
(1998) 𝑘𝐿𝑎 = 6.66 ∙ 10−4  (

𝑃

𝑉𝐿
)

0.6

𝑉𝑠
0.666𝜇𝑎

−0.666 
2 

Linek et al. (1996) 𝑘𝐿𝑎 = 1.57 ∙ 10−4 𝑁3.52𝑉𝑠
0.12

 4 
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Another approach is proposed by Schlüter and Deckwer (1992) and Nishikawa et al. (1981). Schlüter 

and Deckwer (1992) proposed a model considering the gas flow rate rather than superficial gas 

velocity. The model of Nishikawa et al. (1981) is the only model that includes both variables stirrer 

speed (𝑁) and power input (𝑃), and includes impeller dimensions. 

Only determining the 𝑘𝐿𝑎 conditions for the bioreactors in our project based on the proposed 

prediction models, potentially results in inaccurate values. The bioreactors in our project do not 

exactly match the proposed models in literature. Therefore, we perform experiments via the 

dynamic method to determining the 𝑘𝐿𝑎 under certain settings. Then, we compare the accuracy of 

the proposed models with the measured 𝑘𝐿𝑎 values. If necessary, we modify the coefficients of the 

proposed models to accurately predict all 𝑘𝐿𝑎 conditions for the reactors. Additionally, the literature 

limits in terms of machinery. Not all mixing mechanism, used in the bioreactors of MSD Animal 

Health, are explained in literature. 

2.3 Other operating parameters 

Bioprocesses involve fluids in motion in vessels and pipes. When a fluid flows through a pipe or 

vessel, the velocity of the fluid varies depending on position. Slow fluid flow is called laminar flow 

and fast fluid flow is called turbulent flow. A parameter used to characterize fluid flow in stirred 

vessels is the dimensionless Reynolds number: 

𝑅𝑒𝑖 =
𝜌𝑁𝑑𝑖

2

𝑣
 

(2.2) 

where 𝜌 is the density of the medium (𝑘𝑔 𝑚−3), 𝑁 (𝑠−1) is the agitation speed, 𝑑𝑖  (𝑚) is the 

diameter of the impeller and 𝑣 is the viscosity (𝑃𝑎 𝑠). One of the most significant outcomes of 

Reynold’s experiments is that there is a critical Reynolds number which marks the boundaries for 

laminar and turbulent regions (Doran, 1995). Contradicting to the critical Reynolds number for 

turbulent flow regimes is the influence of shear resulting from the fluid physical properties and 

hydrodynamics. High shear fields cause damage to fragile products and reduced product formation 

(Bandaiphet and Prasertan, 2006; Al-Masry, 1999). The impeller shear rate in a stirred vessel is a 

linear function of stirrer speed (Doran, 1995): 

𝛾�̇� = 𝑘𝑁 

(2.3) 

Where 𝑘 is a constant with magnitude dependent on the geometry of the impeller. Shear rate in 

stirred vessels is however far from uniform, being strongly dependent on the distance from the 

impeller. The further the distance from the impeller, the lower the impact of shear is. 

At last, mixing time is a useful parameter for assessing mixing efficiency and is applied to characterize 

bulk flow in fermenters. The mixing time 𝑡𝑚 is the time required to achieve a given degree of 

homogeneity starting from the completely segregated state. When the Reynolds number is high 

(above 5 × 103, turbulent), the value 𝑁𝑖𝑡𝑚 can be estimated using the following relationship (Doran, 

1995). 
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𝑁𝑡𝑚 =
1.54𝑉

𝐷𝑖
3 

 

(2.4) 

Where V is liquid volume and 𝐷𝑖 is impeller diameter. Equation (2.4) is most accurate for Rushton 

turbine impellers. In addition, Xing et al (2009) implemented a model that derives mixing time 

experimentally via a so called tracer. It is more accurate because it takes all tank specific 

characteristics into account (e.g. other type of impellers). 

2.4 Outliers, normality and regression 

To analyze the yield an outlier detection method is required to filter outliers from the dataset. We 

defined several outlier detection methods for univariate data that are most frequently used in 

literature. Tukey (1977) designed a method by constructing a boxplot where the data is divided in 

quartiles. When an observation point is outside the defined boundaries, it is considered as a 

potential outlier. The method requires no predefined distribution. Vandervieren and Hubert (2004) 

proposed a variation on the boxplot (adjusted boxplot), which is more robust to skewed 

distributions. Additionally, several methods were designed that prefer predefined distributions. For 

normal distributed datasets, the SD method (Bain and Engelhardt, 1992), Z-score method (Schiffler, 

1988) and MAD method (Burke, 2001) were designed. Carling (2000) introduced a method (median 

rule) that works especially well for non-Gaussian distributions. 

Secondly, we determine the distribution in the yield data. The most common distribution test to 

perform first is for normality. Here, we discuss several techniques to test for a normal distribution. 

Graphical tests, like histograms and probability plots, give a first representation of the distribution. 

These tests simply consist of looking at the graphs and discerning whether it approximates the bell 

curve of a normal distribution. Thereby, several tests have been introduced: Anderson and Darling 

test, Shapiro-Wilk test and Jarque-Bera test. Anderson and Darling (1954) introduce a modified 

Kolmogorov-Smirnov test. This method is most effective in detecting departures in the tails of the 

distribution. The Shapiro-Wilk test is less powerful in detecting kurtosis and the Jarque-Bera test is 

less powerful in the tails (Thadewald and Büning, 2007). 

At last, and key in our study, is the relationship building between certain variables. Before, we 

identified multiple operating parameters which have the potential to affect the yield of an individual 

product. A multivariate method is then required. The applications of multivariate data analysis fall 

into two broad classes of research problems: dependence and interdependence. A dependence 

technique may be defined as one in which a variable or set of variables is identified as the dependent 

variable to be predicted or explained by other variables. In contrast, an interdependence technique is 

one in which no single variable or group of variables is defined as being independent or dependent 

(Hair et al., 2009). Our research belongs to the first category, which means that techniques as factor 

analysis are not suitable. The most obvious technique is multiple regression, which analyses a single 

metric dependent variable presumed to be related to two or more metric independent variables. 

Canonical correlation analysis can be viewed as a logical extension of multiple regression, where 

several metric dependent variables are correlated simultaneously. Multivariate analysis of variance is 

a technique that can explore the relationship between several categorical independent variables and 

two or more metric dependent variables. At last, in its simplest sense, structural equation modeling 

provides a technique for a series of separate multiple regression equations (Hair et al., 2009). Since 
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our study consists of one dependent variable and multiple metric independent variables, multiple 

regression analysis is most suitable. Several tests and assumptions are of importance here. A key 

issue in interpreting the regression is the multicollinearity. Thereby, to generalize the conclusions of 

the regression analyses, several assumptions must be true: linearity, homoscedasticity and normally 

distributed errors (Hair et al., 2009). 

2.5 Discussion 

Which operating parameters (variables) can and do we include in the empirical analysis? 

Based on prior research, we determined five parameters which could predict fermenter 

performances. In other words, in the remainder of our study, we use these parameters to compare 

the yield performance of certain products in the stirred tank reactors of MSD Animal Health. The 

parameters are, 

- Oxygen transfer rate (𝑘𝐿𝑎) 

- Mixing time (𝑡𝑚) 

- Reynolds number (𝑅𝑒) 

- Impeller shear rate (𝛾�̇�) 

- Power number (𝑃) 
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3 Preliminary analysis on operating parameters 

In chapter 1, we explained the business problem. It is expected that a yield improvement is possible 

in the production of BME2. By comparing the bioreactor performance of multiple process lines, we 

identify improved conditions for the production of BME2. To quantify the operating conditions of the 

current systems, we reviewed several operating parameters in chapter 2. In this chapter, preliminary 

analyses are performed on these parameters. We can give the first insights in the efficiency that 

oxygen is supplied (𝑘𝐿𝑎) to the systems of MSD Animal Health. The production settings that are set 

to the bioreactors are all the variables that have a direct effect on the oxygen transfer rate of a 

system. The oxygen transfer rate is therefore very interesting in terms of the bioreactor degrees of 

freedom. In the next chapter (4), relationships are built between these insights and the 

performances in the production of BME2. At the end of this chapter we discuss two research 

questions (2-3), ‘What are the effects of the production settings on the operating parameters in the 

STRs of MSD Animal Health?’ and ‘What differences in operating conditions can be concluded in the 

STRs of MSD Animal Health?’. 

3.1 Bioreactors 

In the past, BME2 is produced in three types of bioreactors. The bioreactors mainly differ in terms of 

capacity and mixing mechanism, but there are also differences in ratios, impeller types and –sizes. 

Bioreactor type A has the smallest capacity, which is twice as small as the capacity of type B and C. 

Bioreactor type B varies in terms of mixing mechanism, compared to type A and C. Because of these 

differences, each bioreactor has specific production settings. The most important production settings 

in our study are agitation speed, aeration rate and aeration method. Table 3.1 presents an overview 

of all these differences between the bioreactors. 

Bioreactor type B’s mixing mechanism is significantly different with respect to bioreactor type A and 

C. In additions, this mechanism is not explained in literature. It is expected that the liquid volume 

level in bioreactor type B has an effect on the operation conditions because of the mixing 

mechanism. Therefore, we have to perform preliminary experiments to understand the effect of the 

production settings on the efficiency oxygen is transferred to the system. The actual production 

settings are changed due to confidentiality. The ratios of the settings relative to one another have 

remained the same. 𝑥1
 
and 𝑥2 are multipliers for respectively agitation speed and aeration rate. 

 

Table 3.1 – Original production settings (normalized) BME2 of the STRs per bioreactor 

  Stirred tank reactor 

  Type A Type B Type C 

Capacity  Small Large Large 
Agitation method  A B A 
Aeration method  A B A 
     
Agitation speed RPM 2.5𝑥1

 
20𝑥1 𝑥1 

Aeration rate L/min 0.71𝑥2
 

1.71𝑥2 𝑥2 

 
 



 

25 
 

3.2 Oxygen transfer rate experiments 

The oxygen transfer to the system is an important parameter influencing the operation conditions in 

a STR (Gomez & Garcia-Ochoa, 2009). 𝑘𝐿𝑎 is often used as a quantitative measure of fermenter 

performance. As explained in the literature review (chapter 2), the 𝑘𝐿𝑎 can be determined in two 

ways. Several researchers proposed equations to calculate the 𝑘𝐿𝑎 (Van’t Riet, 1979). However, 

these equations are only accurate for a small group of reactors and lots of tank characteristics are 

not taken into account (Davies, 2009). For example, the baffle- (Reeder et al., 2002) and impeller 

types and sizes (Yano et al., 1997) affect the conditions in bioreactors. Therefore, we performed 

experiments via the dynamic method to measure the 𝑘𝐿𝑎 for varying production settings. These 

results were then used to evaluate existing prediction equations and modify their coefficients to 

improve the accuracy for the STRs in this study. 

For several reasons, the preliminary (𝑘𝐿𝑎) experiments are performed with water as liquid volume. 

First of all, it is expensive to use BME2’s medium for the experiments. An advantage is that BME2’s 

medium is quite similar to water in terms of oxygen absorption. Thereby, for this project it is only 

necessary to compare the capabilities of the STRs per bioreactor in terms of 𝑘𝐿𝑎. It is also preferred 

to perform the experiments with water if we want to use the results for new projects. The medium 

for every other product is different. 

3.2.1 Dynamic method 

The 𝑘𝐿𝑎 is measured based on the dynamic method. For this method first the water in the tank is 

deoxygenated by sparging nitrogen until the dissolved oxygen (DO) in the tank reaches below 10% of 

the saturation level. Then air is reintroduced into the tank at a known aeration rate and agitation 

speed while the DO is monitored over time. This is monitored until the oxygen reaches close to 85% 

of the saturation level. Equation (3.1) describes the calculation of 𝑘𝐿𝑎: 

 

𝑘𝐿𝑎 =
ln (

𝐶𝐴𝐿
∗ − 𝐶𝐴𝐿1

𝐶𝐴𝐿
∗ − 𝐶𝐴𝐿2

)

𝑡2 − 𝑡1
 

(3.1) 

In this equation 𝐶𝐴𝐿 is the dissolved oxygen concentration in percentage of saturation, 𝑡 is time, 𝐶𝐴𝐿
∗  

is the final DO concentration and 𝐶𝐴𝐿1 and 𝐶𝐴𝐿2 are the DO concentrations at times 𝑡1 and 𝑡2, 

respectively. Figure 3.2 illustrates the oxygen concentration over time during unsteady-state testing 

for determination of 𝑘𝐿𝑎. 

Initially, we performed experiments to determine the oxygen transfer rate (𝑘𝐿𝑎) reached when the 

original production settings (table 3.1) for BME2 are used. This data is partially sufficient to test for 

correlations with yield in next chapter (4). It is expected that bioreactor type B is affected by the 

amount of liquid volume in the bioreactor. Therefore, volume is defined as a variable in the 

experiments on bioreactor type B. We also want to measure a wider range of production settings to 

get an overview of the oxygen transfer capabilities of the bioreactors. 
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Figure 3.2 – Graphical representation of the dissolved oxygen concentration during the unsteady-

state test. 

 

Per bioreactor type, a specific procedure is used for the preliminary experiments on the oxygen 

transfer in the reactor. Initially, the agitation- and aeration rates were varied to explore how each of 

these variables affects the oxygen transfer capability for bioreactor type A and C. These experiments 

are preformed using the aeration method A. The agitation speed for this study is ranged from 2.5𝑥1
+ 

to 12.5𝑥1
+ RPM for bioreactor type A. The aeration rate was ranged from 0.71𝑥2

+ to 8.57𝑥2
+ L/min. 

The results are discussed in subsection 3.2.3. For bioreactor type C, the agitation rate was ranged 

from 𝑥1
+ to 12.5𝑥1

+ RPM and the aeration rate from 𝑥2
+ to 17.14𝑥2

+ L/min. The results are discussed 

in subsection 3.2.5. For bioreactor type B, the influence of the liquid volume is tested. Because the 

process line does not possess a flow meter that can measure the amount of liquid that is used in the 

tank, we started the experiments with a high liquid volume (visible by eye). Then, after each 

experimental 𝑘𝐿𝑎 run, small amounts of liquid are drained. Here, we included a flow meter that 

measured the liquid volume. The results are discussed in subsection 3.2.4. 

At last, we performed several additional tests in the bioreactor of type C. We tested the effects of 

the aeration method B, in order to understand the complete operating capabilities of the bioreactor 

type C. When the aeration method B is used, it is expected that the 𝑘𝐿𝑎 decreases significantly 

because it is less effective. Directly proportional to this 𝑘𝐿𝑎 is the time required for an experimental 

run. We are not able to perform as many experiments as when the aeration method A is used. For 

this reason, we started with relatively high settings, i.e. we started the experiments with an agitation 

speed of 10𝑥1RPM and then decreased the rate with every succeeding rate to 𝑥1 RPM. An advantage 

is that we can perform the most extreme experiment in terms of 𝑘𝐿𝑎 overnight. In addition, we 

tested the influence of aeration rate for two agitation speed levels (at 4.25𝑥1
+ and 10𝑥1

+ RPM). The 

aeration rates vary from 𝑥2
 + to 2.85𝑥2

+ L/min. The results are discussed in subsection 3.2.6. 
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3.2.2 Empirical correlations 𝒌𝑳𝒂 

In their paper on gas/liquid mass transfer in stirred vessels, Schlüter and Deckwer (1992) propose 

that 𝑘𝐿𝑎 is not dependent upon geometric constraints, but rather on specific power input and gas 

flow rate. As a non-dimensional approach to solving for 𝑘𝐿𝑎 they propose the following equation: 

 

𝑘𝐿𝑎 (
𝑣

𝑔2
)

1/3

= 𝐶 [
𝑃/𝑉

𝜌(𝑣𝑔4)1/3
]

𝛼

[
𝑞

𝑉
(

𝑣

𝑔2
)

1/3

]

𝛽

 

(3.2) 

The constants 𝐶, 𝑎 and 𝑏 in equation (3.2) are solved for different tank geometries. Schlüter and 

Deckwer determine these constants for two tank configurations. One tank is agitated with 3 Rushton 

impellers, while the other is agitated with 4 Intermig impellers (Deckwer & Schluter, 1992). The 

results are tabulated in table 3.2. 

Table 3.2 - constants used for equation (3.2). 

 C 𝛼 𝛽 
3-Rushton 7.94𝐸−4 0.62 0.23 
4-Intermig 5.89𝐸−4 0.62 0.16 

 

Schlüter and Deckwer report that these numbers are for a stirred vessel with a height to diameter 

ratio of approximately 2:1, a power range of 0.5 ≤ 𝑃/𝑉 ≤ 16 𝑘𝑊/𝑚3 and a flow rate range of 

0.0038 ≤ 𝑞/𝑉 ≤ 0.027 𝑠−1 (Deckwer & Schluter, 1992). 

Nishikawa et al. (1981) report that a similar correlation can be derived using the geometries of the 

tank and impellers, the physical properties of the liquid and the power input according to the 

following equation:  

 

𝑘𝐿𝑎 ∙ 𝑑𝑡

𝐷𝐿
= 0.368 (

𝜌𝑁𝑑𝑖
2

𝑣
)

1.38

(
𝑣

𝜌𝐷𝐿
)

0.5

(
𝑣𝑉𝑠

𝑠
)

0.5

(
𝑁2𝑑𝑖

𝑔
)

0.367

(
𝑁𝑑𝑖

𝑉𝑠
)

0.167

(
𝑑𝑖

𝑑𝑡
)

0.25

(
𝑃

𝜌𝑁3𝑑𝑖
5)

0.75

 

(3.3) 

Nishikawa however, does not report over which ranges of impeller speeds and gas flow rates this 

equation is valid. Equation (3.3), unlike (3.2), does allow compensation for different geometries and 

thus has the possibility of not having to use different coefficients for different tank and impeller 

geometries. 

At last, we have a 𝑘𝐿𝑎 estimation which is mainly based on the power consumption of the stirrer 

𝑃/𝑉 (𝑊 𝑚−3) per volume of liquid (Van’t Riet, 1979). We may estimate the 𝑘𝐿𝑎 value via, 

 

𝑘𝐿𝑎 = 𝐶 (𝑃/𝑉)𝛼  (𝑉𝑠)𝛽 

(3.4) 
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We showed that there are many researchers who provided variations on equation (3.4) by modifying 

the coefficient (C) and exponents (𝛼 and 𝛽) in chapter 2. We used the original Van’t Riet equation to 

compare the measured- and predicted results. The coefficients in the original equation are, C 

is 2.6 ∙ 10−2, 𝛼 is 0.4 and 𝛽 is 0.5. In equation (3.4), the superficial gas flow (𝑉𝑠) is given by: 

𝑉𝑠 =
𝑞

1
4

𝜋𝑑𝑡
2

 

(3.5) 

Where 𝑞 is the gas flow rate (𝑚3𝑠−1) and 𝑑𝑡 is the tank diameter (𝑚). To determine the power (𝑃) 

delivered to the fluid for each of these equations the commonly used power number equation was 

used. 

𝑃 = 𝑁𝑃𝜌𝑁3𝑑𝑖
5 

(3.6) 

In this equation 𝑁𝑃 is the empirically obtained power number for the impellers as proposed by Post 

(2013) and Vasconselos et al (2000). Since there are several varying methods for determining the 

gassed power and equation (3.6) is commonly used, the ungassed power consumption was used for 

this study. 

In order to study the equations presented by Schlüter, Nishikawa and Van‘t Riet, the experimental 

results from the stirred tank reactor (measured with dynamic method) were plotted against 

equations (3.2), (3.3) and (3.4). The average error in the prediction of 𝑘𝐿𝑎 for each correlation is 

evaluated. Then, new correlations were developed by fitting the experimental results of 𝑘𝐿𝑎 

measurement to the equations and changing the equations’ coefficient (C) and exponents (𝛼 and 𝛽) 

of equations (3.2), (3.3) and (3.4). The coefficient and exponent values which produced the least 

error when compared to the actual experimental data were selected for use in the new correlation. 

The coefficient and exponents were modified based on the Mean Absolute Percentage Error (MAPE). 

𝑀𝐴𝑃𝐸 =
∑ |

𝐴𝑡 − 𝐹𝑡
𝐴𝑡

|𝑛
𝑡=1

𝑛
× 100 

(3.7) 

Where 𝐴𝑡 is the measured value and 𝐹𝑡 is the calculated value. The results are discussed in 

subsection 3.2.3, 3.2.4 and 3.2.5 for respectively bioreactor type A, B and C. 

3.2.3 Results preliminary experiments bioreactor type A with aeration method A 

Neither the Schlüter, Nishikawa nor Van’t Riet equations accurately model the data, when predicted 

and measured 𝑘𝐿𝑎 values are compared. The Nishikawa equation is very inaccurate (+100%) and 

therefore is the model excluded. Both equations, Schlüter and Van’t Riet, under predict the 𝑘𝐿𝑎 for 

bioreactor type A (figure 3.3 and 3.4). Therefore, we modify the coefficient (C) and exponents (𝛼 

and 𝛽) in equation (3.2) and (3.4). The coefficient and exponents which give the least error when 

compared to the actual experimental data were selected (see table 3.3). The prediction error of 

the 𝑘𝐿𝑎 is decreased significantly with the new coefficient values. Figure 3.3 and 3.4 shows the plots 

of data using the original and modified equation of respectively Van’t Riet and Schlüter for the 𝑘𝐿𝑎 
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calculation of bioreactor type A. The prediction results, as shown in table 3.3, indicate that the 

modified Van’t Riet equation is most accurate tool for predicting 𝑘𝐿𝑎. Equation (3.8) has a 𝑅2 value 

of 0.90 fitted against the measured data, indicating a good agreement between the predicted and 

measured values. These coefficient and exponents are incorporated into equation (3.8). 

𝑘𝐿𝑎 (𝑃𝐿1&2) = 0.440 (
𝑃

𝑉
)

0.441

(
𝑞

1
4

𝜋𝑑𝑡
2

)

0.710

 

(3.8) 

The modified Van’t Riet equation (3.8) seems to predict 𝑘𝐿𝑎 most accurately for cases of reduced 

oxygen transfer (in the range from 0.4𝑦1
+ to 5𝑦1

+ ℎ−1). When the 𝑘𝐿𝑎 is increased above 4𝑦1
+ ℎ−1, 

the equation becomes less accurate. Because the 𝛽 value is larger than the 𝛼 value, it is concluded 

that the 𝑘𝐿𝑎 value is more dependent on superficial gas velocity than the specific power input in the 

bioreactor system equipped with multiple impellers. Thus, to improve the oxygen transfer for a 

bioreactor with fixed cross-sectional area (𝑆 =
1

4
𝜋𝐷𝑡

2), increasing gas flow rate (𝑞) is more effective 

than increasing specific power input. An example of how equation (3.8) can be used to predict 𝑘𝐿𝑎 is 

shown in figure 3.5. The correlation can be useful in determining which operating conditions are 

needed to obtain a desired 𝑘𝐿𝑎. At last, we can conclude that the STR in bioreactor type A has a 𝑘𝐿𝑎 

capability that ranges from 0.43𝑦1
+1 to 34.92𝑦1

+ ℎ−1. 

 

Table 3.3 – Percent error in 𝑘𝐿𝑎 prediction and constants obtained for the equations Van’t Riet and 

Schlüter for bioreactor type A. 

  Van't Riet (1979) Schlüter and Deckwer (1992) 

  Original Modified Original Modified 

MAPE 80.99 19.39 92.63 24.40 

Formula 
coefficients         

Constant 0.026 0.440 7.94E-04 1.054 

α 0.4 0.441 0.62 0.410 

β 0.5 0.710 0.23 0.722 

 

 

 

                                                           
1
 An small plus sign (

+
) indicates that this value is changed due to confidentiality 
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Figure 3.3 – Plot of experimental data using the original (eq. 3.4) and modified Van’t Riet equation 

(eq. 3.8) for 𝑘𝐿𝑎 values bioreactor type A (Aeration method A). The blue and red markers represent 

the original and modified correlations, respectively. (The line shows a 1:1 comparison of 

experimental and predicted values). 

 

Figure 3.4 – Plot of experimental data using the original (eq. 3.2) and modified Schlüter equation for 

𝑘𝐿𝑎 values bioreactor type A (Aeration method A). The blue and red markers represent the original 

and modified correlations, respectively. (The line shows a 1:1 comparison of experimental and 

predicted values). 

  

Figure 3.5 – Plot of predicted oxygen mass transfer rates in bioreactor type A (Aeration method A) at 

different agitation- and aeration rates. 
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3.2.4 Results preliminary experiments bioreactor type B 

As explained earlier in section 3.1, bioreactor type B has a different mixing mechanism than the other 

bioreactors. In this subsection, we report the results of the study into 𝑘𝐿𝑎 capabilities for bioreactor 

type B. It is expected that the liquid volume, i.e. the amount of medium, has an influence on the 𝑘𝐿𝑎 

value. Because the volume levels are unknown, and the bioreactor cannot measure the volume level 

in the tank, we cannot investigate the relationship based on historic data. For this reason, we tested 

this relationship experimentally. We performed experiments investigating the 𝑘𝐿𝑎 values against 

varying liquid volume levels under fixed production settings. The experiment used the original 

settings for production of BME2, namely an agitation speed of 20𝑥1 RPM, aeration rate of 

1.71𝑥2 L/min and aeration method B. The results are shown in figure 3.6.  

 

 

Figure 3.6 – The correlation between volume (𝐿) and 𝑘𝐿𝑎 (ℎ−1) on bioreactor type B, with settings: 

agitation speed 20𝑥1
+ RPM, aeration rate 1.71𝑥2

+ L/min and aeration method B. 

 

The results of the preliminary experiments in bioreactor type B conclude large differences in 𝑘𝐿𝑎 

when the volume level varies. The volume levels are indicated by the percentage of the bioreactor 

capacity, e.g. if the capacity is 1000-L and we have a percentage of 102.5%, it indicates 1025-L. In the 

normal operating conditions, regulations allow for a 3% variation in volume. We performed the tests 

on a range of volume levels from 93.30% to 104.85% of capacity. The highest 𝑘𝐿𝑎 value was reached 

when the volume level is approximately 96.67% of capacity (1.15𝑦1
+ ℎ−1). It means that the mixing 

mechanism is in optimal condition around a volume of 96.67% of capacity, provided that the settings 

are agitation speed of 20𝑥1
+ RPM, aeration rate of 1.71𝑥2

+ L/min and aeration method B. When the 

volume level is increased, the 𝑘𝐿𝑎 decreases significantly. At a volume level of 103.33% of capacity, 

the 𝑘𝐿𝑎 value is 16 times lower than at a volume of 96.67% of capacity (0.90+ ℎ−1). 

In the production of BME2, it is aimed to have a volume level of 100%. However, around this level 

exists a turning point where the 𝑘𝐿𝑎 is increased or decreased significantly when volume levels vary. 

At a volume level of 99.33% of capacity, the 𝑘𝐿𝑎 value is three times higher than at a volume level of 

100.67% of capacity (respectively, 0.66𝑦1
+ ℎ−1 and 0.23𝑦1

+ ℎ−1). These variances in volume are not 

illogical, among others the process control allows for a 3% deviation in volume. 

∗ 𝒚𝟏 



 

32 
 

As indicated earlier, the bioreactor type B cannot measure volume levels in the tank itself. However, 

the amount of medium supplied to the bioreactor is measured at the media preparation department. 

This volume varies from 99.33% to 100% of capacity. The measurement technique media preparation 

department uses is, however, inaccurate. This inaccuracy is investigated using a different product, 

which has the exact same media process flow as BME2. In the production of this product, the volume 

level is measured with an accurate flowmeter behind bioreactor type B. Figure 3.8 visualizes the 

volume differences between the volumes measured by the flowmeter behind the bioreactor and the 

volumes measured in the media preparation department. It shows 20 successive batches. It seems 

that the measurement in the media preparation department measures a lower volume level than 

there is actually supplied to the bioreactors. Thereby, at the start of the fermentation process in the 

STR, additional liters medium is added. For these reasons, we can conclude that the volume level in 

the STR of bioreactor type B varies from approximately 100% to 103.33% of capacity. Based on these 

volumes, it means that the 𝑘𝐿𝑎 ranges from 0.47𝑦1
+ to 0.07𝑦1

+ ℎ−1. In chapter 1, we showed that 

bioreactor type B has significant higher yield variability than the yield variability in bioreactor type A 

and C. The impact of volume, explored in this subsection, is a potential reason for the significant 

higher yield variability in bioreactor type B. 

 

  

Figure 3.7 – Measured volume differences between flowmeter and media preparation department of 

20 successive batches. 
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3.2.5 Results preliminary experiments bioreactor type C with aeration method A 

In comparison to the accuracy of the Schlüter and Van’t Riet equations for bioreactor type A 

(subsection 3.2.3), the equations are more accurate for bioreactor type C. With the original 

equations’ coefficient and exponents, Van’t Riet is more accurate than the Schlüter equation. 

Schlüter and Deckwer report that the coefficients are for a stirred vessel with a specific power range. 

At small agitation speeds, the model goes out of this power range, which could be the reason for the 

higher inaccuracy. The accuracy can still be improved, and therefore we modify the coefficient (C) 

and exponents (𝛼 and 𝛽) in equation (3.2) and (3.4). The coefficients and exponents which give the 

least error when compared to the actual experimental data were selected (see table 3.4). Figure 3.8 

and 3.9 show the plots of data using the original and modified equation of respectively Van’t Riet and 

Schlüter for the 𝑘𝐿𝑎 calculation of bioreactor type C (with aeration method A). The prediction results, 

as shown in table 3.4, indicate that the modified Van’t Riet equation is most accurate tool for 

predicting 𝑘𝐿𝑎. Equation (3.9) has a 𝑅2 value of 0.88 fitted against the measured data, indicating a 

good agreement between the predicted and measured values. These coefficient and exponents are 

incorporated into equation (3.8). 

𝑘𝐿𝑎 (𝑃𝐿4) = 0.027 (
𝑃

𝑉
)

0.297

(
𝑞

1
4

𝜋𝑑𝑡
2
)

0.393

 

 (3.9) 

The modified Van’t Riet equation (3.9) seems to predict the 𝑘𝐿𝑎 most accurately for cases of reduced 

oxygen transfer (in the range from 𝑦1
+ to 8𝑦1

+ ℎ−1). It looks like the accuracy decreases slightly in the 

middle settings, (in the range from 8𝑦1
+ to 20𝑦1

+ ℎ−1). In this range the model under predicts 

the 𝑘𝐿𝑎. Thereafter (above 20𝑦1
+ ℎ−1), it looks like the model starts over predicting. However, this 

range is small because maximum settings are reached. Because the 𝛽 value is larger than the 𝛼 value, 

it is concluded that the 𝑘𝐿𝑎 value is more dependent on superficial gas velocity than the specific 

power input in the bioreactor system equipped with multiple impellers. Thus, to improve the oxygen 

transfer for a bioreactor with fixed cross-sectional area (𝑆 =
1

4
𝜋𝐷𝑡

2), increasing gas flow rate (𝑞) is 

more effective than increasing specific power input. An example of how equation (3.9) can be used 

to predict 𝑘𝐿𝑎 is shown in figure 3.11. The correlation can be useful in determining which operating 

conditions are needed to obtain a desired 𝑘𝐿𝑎. At last, we can conclude that the bioreactor type C 

has a 𝑘𝐿𝑎 capability that ranges from 0.96𝑦1
+ to 30.31𝑦1

+ ℎ−1. 

Table 3.4 - Percent error in 𝑘𝐿𝑎 prediction and constants obtained for the equations Van’t Riet and 

Schlüter for bioreactor type C. 

  Van't Riet (1979) Schlüter and Deckwer (1992) 

  Original Modified Original Modified 

MAPE 27.00 15.29 45.48 18.06 

          
Formula 

coefficients         

Constant 0.026 0.027 7.94E-04 0.002 

α 0.4 0.297 0.62 0.325 

β 0.5 0.393 0.23 0.267 
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Figure 3.8 – Plot of experimental data using the original (eq. 3.4) and modified van’t Riet equation 

(eq. 3.8) for 𝑘𝐿𝑎 values bioreactor type C (aeration method A). The blue and red markers represent 

the original and modified correlations, respectively. (The line shows a 1:1 comparison of 

experimental and predicted values). 

 

Figure 3.9 – Plot of experimental data using the original (eq. 3.4) and modified Schlüter equation for 

𝑘𝐿𝑎 values bioreactor type C (Aeration method A). The blue and red markers represent the original 

and modified correlations, respectively. (The line shows a 1:1 comparison of experimental and 

predicted values). 

 

Figure 3.10 – Plot of predicted oxygen mass transfer rates in bioreactor type C (aeration method A) 

at different agitation- and aeration rates. 
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3.2.6 Results preliminary experiments bioreactor type C with aeration method B 

We performed several additional tests in the bioreactor type C. We tested the effects of the aeration 

method B, in order to understand the complete operating capabilities of the bioreactor. The aeration 

method B decreases the oxygen transfer (𝑘𝐿𝑎) significantly, in respect to the aeration method A. 

 

Figure 3.11 – 𝑘𝐿𝑎 values measured in bioreactor type C with aeration method B. 

The results of the 𝑘𝐿𝑎 experiments in bioreactor type C with aeration method B are visualized in 

figure 3.11. From these results, we can conclude that the effect of aeration rate is dependent on the 

agitation speed. When the agitation speed is increased, the effect of an increase in aeration rate on 

the 𝑘𝐿𝑎  is also increased. In other words, for an aeration rate ranged from 𝑥2 to 2.86𝑥2 L/min, the 

increase of the aeration rate only has an effect on the 𝑘𝐿𝑎 when the agitation speed is above 

approximately 6.25𝑥1 RPM. At an agitation speed below 6.25𝑥1 RPM, the 𝑘𝐿𝑎 is not different for an 

aeration rate of 𝑥2 or 2.86𝑥2 L/min. 

The aeration method B significantly effects the 𝑘𝐿𝑎 in bioreactor type C when compared to the 

aeration method A. The experiments were performed between an agitation speed of 𝑥1 and 10𝑥1 

RPM (where 12.5𝑥1
 RPM is max). The 𝑘𝐿𝑎 capabilities range than from 0.03𝑦1 to 1.69𝑦1 ℎ−1. When 

the aeration methods are compared based on the minimal agitation speed (𝑥1 RPM), there exists a 

large gap. The 𝑘𝐿𝑎 is 0.96𝑦1 and 0.032𝑦1 for respectively method A and B. Increasing the production 

settings only increases the 𝑘𝐿𝑎 gap between method A and B. Thus, we can conclude that, in terms 

of 𝑘𝐿𝑎, the aeration method B is a less effective way of oxygen supply than the aeration method A. 

We tried to model the 𝑘𝐿𝑎 of the system with the equations proposed in literature. Neither the Van’t 

Riet, Schlüter nor Nishikawa equation accurately model the system. The  𝑘𝐿𝑎 prediction of bioreactor 

C with the aeration method is required B for the design of the experiments in chapter 5. Therefore, 

we fitted an exponential curve to the data. The curve fitting is performed in Minitab. Equation (3.10) 

has a 𝑅2 value of 0.93 fitted against the measured data, indicating a good agreement between the 

predicted and measured values. Equation (3.10) will be used to give an indication of the 𝑘𝐿𝑎 for the 

production settings in the design of experiments. 

𝑘𝐿𝑎ℎ𝑒𝑎𝑑𝑠𝑝𝑎𝑐𝑒  = 0.081𝑒0.021 ∗ 𝑎𝑔𝑖𝑡𝑎𝑡𝑖𝑜𝑛 𝑠𝑝𝑒𝑒𝑑 

(3.10) 

∗ 𝒚𝟏 

∗ 𝒙𝟏 
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3.3 Comparison of preliminary results 

Capabilities bioreactor type A against type C 

Here, we show that we cannot compare production settings, e.g. agitation- and aeration rates, 

between different bioreactors. In figure 3.12, we compared the 𝑘𝐿𝑎 of bioreactor type A with type C, 

with similar production settings. The 𝑘𝐿𝑎 values are compared based on an agitation speed ranged 

from 𝑥1
+ to 12.5𝑥1

+ RPM and an aeration rate ranged from 𝑥2
+ to 11.43𝑥2

+ L/min. It shows us that 

below a 𝑘𝐿𝑎 of approximately 12𝑦1
+ ℎ−1, bioreactor type C is more effective in terms of 𝑘𝐿𝑎 than 

type A, for the same production settings. It means that bioreactor type C has a higher minimal 𝑘𝐿𝑎 

(with aeration method A) than type A. 

In one way this is remarkable, because bioreactor type A has a capacity half of the capacity of type C. 

However, bioreactor type C compensates for this difference by for example much greater impellers. 

When we compare the 𝑘𝐿𝑎 reached with the original production settings for the production of 

BME2, we find some differences: 

- Bioreactor type A has a 𝑘𝐿𝑎 of 0.43𝑦1
+ ℎ−1, 

- Bioreactor type C has a 𝑘𝐿𝑎 of 0.96𝑦1
+ ℎ−1. 

 

 

Figure 3.12 - 𝑘𝐿𝑎 capabilities compared between bioreactor type A and C with similar production 

settings. 

Capabilities bioreactor type B against type C 

We cannot compare the capabilities of bioreactor type B and C, in the same way as done with type A. 

For bioreactor type B, we performed experiments to test the influence of volume levels in the STR. 

We should perform additional experiments to measure the effects of other production settings on 

the 𝑘𝐿𝑎 in bioreactor type B. Based on the original production settings of BME2, we can conclude 

that the 𝑘𝐿𝑎 capabilities of type B are between 1.15𝑦1
+ to 0.06𝑦1

+ ℎ−1. Thus bioreactor type B can 

achieve much lower 𝑘𝐿𝑎 values than bioreactor type C (0.96𝑦1
+ ℎ−1), provided that type B uses 

aeration method B and type C uses aeration method A. We indicated in section 3.2.4 that the 

actual 𝑘𝐿𝑎 varies between 0.47𝑦1
+ to 0.07𝑦1

+ ℎ−1 with the production settings used in bioreactor 

type B. This is significantly lower than the 𝑘𝐿𝑎 achieved with the production settings in type C. 
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Comparing the 𝑘𝐿𝑎 capabilities with calculated mixing times 

In the previous chapter (2), we showed that the mixing times can be calculated via equation (3.11). 

We are interested in the effects on the mixing time, when the oxygen transfer rate is changed, either 

via agitation speed or aeration rate. The mixing time is calculated via equation (3.11). The 𝑘𝐿𝑎 is 

calculated via equations (3.8) and (3.9), respectively for bioreactor type A and C. Figure 3.13 and 3.14 

shows the relationship between 𝑘𝐿𝑎 and mixing time for a variation of production settings. When the 

𝑘𝐿𝑎 decreases, by decreasing the agitation speed, the mixing time increases significantly. It means 

that low aerobe products are produced in these reactors with relatively high mixing times. 

Potentially, gradients could exist in these systems. When the 𝑘𝐿𝑎 increases, by increasing the 

agitation speed, the mixing time decreases. On the other hand, the shear exposure increases by an 

increase in agitation speed. Comparing the mixing times of bioreactor type A and C, the mixing 

efficiency in type C is much higher. This is mainly caused by the larger impellers. These results 

indicate that important tradeoffs have to be made between the efficiency that oxygen is supplied, 

mixing efficiency and shear exposure. 

𝑁𝑡𝑚 =
1.54𝑉

𝐷𝑖
3 

 

(3.11) 

 

Figure 3.13 - 𝑘𝐿𝑎 capabilities compared to mixing times for bioreactor type A. 

 

Figure 3.14 - 𝑘𝐿𝑎 capabilities compared to mixing times for bioreactor type C using aeration method 

A. 
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When aeration method B is used in the bioreactor type C, relatively low 𝑘𝐿𝑎 values can be reached 

with low mixing times. Because the aeration method B is less efficient in oxygen transfer than the 

method A, an increase in agitation speed is used to compensate. Figure 3.15 shows the 𝑘𝐿𝑎 

capabilities against the mixing times for bioreactor type C when the aeration method B is used. 

Similarly to the results achieved with the aeration method A, when the 𝑘𝐿𝑎 is decreased the mixing 

time increases significantly. The mixing times are calculated with equation (3.11). The 𝑘𝐿𝑎 values 

correspond with the measured values, discussed in section 3.2.6. 

 

 

Figure 3.15 - 𝑘𝐿𝑎 capabilities compared to mixing times for bioreactor type C using aeration method 

B. 
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3.4 Discussion 

What are the effects of the production settings on the operating parameters and in the STRs of MSD 

Animal Health? 

 The production settings of interest are agitation speed, aeration rate and aeration method, 

 The correlations that have been developed previous to this work do not accurately model 

the 𝑘𝐿𝑎 for the STRs of MSD Animal Health. The correlations developed in this study model 

the data more accurately and are useful for the design of the stirred tank reactors, 

 Bioreactor type A can model their 𝑘𝐿𝑎 value by equation (3.8). Bioreactor type C can model 

their 𝑘𝐿𝑎 value by equation (3.9). To improve the oxygen transfer for a bioreactor with fixed 

cross-sectional area, increasing gas flow rate (𝐹𝑔) is more effective than increasing specific 

power input, 

𝑘𝐿𝑎 (𝑃𝐿1&2) = 0.440 (
𝑃

𝑉
)

0.441

(
𝑞

1
4

𝜋𝑑𝑡
2

)

0.710

 

(3.8) 

𝑘𝐿𝑎 (𝑃𝐿4) = 0.027 (
𝑃

𝑉
)

0.297

(
𝑞

1
4

𝜋𝑑𝑡
2
)

0.393

 

(3.9) 

 We showed that, in terms of 𝑘𝐿𝑎, the aeration method B is a less efficient way of oxygen 

supply than the aeration method A. However, method B makes it possible for low aerobe 

products to decrease the mixing time, and thus decreases the chance of gradients. 

Additionally, it increases the shear conditions. When the agitation speed decreases below 

7.5𝑥1 and 4.25𝑥1 RPM for respectively bioreactor types A and C, the mixing time increases 

exponentially. These results indicate that important tradeoffs have to be made between the 

efficiency that oxygen is supplied, mixing efficiency and shear exposure. 

 

What differences in operating conditions can be concluded in the STRs of MSD Animal Health? 

 Bioreactor type C is more effective in terms of 𝑘𝐿𝑎 and mixing time than type A, 

 The 𝑘𝐿𝑎 conditions in bioreactor type B are heavily affected by the volume level, because of 

the alternative mixing mechanism. Volume variations of only a few percent have already 

large impact on the 𝑘𝐿𝑎. The optimal conditions with the original settings is approximately 

96.67% of capacity, 

 We compared 𝑘𝐿𝑎  under the original production settings for BME2 per bioreactor. 

Bioreactor type A have a 𝑘𝐿𝑎 of 0.43𝑦1 ℎ−1. Bioreactor type C has a 𝑘𝐿𝑎 of 0.96𝑦1  ℎ−1. For 

bioreactor type B the 𝑘𝐿𝑎 ranges from 0.47𝑦1 to 0.06𝑦1 ℎ−1, based on the volume level. 

 The impact of mixing method B is a potential reason for the significant higher yield variability 

in bioreactor type B. 
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4 Regression analysis on parameters and yield 

This chapter describes a part of the empirical case study on the variables influencing the cell growth 

of BME2. The regression analysis was not able to provide an optimum, and therefore gives only the 

direction of increase (figure 4.1). The introductory section starts with the conceptual model and a 

high level overview of the statistical analysis (section 4.1). In section 4.2 we conduct the analyses. At 

last, a hypothesis test is performed to give another direction to the increase in yield (section 4.3). At 

the end of this chapter we can answer research question 4, ‘Which operating parameters have 

significant impact on BME2’s yield in the regression analysis?’ 

 

 

 

 

 

 

 

Figure 4.1 – Sequential nature of RSM experimentation (part 1 of 2), i.e. the statistical analyses (x), 

hypothesis test (∆) and direction of increase (→). 

 

4.1 Introduction 

4.1.1 Empirical research 

Flynn et al. (1990) argued that empirical research in operations management consists of four steps. 

First, we should establish the theoretical foundation for the study (chapter 2). Thereafter, a research 

design should be selected. We selected regression analysis as research design to investigate the 

effect of the parameters on the yield of BME2. Third, a data selection method should be selected, 

which we explain in subsection 4.1.3. The final step consists of analyzing the data (section 4.2). We 

discuss this step in more detail in the rest of this chapter. 

4.1.2 Conceptual model 

The main goal of the project is to find the optimal operating conditions for the production of BME2. 

In the modeling of BME2 production, we define three kinds of variables; the production settings, 

operating parameters and response variables. The production settings are bioreactor dependent, e.g. 

an specific agitation speed has a different effect in bioreactor type A than in bioreactor type B or C. 

Not only the size, but also impeller type and baffles have an impact on the conditions in a bioreactor. 

Thereby, we have determined operating parameters, which are bioreactor independent. We can use 

these parameters to compare operating conditions across different STRs. For example, we can use 

𝑘𝐿𝑎 to compare the efficiency that oxygen is supplied during fermentation in the reactors. Based on 
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the literature review in chapter 2, we included five operating parameters into the conceptual model. 

These parameters are validated in a brainstorm session with product and process experts of MSD 

Animal Health. For more information about these parameters, we refer to the literature review 

(chapter 2). At last, we have one response variable, yield. The conceptual model is, 

 

𝑌𝑖𝑒𝑙𝑑𝐵𝑀𝐸2 = 𝑓(𝑘𝐿𝑎, 𝑅𝑒𝑖 , 𝑡𝑚, 𝑝𝑜𝑤𝑒𝑟, 𝑠ℎ𝑒𝑎𝑟) 

(4.1) 

We collected data from all bioreactor to determine or calculate the operating parameters per 

production line. In section 4.2, we investigate the causal relationships between the operating 

parameters and yield for BME2. In the study, head pressure and temperature are variables out of 

scope, because these do not change over different process lines. 

Table 4.1 – Project variables 

Production settings Operating parameters Response variable 

𝑥1 Agitation speed (RPM) 𝑧1 𝑘𝐿𝑎 (ℎ−1) 𝑦1 Yield 
𝑥2 Aeration rate (L/min) 𝑧2 Reynolds number 𝑅𝑒𝑖    
𝑥3 Aeration method 𝑧3 Mixing time 𝑡𝑚 (s)   

  𝑧4 Power number   
  𝑧5 Shear rate (𝑠−1)   

 

4.1.3 Data collection and examination 

Collecting data 

For our empirical study we collected data via the production department of MSD Animal Health. All 

variables are written down in instructions of each product batch produced for regulation purposes. 

Additionally, the key variables are collected into excel sheets per product (trend files). The systems 

that control the bioreactors save several variables as well. The systems monitor the production 

variables continuously, i.e. outputs every 10 seconds a data point. The variables are among others, 

agitation speed and aeration rate. Combining all data from these platforms creates the dataset of 

453 observations for our project. 

Cleaning data 

We split the data initially into two groups. Before a certain moment in time, different production 

settings were used. After, the production settings for BME2 changed to the settings currently used. 

The observations with the old production settings were excluded in the study. We therefore deleted 

281 observations from the dataset. 

The next step is to examine the dataset. Examination of the data consists of checking wrong and 

missing values and outliers. First of all, we checked the data for aborted and contaminated batches. 

These batches have been deleted. Then we fixed misspelled input like an invalid prefix or process 

lines differently spelled. We checked the missing and wrong values in the dataset. We deleted the 

batch data which had all empty cells. Missing values were completed via information in the 

instructions and system. In addition, the production settings actual used during production, were 

checked via the system. 
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Finally, there is an alternative product, BE56, which has the exact same product and upstream 

process as BME2. Therefore, we can also include these batches (11 observations) into the dataset.  

The downstream process only varies for BE56. The total dataset consists of 157 observations. 

Grouping data 

In addition, we identified that the yield varied over time in the production of BME2. Figure 4.2 shows 

patterns in the data over time. On several moments in time, changes were made in medium 

components. However, it is not possible to incorporate medium as a variable in our study because it 

is undefined. An undefined medium has some complex ingredients, which consist of a mixture of 

many chemical species in unknown proportions. As long as BME2 is grown in undefined medium, 

there exists some variation in yield. 

 

 

Figure 4.2 – Yield over time in the production of BME2 at bioreactor type C. 

 

We cannot use all data in ones for the regression analysis. It would potentially result in correlations 

that we are not investigating and are probably also false. Because nothing has changed froin the 

production process of BME2 in the timeframe of figure 4.2, we choose the group (timeframe) with 

the most observations in total and per process line. Group 1 consists of 59 observations were the 

production is almost evenly divided over the bioreactors. i.e. bioreactor type A produced 22 batches, 

bioreactor type B produced 20 batches and bioreactor type C produced 14 batches. 

Outlier detection 

After the data is cleaned, we performed an outlier analysis to identify potential observations that 

could cause problems to the statistical analysis. We used Tukey’s method to detect outliers in the 

dataset. It indicated one observation as potential outlier, which is also visible on the boxplot in 

chapter 1, figure 1.1. It is a batch produced in bioreactor type C and it did not give any strange values 

in the process variables (e.g. fermentation time or production settings). Because we know that the 

system is very sensitive to the (undefined) medium components, the yield value is not illogical. 

Thereby, we did not want to lose any more observations from the dataset because it could influence 

the statistical power. We do not exclude the observation from the dataset. 
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Normality check 

In the literature review (chapter 2), we determined several techniques to identify data distributions. 

It was discussed that Jarque-Bera and Anderson-Darling tests were the best methods in detecting a 

normal distribution. Both methods are quite similar in detection strength but the Anderson-Darling 

test has the ability to detect deviations in the tails of the distribution. Therefore, the Anderson-

Darling test is used, which is available in Minitab, to detect normality. The probability plots and 

corresponding Anderson-Darling results for the yield per process line are shown in Appendix A. For 

all bioreactors, the p-value of the test was higher than 0.05, which means normally distributed. 

Pierce and Gray (1982) did simulation studies on normality tests and showed that adequate 

Anderson-Darling results are reached at a sample size of 20. This does not mean that a smaller 

sample size cannot show normality but the chance that normality is not proven in the test becomes 

then bigger with smaller sample sizes. This could be the reason for the lower p-value (0.120) for 

bioreactor type C, because it only consists of 14 observations. 

4.1.4 Statistical analysis 

We have no theoretical knowledge of the relationships between the independent variables (𝑥′𝑠) and 

the dependent variable (𝑦). The choice of the model is based on the inspection of a scatter diagram. 

Per independent variable, first simple regression is applied to explore relationships. The statistical 

significance is then an indication of a relationship between two variables. However, as important as 

the achieved significance of the results is understanding their interpretations (practical significance). 

We have an assumption in the dataset which is required to discuss. In chapter 3 we concluded that 

the volume levels in bioreactor type B are not accurately measureable. Therefore we cannot have the 

actual 𝑘𝐿𝑎 value per data point and so cannot connect these 𝑘𝐿𝑎 levels to yield levels. However, we 

showed that the volume level varies between certain values. Based on these volumes, the 𝑘𝐿𝑎 

ranges from 0.47𝑦1 and 0.07𝑦1 ℎ−1. For the regression analysis, we assume that the 𝑘𝐿𝑎 in 

bioreactor type B is 0.47𝑦1 ℎ−1. We will verify this assumption and the regression results with a 

hypothesis test in section 4.3. 

4.2 Operating parameters that correlate with the cell growth of BME2 

We started the regression analysis by including the dependent variable yield and the independent 

variable 𝑘𝐿𝑎. Figure 4.3 presents a scatter diagram of the data. Inception of this scatter diagram 

indicates that, although no simple curve will pass exactly through all the points, there is indication of 

a negative relationship between 𝑘𝐿𝑎 and yield. It is probably reasonable to assume that the variable 

yield is related to the oxygen transfer rate by the following straight-line relationship: 

𝑌𝑖𝑒𝑙𝑑 =  167.90 +  3.613 𝑘𝐿𝑎 

(4.2) 

for  𝑘𝐿𝑎 values between 0.43𝑦1
 and 1.30𝑦1 ℎ−1. The F-statistic is significant p-value (significant since 

p < 0.05). The 𝑅2 is equal to 0.501, meaning that 50.1% of the yield is explained by the 𝑘𝐿𝑎. The 

values of the regression and fitted line plot can be found in figure 4.4. 
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Figure 4.3 – Fitted line plot between the measured 𝑘𝐿𝑎 (ℎ−1) and yield (kg) 

In addition, we repeated the same regression study, however changed the 𝑘𝐿𝑎 value for bioreactor 

type B to 0.27𝑦1 ℎ−1 and 0.07𝑦1 ℎ−1. In both cases it resulted in a significant F-test (p=0.000) and a 

𝑅2 similar to before. Because we do not know the exact volumes, we cannot make the connection 

with yield. Therefore, we are not able to identify an optimum in the regression analysis. It only gives 

indication of a relationship and a direction of increase in yield. We will verify the regression and this 

direction with a hypothesis test in section 4.3. In chapter 5, new experiments are performed to try 

determining an optimum. 

Adequacy of the regression model 

Fitting a regression model requires several assumptions. Estimation of the model parameters 

requires the assumption that the errors are uncorrelated random variables with mean zero and 

constant variance. Tests of hypotheses require that the errors be normally distributed. In addition, 

we assume that the order of the model actually behaves in a linear or first-order manner. 

As an approximate check of normality, we can construct a frequency histogram or a normal 

probability plot of residuals (appendix C). We may also standardize the residuals. If the errors are 

normally distributed, approximately 95% of the standardized residuals should fall in the interval 

(−2, +2) (Montgomery and Runger, 2011). Residuals that are far outside this interval may indicate 

the presence of an outlier. In the data set, 3 of the 55 samples (5%) have a standardized residual that 

falls outside the interval. It also indicates that the errors are normally distributed. At last, the 

Anderson Darling test for normality also resulted in not significant values (p > 0.05), which indicates 

normally distributed errors. 

In appendix C, the residuals are plotted against the fitted value from the regression model and in 

time sequence. In the time sequence plot we cannot identify a pattern, which means that variance-

stabilizing transformation is not necessary. The data also does not indicate inadequacy in the model, 

i.e. that is, higher order terms are not required. 

 

 

Oxygen transfer rate (1/hr)

Y
ie

ld



 

45 
 

Mixing time 

The mixing time 𝑡𝑚 is the time required to achieve a given degree of homogeneity starting from the 

completely segregated state. It is of interest, because non-ideal or uneven distribution of the liquid 

may lead to gradients in substrate, oxygen or heat. Especially in industrial-scale reactors, these 

gradients could lead to decreased productivity. First, we looked at the simple correlation between 

mixing time and yield. The f-test for the regression was not significant at a level of 5% (p > 0.05). 

Thereby, the 𝑅2 is equal to 0.066, meaning that 6.6% of the variation in yield is explained by the 

mixing time. We can conclude that the simple correlation is not able to predict the outcome. Based 

on the available data, we do not see a direct correlation between the mixing time and yield in the 

production of BME2 (figure 4.4).  Thereby, mixing time as second predictor does not have a semi-

partial correlation with the yield, i.e. mixing time does not explain any ‘new variance’ in the outcome, 

beside 𝑘𝐿𝑎. At last, a nonlinear model (parabolic) fits the correlation between mixing time and yield 

statistically better than a linear model. The productivity of BME2 would then increase when the 

mixing time is low (approximately below 30 s) or high (approximately above 120 s). This is very 

unlikely because there is suggested that the productivity would only decrease when the mixing time 

is increased (Bylund et al., 1998). 

 

 

Figure 4.4 - Fitted line plot between the mixing time (s) and yield (kg) 
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Impeller shear rate 

Fragile products are damaged by high shear fields which could be caused by high agitation speed. It 

reduces the product formation. The impeller shear rate in a STR is a linear function of the agitation 

speed, dependent on the type of impeller. We can conclude that the simple correlation (not 

significant F-test with p > 0.05) and the semi-partial correlation model between impeller shear rate 

and yield is not able to predict the yield. 

 

Figure 4.6 - Fitted line plot between the impeller shear rate (𝑠−1) and yield (kg) 

Reynolds- and power number 

At last, both variables Reynolds number and Power number can be seen as constraints to the model. 

The Reynolds number is a parameter that is used to characterize fluid flow in STRs. There is a critical 

Reynolds number which marks the boundaries for laminar and turbulent regions. A STR is designed to 

create turbulent regimes. In the STRs of MSD Animal Health, the minimal production settings already 

create turbulent regimes, whereby the Reynolds number is not interesting in this project. 

The regression analysis can be used to build a model to predict the yield at a given parameter value. 

This model can then be used for process optimization, i.e. finding the parameter levels that 

maximizes yield. However, the regression relationship is valid only for values of the independent 

variable with the range of the original data. The linear relationship that we have tentatively assumed 

may be valid over the original range of 𝑥, but it may be unlikely to remain so as we extrapolate 

(aeration is required). Especially if we want to reach lower 𝑘𝐿𝑎 values during production, it is 

required to use techniques (e.g. aeration method B) that decrease the 𝑘𝐿𝑎 significantly. We showed 

in chapter 3, that we then have to compensate with other variables, e.g. agitation speed, to reach a 

certain 𝑘𝐿𝑎 value. These changes potentially harm the production in another way. However, there 

are many problem situations in science and engineering where extrapolation of a regression model is 

the only way to even approach the problem. Also in our study we do not know what would happen 

when we extrapolate the results of the regression. To limit the risk of low yield batches (and profit), 

we perform a single hypothesis test before the larger experiments (chapter 5) are started. 
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4.3 Hypothesis test 

We concluded in previous section (4.2) that there is a negative correlation between 𝑘𝐿𝑎 and yield in 

the production of BME2. The correlation model is build based on 𝑘𝐿𝑎 data between 0.43𝑦1 and 

1.30𝑦1 ℎ−1. How the correlation moves outside these values is unknown. The regression within the 

range is linear, i.e. we do not reach an optimum in yield for BME2. It is known that oxygen is required 

in the production of BME2, and therefore we should find an optimum when the 𝑘𝐿𝑎 is decreased 

below 0.43𝑦1 ℎ−1. In order to verify the hypothesis that a further decrease in 𝑘𝐿𝑎 results in an 

increase of yield, we perform a hypothesis test. The hypothesis testing is used as a procedure to 

arrive to a decision, the direction of increase in yield. It deals with the uncertainty in the process in a 

rational manner. 

The yield performance of BME2 in bioreactor type C, with the original settings (Table 4.2), is normally 

distributed. Based on this fact, we calculated that a new batch with the original production settings 

has a probability of 95% that it results in a yield between 78.37% and 121.63% of the mean (±2𝜎). 

Statistically it would then be unlikely that a single run results in a yield higher than 161.63% of the 

mean. When it does result in a higher yield, it is an indication that the change from aeration method 

A to method B to decrease the 𝑘𝐿𝑎 resulted in a higher yield. 

We were able to change the STR settings for one batch. We determined the production settings used 

for the hypothesis test in bioreactor type C based on a 𝑘𝐿𝑎 value which created the highest yield on 

lab-scale experiments. The optimal lab-scale performance was reached with a 𝑘𝐿𝑎 value on lab-scale 

of 0.27𝑦1 ℎ−1. 

It is not possible to decrease the 𝑘𝐿𝑎 further with the use of aeration method A in bioreactor C. For 

this reason, we investigated the use of aeration method B (section 3.2.6). Using method B results in a 

much lower 𝑘𝐿𝑎 value, which then has to be compensated with higher agitation- and aeration rates. 

Subsection 3.2.6 explained the interaction between these production settings and the 𝑘𝐿𝑎 values on 

PL4. The settings close to a 𝑘𝐿𝑎 of 0.27𝑦1 ℎ−1 are used in the hypothesis test: Agitation speed of 

6.25𝑥1 RPM, aeration rate of 2.86𝑥2 L/min and aeration method B (table 4.2). 

 Original production 
settings 

Hypothesis test 
settings 

Agitation speed (RPM) 𝑥1 6.25𝑥1 
Aeration rate (L/min) 𝑥2 2.86𝑥2 
Aeration method A B 

𝑘𝐿𝑎 (ℎ−1)  0.96𝑦1
 0.27𝑦1 

 

Table 4.2 – STR settings and corresponding 𝑘𝐿𝑎 for normal production and hypothesis test on 

bioreactor type C. 

Hypothesis 

H0: A decrease in oxygen transfer (𝑘𝐿𝑎) from 0.96𝑦1 to 0.27𝑦1 h-1 on bioreactor type C, will 

result in a yield between 78.37% and 121.63% of the mean (probability of 95%) 

H1: A decrease in oxygen transfer (𝑘𝐿𝑎) from 0.96𝑦1 to 0.27𝑦1 h-1 on bioreactor type C, will 

result in a yield below 78.37% and 121.63% of the mean (probability of 5%) 
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Hypothesis results 

The change to aeration method B and the corresponding production settings resulted in a yield of 

122.12% of the mean. Therefore, we reject our hypothesis and conclude that the decreased 𝑘𝐿𝑎 had 

a significant, positive result on the yield during production of BME2. The batch after this hypothesis 

test, performed with the original settings, resulted in a yield approximately around the original 

average again. Figure 4.7 show a time series plot of the succeeding batches around the hypothesis 

test (index 6). 

 

 

Figure 4.7 – Time series of batches around the hypothesis test. The hypothesis test is index 6. The 

black dashed line shows the mean with original settings. The red dashed line shows the value to 

which our null hypothesis would be rejected. 

4.4 Discussion 

Which operating parameters have significant impact on BME2’s yield in the regression analysis? 

The results of the regression study concluded that 𝑘𝐿𝑎 is influencing the yield in the production of 

BME2. The negative relationship is valid based on the STRs with the original production settings. So, 

at this moment the system in bioreactor type C is limited by the oxygen level. In other words, there is 

too much oxygen present during the production, the “bottleneck”. By changing the aeration method, 

from method A to B, we are able to decrease the oxygen transfer in bioreactor type C. However, we 

expect that by decreasing the 𝑘𝐿𝑎 to a certain level, another variable could potentially start 

influencing the performance negatively. This would mean that at a different range of production 

settings, other variables could also influence the yield in BME2’s production. 

Based on the hypothesis run, we can conclude that we have to decrease in terms of 𝑘𝐿𝑎 to improve 

the yield in the production of BME2. In chapter 5, we perform several experiments to determine 

improved production settings. From the next chapter, the study focusses purely on bioreactor type C. 

It is the end goal to find the optimal production settings for this reactor.  
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5 Design of Experiment 

The previous chapter explained the regression study. We investigated the direction of increase based 

on historical data and a hypothesis test. Now, we perform a Design of Experiment (DoE) to determine 

the production settings which result in an increased yield (figure 5.1). The DoE systematically 

compares the input variables (factors) in terms of yield influence and factor interaction. At the end of 

this chapter we can answer research question 5 and 6, ‘Which variables can and do we vary in our 

optimization model for BME2’s production at bioreactor type C?’ and ‘How can the variables be 

modeled and optimized?’ 

 

 

 

 

 

 

 

Figure 5.1 – Sequential nature of RSM experimentation (part 2 of 2), i.e. the optimization experiment 

(o). 

5.1 Design of Experiments 

Earlier chapters state that we want to find the STR settings that result in the optimal yield for BME2. 

In chapter 3, we analyzed the historical data and compared different STRs based on operating 

parameters. It did not result in an optimum, only a direction of increase in yield. Now, the STR 

settings in line of this direction of increase are tested. The Design of Experiments (DoE) approach is 

selected in this study. In this approach the input variables are tested together, such that interaction 

effects between variables can be taken into account: for each input variable two or more values are 

tested. For a full factorial DoE, 𝑛𝑘 scenarios are tested, where 𝑛 is the number of values (levels) per 

parameter and 𝑘 is the number of parameters. 

Park (2007) explained that the DoE process includes different steps.  After the definition of the 

objective of the experiments, a selection of the variables and the values of these variables are made. 

Subsequently one should decide how many scenarios one needs for the analysis. Finally, after 

running the scenarios, one can analyze the results of the study. 

5.2 Experimental design 

The most basic form of Design of Experiments is performed with two levels for each parameter, a 2𝑘- 

design. This design assumes that the input has a linear effect on the output: A first-order polynomial 

approximation. It is preferred to perform the DoE based on the response surface methodology 

(RSM), which is a second-order polynomial approximation. However, this requires more runs which is 
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not possible in the timeframe and costs of the project. In the 2𝑘- design, we repeat the center point 

four times. The center points have a two-folded goal. It indicates non-linearity in the relation 

between factors and yield as well as allow an independent estimate of error to be obtained. With 

replications at the center point, it is possible to test whether or not the model is a good fit. Based on 

these arguments we decided to use the 2𝑘- design. In addition, if the curvature and lack of fit tests 

indicate non-linearity, we can extent the model based on the Central Composite Design (𝛼 = √2). It 

requires four additional runs to create a second-order polynomial approximation (Neter et al., 1996). 

The statistical analysis of the data was performed using the Minitab package. 

5.3 Variable and value selection 

There are two STR settings that influence the 𝑘𝐿𝑎, namely agitation speed and aeration rate. 

Therefore, these two variables will be the factors included in the DoE. The levels of the factors used 

in the experimental design are listed in table 5.1. The first-order polynomial function with two factors 

is given by the equation: 

𝑌 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + 𝛽12𝑥1𝑥2 

(5.1) 

Where 𝑥1 and 𝑥2 represented the levels of the factors according table 5.1, and 𝛽0, 𝛽1, 𝛽2 and 

𝛽12 represented coefficient estimates with 𝛽0 having the role of a scaling constant. Eight 

experiments were conducted for the study. The levels were -1, 0, +1 where 0 corresponded to central 

point and is repeated 4 times. The actual level of each factor was calculated using the following 

equation (Neter et al., 1996): 

𝐶𝑜𝑑𝑒𝑑 𝑣𝑎𝑙𝑢𝑒 =
𝑎𝑐𝑡𝑢𝑎𝑙 𝑙𝑒𝑣𝑒𝑙 − (ℎ𝑖𝑔ℎ 𝑙𝑒𝑣𝑒𝑙 + 𝑙𝑜𝑤 𝑙𝑒𝑣𝑒𝑙)/2

(ℎ𝑖𝑔ℎ 𝑙𝑒𝑣𝑒𝑙 − 𝑙𝑜𝑤 𝑙𝑒𝑣𝑒𝑙)/2
 

(5.2) 

Table 5.1 – Levels of factors used in the experimental design 

Factor Name Levels 

  -1 0 +1 

x1 Agitation speed (RPM) 3.75𝑥1
 

5𝑥1 6.25𝑥1 

x2 Aeration rate (L/min) 1.14𝑥2 2𝑥2 2.86𝑥2 

 

We determined the range of values per factor based on the 𝑘𝐿𝑎 range measured on bioreactor type 

B. Here, the 𝑘𝐿𝑎 ranges from 0.47𝑦1 to 0.07𝑦1 (ℎ−1). In the hypothesis test, we showed that a 𝑘𝐿𝑎 

of 0.25𝑦1 (ℎ−1) in combination with the aeration method B, significantly improved the yield in 

bioreactor type C. Therefore, we determined that a 𝑘𝐿𝑎 of 0.25𝑦1 (ℎ−1) is the maximum value in the 

experimental design (+1, +1). The 𝑘𝐿𝑎 for the experimental design has then the following range: 

(0.07y
1

≤ 𝑘𝐿𝑎 (ℎ−1) ≤ 0.25𝑦1). For bioreactor type C, the 𝑘𝐿𝑎 of 0.07𝑦1 is approximately reached 

with an agitation speed of 3.75𝑦1 RPM and aeration method B. Based on equation (5.2), we 

determined all production settings used for the experimental design. The design is visualized in figure 

5.2, including the corresponding 𝑘𝐿𝑎 values per production setting. The 𝑘𝐿𝑎 values shown in figure 

5.2 (bold) are calculated via equation (3.10). 
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Agitation 

speed 

     

6.25𝑥1 +1 𝟎. 𝟐𝟑𝒚𝟏  𝟎. 𝟐𝟓𝒚𝟏 

 

5𝑥1 0  𝟎. 𝟏𝟒𝒚𝟏  
 

3.75𝑥1 -1 𝟎. 𝟎𝟖𝒚𝟏  𝟎. 𝟎𝟖𝒚𝟏 
 

  
-1 0 +1  

  1.14𝑥2 2𝑥2 2.86𝑥2 Aeration rate 

 

Figure 5.2 – Experimental design (DoE) with corresponding 𝑘𝐿𝑎 values (ℎ−1). 

5.4 Mathematical modeling for yield BME2 

Table 5.2 shows the results of the performed Design of Experiment. Because of internal problems, 

the fourth run has two hours fermentation time short. It resulted in a decreased yield because the 

batch is not harvested at the optimal moment. Run 4 is a center point, and therefore we will not use 

the run in our analysis. 

 

Run Agitation 
speed (RPM) 

Aeration rate 
(L/min) 

Aeration 
method 

𝑘𝐿𝑎 (ℎ−1) Yield (% to 
mean) 

1 6.25𝑥1 2.86𝑥2 B 0.25𝑦1 0.744 
2 3.75𝑥1

 
1.14𝑥2

 
B 0.08𝑦1 1.423 

3 5𝑥1
 

2𝑥2 B 0.40𝑦1 1.271 
4 5𝑥1 2𝑥2 B 0.40𝑦1 0.714 
5 3.75𝑥1 2.86𝑥2 B 0.08𝑦1 1.375 
6 6.25𝑥1 1.14𝑥2 B 0.23𝑦1 0.815 
7 5𝑥1 2𝑥2 B 0.40𝑦1 0.969 
8 5𝑥1 2𝑥2 B 0.40𝑦1 0.907 

 

Table 5.2 – Experimental design including the results (yield). Run 4 has two hours fermentation time 

short. 

 

The effect of the two operating variables (i.e. agitation speed and aeration rate) each at two levels, a 

center point and the interaction on yield has been studied. For the interaction on yield, an analysis of 

variance was produced (Table 5.3). This analysis tested the value of the model and determined if a 

more complex model would have a better fit. If the F-test for the model is significant at the 5% level 

(i.e. p < 0.05), there is evidence that the model has some power to explain the variation in the 

response. If the F-test for curvature (or lack of fit) is significant, then there is evidence that a more 

complicated model would fit better. 
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As shown in Table 5.3A-C adjusted 𝑅2 ranged from 0.629 to 0.802, and the F-test for the regression 

was significant at a level of 5% (p < 0.05) in the responses excluding the 2-way interaction term. 

Moreover, the curvature (and lack of fit) was not significant at the 5% level (p > 0.05). These results 

show that the model which has been chosen can satisfactory explain the effects of the factor 

agitation speed on the yield during BME2 production. The model fitting the above response variable 

yield (Y) is, 

𝑌 = 270.23 − 1.44 ∗ 𝐴𝑔𝑖𝑡𝑎𝑡𝑖𝑜𝑛 𝑠𝑝𝑒𝑒𝑑 (𝑅𝑃𝑀) 

(5.3) 

Where 𝑥1 is the actual level of factor (agitation speed) shown in Table 5.1. 

The full first-order polynomial model (equation 5.1), including terms agitation speed (𝑥1), aeration 

rate (𝑥2) and the interaction term (𝑥1𝑥2) , has no significance in the F-test for the regression (p > 

0.05). Figure 5.3 shows that the agitation factor has a much higher effect on the yield than both 

aeration rate and the interaction effect, and that the effect is close to significant. Therefore, the 

succeeding model (B) is simplified by omitting the term with the lowest effect on yield, the 

interaction term (𝑥1𝑥2), which was not statistically significant (p > 0.05) (Table 5.4A). The first-order 

polynomial model, including factors agitation speed (𝑥1) and aeration rate (𝑥2), and excluding the 

interaction term (𝑥1𝑥2), has a significant F-test for the regression at a level of 5% (p < 0.05). 

Excluding the interaction term (𝑥1𝑥2) resulted in an increased effect of the agitation factor on the 

yield (p < 0.05). Thereby, the curvature (and lack of fit) was still not significant (p > 0.05). The model 

(B) was also simplified by omitting the term aeration (𝑥2), that was not statistically significant (p > 

0.05) (Table 5.4B). It resulted in a further increased effect of the agitation factor on the yield. 
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Source DF Seq. SS Adj. SS Adj. MS F P 

(A) Terms 𝑥1, 𝑥2 and 𝑥1𝑥2    (𝑅𝐴𝑑𝑗.
2 = 0.629) 

Main effects 2 5215.27 5215.27 2607.64 6.98 0.125 
 Agitation speed 1 5167.45 5167.45 5167.45 13.84 0.065 
 Aeration rate 1 47.82 47.82 47.82 0.13 0.755 
        

2-Way interactions 1 1.76 1.76 1.76 0.00 0.952 
 Agitation*Aeration 1 1.76 1.76 1.76 0.00 0.952 
 Curvature 1 74.43 74.43 74.43 0.20 0.699 
        

Residual error 2 746.94 746.94 373.47   
 Pure error 2 746.94 746.94 373.47   
Total 6 6038.40     
       

(B) Terms 𝑥1 and 𝑥2    (𝑅𝐴𝑑𝑗.
2 = 0.752) 

Main effects 2 5215.27 5215.27 2607.64 10.45 0.044 
 Agitation speed 1 5167.45 5167.45 5167.45 20.71 0.020 
 Aeration rate 1 47.82 47.82 47.82 0.19 0.691 
 Curvature 1 74.43 74.43 74.43 0.30 0.623 
        

Residual error 3 748.70 748.70 249.57   
 Lack of Fit 1 1.76 1.76 1.76 0.00 0.952 
 Pure error 2 746.94 746.94 373.47   
Total 6 6038.40     
        

(C) Terms 𝑥1    (𝑅𝐴𝑑𝑗.
2 = 0.802) 

Main effects 1 5167.45 5167.45 5167.45 25.95 0.007 
 Agitation speed 1 5167.45 5167.45 5167.45 25.95 0.007 
 Curvature 1 74.43 74.43 74.43 0.37 0.574 
        

Residual error 4 796.52 796.52 199.13   
 Pure error 4 796.52 796.52 199.13   
Total 6 6038.40     

 

Table 5.3 – Analysis of variance for yield BME2 with full model (A), model with terms 𝑥1 and 𝑥2 (B) 

and model with term 𝑥1 (C). 
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Term Coefficient SE coefficient T P 

(A) Terms 𝑥1, 𝑥2 and 𝑥1𝑥2 
Constant 126.46 9.663 13.09 0.006 
Agitation speed -35.94 9.663 -3.92 0.065 
Aeration rate -3.46 9.663 -0.36 0.755 
Agitation*Aeration -0.66 9.663 -0.07 0.952 
Center point -6.59 14.760 -0.45 0.699 
     

(B) Terms 𝑥1 and 𝑥2 
Constant 126.46 7.899 16.01 0.001 
Agitation speed -35.94 7.899 -4.55 0.020 
Aeration rate -3.46 7.899 -0.44 0.691 
Center point -6.59 12.066 -0.55 0.623 
     

(C) Terms 𝑥1 
Constant 126.46 7.056 17.92 0.000 
Agitation speed -35.94 7.056 -5.09 0.007 
Center point -6.59 10.778 -0.61 0.574 

 

Table 5.4 – Estimated regression coefficients for yield BME2 with full model (A), model with terms 𝑥1 

and 𝑥2 (B) and model with term 𝑥1 (C). The coefficients are not the actual factor levels e.g. agitation 

speed in RPM, but the DoE levels -1, 0 and +1. 

 

 

Figure 5.3 – Pareto chart of the standardized effects for yield BME2 with full model. Response 

variable is yield (alpha = 0.05). Factors A, B and AB respectively stand for agitation speed, aeration 

rate and agitation*aeration. 
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As shown in Table 5.4C, agitation speed has a negative linear effect on the yield (p < 0.05). Thereby, 

we conclude that, when aeration method B is used, the aeration rate does not have an effect on the 

yield. At the factor levels our DoE is conducted does the aeration rate have no influence. 

The model’s F-test for curvature (and lack of fit) was not significant (p > 0.05), indicating that there is 

no evidence that a more complicated model would fit better. This would also mean that we do not 

find an optimum in this model for factor levels used. Decreasing the agitation speed below 3.75𝑥1 

RPM could have an even more positive influence on the yield. Thereby, the model (C), with agitation 

speed as only factor on the yield, has an adjusted 𝑅2 equal to 0.802, meaning that 80.2% of the yield 

is explained by this model. It also means that there are one or more other variables that explain a 

part of the yield. A final note is about the number of replications in the model. Although we repeated 

the center point four times and the model compensates for the variability, the number of 

replications is low. More replications are simply not possible in the timeframe of this project. 

 

Figure 5.4 – Surface plot for yield BME2 at varying agitation speeds and aeration rates. 

 

So, we can conclude that the agitation speed has a significant negative linear effect on the yield in 

the production of BME2 in bioreactor type C between a rate of 3.75𝑥1and 6.25𝑥1RPM. The highest 

results during the experiments of 142% and 138% of the mean were reached with an agitation speed 

of 3.75𝑥1 RPM and respectively 1.14𝑥2 and 2.86𝑥2 L/min aeration rate. Based on the results from 

the experiments with the new settings, we would have an increased yield of approximately 40% in 

comparison with the original mean. The new production settings for BME2 in bioreactor type C are 

an agitation speed of 3.75𝑥1 RPM, an aeration rate of 1.14𝑥2 L/min and aeration method B. 

 

Yield

Agitation speed (RPM)
Aeration rate (L/min)
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5.5 Sensitivity analysis 

It should be kept in mind that any approach and any model will always be approximative and the 

mathematical methods cannot completely reflect the highly complex interactions and relationships 

of the physical conditions governing the fermentation process (Linden 2002). Therefore several 

discussions here. 

5.5.1 Regression- and experiment study comparison 

Before the start of the DoE, it was expected that we would perform on a sub-optimal level in terms 

of yield. We found a negative correlation between the 𝑘𝐿𝑎 and yield and therefore decreased the 

𝑘𝐿𝑎 even more for the production of BME2 in bioreactor type C. Thereby, we did not find any 

indications of relationships with other operating parameters (chapter 4). In other words, we 

expected that all runs would result in a higher yield than the average (100%) with the original 

production settings. The results in Table 5.2 show that this is not the case, with yield levels below 

100% for the high agitation speed (6.25𝑥1 RPM). We had to compensate the change in aeration 

method with the agitation- and aeration rate to perform the experiments on the required 𝑘𝐿𝑎 

values. It increased the agitation speed significantly to 3.75𝑥1 and 6.25𝑥1 RPM for bioreactor type C. 

The model indicates that the agitation speed at a certain “high” level could have a negative influence 

on the yield during the production of BME2 at bioreactor type C. 

In chapter 4, we mentioned the expectation that the performance of BME2 with the original settings 

in bioreactor type C is limited by the oxygen level. In other words, there is too much oxygen present 

during the production, the “bottleneck”. In the experimental design we took this oxygen 

“bottleneck” away, however also saw that with a relative high agitation speed (6.25𝑥1 RPM), the 

yield decreased. It therefore seems that, when the limitations in terms of oxygen are mitigated, 

relatively high agitation speed (in this case 6.25𝑥1 RPM) is another factor, negatively influencing the 

system. Decreasing the agitation speed, from 6.25𝑥1 RPM to 3.75𝑥1 RPM, has an impact on both 𝑘𝐿𝑎 

and yield. However, the decrease in 𝑘𝐿𝑎 is relatively low in comparison with the increase in yield. It 

seems that the agitation speed plays a lower negative role with an agitation speed of 3.75𝑥1 RPM 

(0.08𝑦1 ℎ−1). Figure 5.5 presents the comparison of two equations build in this study. The blue line is 

the relationship build in the regression study, where the 𝑘𝐿𝑎 has a significant correlation with the 

yield. The red line is the relationship build based on the experimental design, where the agitation 

speed has a significant correlation with yield. It indicates again that agitation speed between 3.75𝑥1 

and 6.25𝑥1 RPM has an increasing negative effect on the yield of BME2, provided that bioreactor 

type C uses the aeration method B. 

 

Figure 5.5 – Comparison correlations resulted from the regression study (chapter 4) and 

experimental design (chapter 5). 

∗ 𝑥1 
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Using these results for the other bioreactors is possible, with the help of small screening 

experiments. The bioreactor type A requires, similarly to type C, aeration method B. What the 

oxygen transfer capabilities are when the aeration method B is used is not measured in this study. 

The conditions of bioreactor type B are affected by the volume level, because of the alternative 

agitation method. Volumes should be controlled to optimize the yield in bioreactor type B. 

5.5.3 Confidence interval 

We obtained confidence interval estimates of the parameters (𝛽0, 𝛽1) in the model concluded by the 

experimental design. The width of these confidence intervals is a measure of the overall quality of 

the regression line. If the error terms in the model are normally distributed, a 100(1 − 𝛼)% 

confidence interval of the slope 𝛽1 in the regression is, 

𝛽1
^ − 𝑡𝛼/2,𝑛−2√

𝜎2

𝑆𝑥𝑥
 ≤ 𝛽1 ≤ 𝛽1

^ + 𝑡𝛼/2,𝑛−2√
𝜎2

𝑆𝑥𝑥
 

It results in two limits, which are visualized in figure 5.6. The upper- and lower limit have a slope 

coefficient of respectively 0.88 and 2.00. The confidence interval does not include zero, so there is 

strong evidence (𝛼 = 0.05) that the slope is not zero. The confidence interval is large (±0.56) 

because the error variance is large. Based on the confidence interval on the slope, the yield varies 

between 176.01% and 103.50% of the mean. The difference between the variance of this model and 

the variance in the dataset is small. 

 

Figure 5.6 – Confidence interval on the slope 

At last we made a confidence interval on the mean response at a specified value of 𝑥, say 𝑥0. This is a 

confidence interval about 𝐸(𝑌|𝑥0) = 𝜇𝑌|𝑥0
 and is often called a confidence interval about the 

regression line. A 100(1 − 𝛼)% confidence interval about the mean response at the value of 𝑥 = 𝑥0, 

say 𝜇𝑌|𝑥0
 is given by, 

𝜇𝑌|𝑥0

^ − 𝑡𝛼
2

,𝑛−2
√𝜎2 (

1

𝑛
+

(𝑥0 − �̄�)2

𝑆𝑥𝑥
) ≤ 𝜇𝑌|𝑥0

≤ 𝜇𝑌|𝑥0

^ + 𝑡𝛼/2,𝑛−2√𝜎2 (
1

𝑛
+

(𝑥0 − �̄�)2

𝑆𝑥𝑥
) 

Where 𝜇𝑌|𝑥0
= 𝛽0

^ + 𝛽1
^𝑥0 is computed from the model. By repeating these calculations for several 

different values for 𝑥0, we can obtain confidence limits for each responding value of 𝜇𝑌|𝑥0
. Figure 5.7 

displays the scatter diagram with the fitted model and the corresponding 95% confidence plotted as 

∗ 𝑥1 
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the upper and lower lines. The 95% confidence level only applies to the interval obtained at one 

value of 𝑥 and not the entire set of 𝑥-levels. Notice that the width of the confidence interval on 𝜇𝑌|𝑥0
 

increases as |𝑥0 − 𝑥̄| increases. It indicates that the mean of yield at an agitation speed of 3.75𝑥1 

RPM varies between 154.91% and 124.60% of the mean. 

 

Figure 5.7 – Scatter diagram of yield from the experimental design with fitted regression line and 95 

percent confidence limits on 𝜇𝑌|𝑥0
 

 

5.6 Future experiments 

We can conclude that a large improvement (+40%) can be made by implementing new production 

settings, but also that there is not reached an optimum yet. The results of the design of experiment 

do not suggest that an optimum is reached soon. The curvature test results in a nonsignificant p-

value (p=0.574). It indicates weak evidence against a more complicated model. Thereby, it is 

noticeable that the yield performance is very sensitive. For this reason, the new production settings 

for the production of BME2 in bioreactor type C will be implemented, before new experiments are 

started. When multiple batches are produced with these new settings, we can conclude what the 

real improvement in yield is. 

In the design of experiments is concluded that aeration rate does not have a significant impact on the 

yield. Therefore, the future experiments analyse the effect of agitation speed on the yield. In 

addition, it is recommended to include the head pressure in the experimental design. In the study 

performed, this variable is not included because it did not differ per bioreactor. However, it is 

possible that the head pressure is a potential influencer. The head pressure can be increased to 

dissolve more oxygen in the medium, but also the other way around. The experimental design in 

figure 5.8 is recommended. The agitation speed is varied from the minimal to the new settings. It 

would decrease the oxygen transfer rate to a range of 0.03𝑦1 to 0.06𝑦1 ℎ−1, calculated with 

equation (3.10). The effects of head pressure are unknown. Therefore a broad range is chosen (10𝑥3 

to 50𝑥3 mbar). The experiment consists of 12 runs, where the center point is repeated four times. 
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Figure 5.8 – Experimental design (DoE) for the future. 

5.7 Discussion 

Which variables can and do we vary in our optimization model for BME2’s production at bioreactor 

type C? And how can the variables be modeled and optimized? 

Based on the regression study, we showed that the oxygen transfer was limiting the cell growth and 

in the production of BME2. We decreased the 𝑘𝐿𝑎 by introducing the aeration method B for 

bioreactor type C. Here, the experimental design concluded that the aeration rate did not influence 

the yield. Therefore, agitation speed is the only variable influencing the production of BME2 in 

bioreactor type C, provided that the aeration method B is used. The equation below, shows the 

relationship, and is valid between an agitation speed of 3.75𝑥1 and 6.25𝑥1 RPM. 

𝑌 = 270.23 − 1.44𝑥1 

where 𝑥1 stands for agitation speed. Overall we can agree upon the discussion Linden (2002) started. 

Due to the highly complex interactions and relationships of the physical conditions governing the 

fermentation process, we cannot completely predict the output in the production of BME2. In the 

sensitivity analysis we saw that there is still a lot of variability in the model, which makes it difficult to 

predict what will happen when the new production settings are used in real life for a longer period of 

time. We can conclude that the changes in aeration method and agitation speed significantly 

improve the yield performance in the production of BME2. 

We are not able to identify an optimum based on the variable range currently used for in 

experimental design. Thereby, we also do not see a weakening of the linear regression line when the 

model approaches an agitation speed of 3.75𝑥1 RPM. Additional experiments, by decreasing the 

agitation speed, are required to determine an optimum. It could be that the 𝑘𝐿𝑎 is still the limiting 

factor, i.e. the yield of BME2 increases when the 𝑘𝐿𝑎 is below 0.08𝑦1 ℎ−1. It is also possible that the 

agitation speed is the limiting factor, which means that a combination of 𝑘𝐿𝑎 and agitation speed has 

to be found where the yield is optimal for BME2 in bioreactor type C. The potential optimum in yield 

is even higher than the current +40% increase, because agitation speed could still negatively 

influence the system at an agitation speed of 3.75𝑥1 RPM in bioreactor type C.  
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6 Conclusions and Recommendations 

6.1 Conclusion 

This report studies the operating conditions in the bioreactors of MSD Animal Health. In particular, 

the study focusses on the production of BME2. It is expected that a yield improvement is possible, 

because there exists significant batch-to-batch variability in terms of yield. BME2 is produced in 

multiple bioreactors, under varying conditions. The goal is to determine the production settings that 

results in the optimal operating conditions for bioreactor type C. The question researched in this 

report is, 

Which operating parameters have a significant impact on the cell growth of BME2 in the stirred 

tank reactors, and how can the yield be optimized? 

The production settings that are set to the bioreactors are all the variables that have a direct effect 

on the oxygen transfer rate of a system. The oxygen transfer rate is therefore very interesting in 

terms of the bioreactor degrees of freedom. In the industrial-scale reactor comparison study, we 

identified that oxygen transfer rate (𝑘𝐿𝑎) is the limiting factor in the current systems used for the 

production of BME2. It seems that a negative relationship exists between the 𝑘𝐿𝑎 and yield. With the 

current production settings, bioreactor type C achieves a 𝑘𝐿𝑎 value of 0.96𝑦1 ℎ−1. We proposed to 

implement an alternative aeration method (B) instead of the more often used method (A) for the 

bioreactor. It decreased the 𝑘𝐿𝑎 significantly, which had to be compensated with the agitation speed 

and aeration rate. Based on a 22-design of experiment, we investigated the effects of agitation speed 

and aeration rate under decreased 𝑘𝐿𝑎 values with respect to the original production settings. In the 

experimental design the 𝑘𝐿𝑎 value varied from 0.25𝑦1 to 0.08𝑦1 ℎ−1. Firstly, the analysis showed 

that aeration rate does not have a significant effect on the yield of BME2. The agitation speed in the 

experimental design varied from 3.75𝑥1 to 6.25𝑥1 RPM. Within this design, significant lower yields in 

comparison with the original production settings were achieved with an agitation speed of 6.25𝑥1 

RPM (0.25𝑦1 ℎ−1). It therefore seems that, when the limitations in terms of oxygen are mitigated, 

relatively high agitation speed (in this case 6.25𝑥1 RPM) is another factor, negatively influencing the 

production of BME2 in bioreactor type C. Decreasing the agitation speed, from 6.25𝑥1 RPM to 

3.75𝑥1 RPM, has an impact on both 𝑘𝐿𝑎 and yield. However, the decrease in 𝑘𝐿𝑎 is relatively low in 

comparison with the increase in yield. It seems that the agitation speed plays a lower negative role 

with an agitation speed of 3.75𝑥1 RPM (0.08𝑦1 ℎ−1). 

Although it is unknown how the system’s performance reacts when the agitation speed is decreased 

below 3.75𝑥1 RPM and we did not find the optimal conditions yet, the combination of an agitation 

speed of 3.75𝑥1 RPM and the aeration method B in bioreactor type C results in an increased yield of 

approximately 40% in the production of BME2. It is expected that this yield improvement can even 

be increased, when the agitation speed is decreased below 3.75𝑥1 RPM, in the aeration system of 

bioreactor type C. Additional experiments, by decreasing the agitation speed, are required to 

determine an optimum. It could be that the 𝑘𝐿𝑎 is still the limiting factor, i.e. the yield of BME2 

increases when the 𝑘𝐿𝑎 is below 0.08𝑦1 ℎ−1. It is also possible that the agitation speed is the limiting 

factor, which means that a combination of 𝑘𝐿𝑎 and agitation speed has to be found where the yield 

is optimal for BME2 in bioreactor type C. 
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We can conclude that this study is only the beginning of the yield optimization in the production of 

BME2. Many variables in the bioreactor influence the system, which makes it a complicated process. 

At the start of this project, there was no direction of improvement. Step by step, the important 

process parameters were determined. The experimental approach was important in this process, 

because new findings were required for BME2. This is in line with literature. However, we 

incorporated multiple fermentation design approaches to be quicker and cheaper. The operating 

parameters used in the scale-up processes are used to compare bioreactor performances. 

Additionally, we performed experiments based on the design of experiment approach to test the 

effects of aeration method B on the production of BME2. 

6.2 Recommendations 

Recommendation 1: New production settings 

It is concluded that a large improvement (+40%) can be made by implementing new production 

settings. It is also shown that the fermentation system is very sensitive. For this reason, it is 

recommended that the new production settings for the production of BME2 in bioreactor type C are 

implemented, before new experiments are started. When multiple batches are produced with these 

new settings, we can conclude what the real improvement in yield is. Proposed settings in the 

production of BME2 in bioreactor type C: 

- Agitation speed of 3.75𝑥1 RPM, 

- Aeration rate of 1.14𝑥2 L/min, 

- Aeration method B. 

Recommendation 2: Future experiments 

The new production settings will improve the yield in the production of BME2, but it is also 

concluded that there is not reached an optimum yet. Additional experiments are required to 

determine the optimal condition for the production of BME2. In the design of experiments is 

concluded that aeration rate does not have a significant impact on the yield. Therefore, the future 

experiments analyse the effect of agitation speed on the yield. The agitation speed should be varied 

from the minimal to the new settings (𝑥1 to 3𝑥1 RPM). It would decrease the oxygen transfer rate to 

a range of 0.03𝑦1 to 0.06𝑦1 ℎ−1. 

Recommendation 3: Experiments on mixing time and shear (limitation) 

The study is mainly focused on the oxygen transfer rate (𝑘𝐿𝑎), because several researchers suggest 

that it is an important parameter influencing the operating conditions in a bioreactor (Gomez and 

Garcia-Ochoa, 2009). The oxygen transfer rate is thereby very interesting in terms of the bioreactor 

degrees of freedom. During the study, experiments were performed to measure the 𝑘𝐿𝑎  values 

under specific settings. It is the most accurate way to determine the oxygen transfer capabilities of a 

reactor. The other parameters, e.g. mixing time and shear, were predicted with existing equations 

provided in literature. These equations are always less accurate with respect to experimental 

determination of parameter values. Every single detail of a bioreactor has influence on the 

parameters. However in our case, it gave an indication of the operating conditions. In future 

research, for example mixing time can be measured via a tracer (performed by Xing et al., 2009).  
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Recommendation 4: Others 

The oxygen transfer capabilities researched per bioreactor could have an important role in the scale-

up processes of MSD Animal Health. Because the oxygen transfer rate of the industry-scale 

bioreactors are known, connections with lab-scale can be made. 
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Appendix A Normality tests 

Bioreactor type A – BME2 

 

Figure A.1 – Probability plot of yield bioreactor type A, Anderson-Darling test: P-Value = 0.593 

Bioreactor type B – BME2 

 

Figure A.2 – Probability plot of yield bioreactor type B, Anderson-Darling test: P-Value = 0.510 

Bioreactor type C – BME2 

 

Figure A.3 – Probability plot of yield bioreactor type C, Anderson-Darling test: P-Value = 0.120 
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Appendix B Two-sample t-tests and f-tests 

Bioreactor type A vs type B 

 Test statistic P-Value 

Two-sample t-test  0.353 

f-test  0.018 

 

- No significant difference in mean yield 

- Significant difference in variance yield 

Bioreactor type A vs type C 

 Test statistic P-Value 

Two-sample t-test  0.000 

f-test  0.098 

 

- Significant difference in mean yield 

- No significant difference in variance yield 

Bioreactor type B vs type C 

 Test statistic P-Value 

Two-sample t-test  0.059 

f-test  0.001 

 

- Significant difference in both mean and variance yield 
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Appendix C Plots related to the regression analysis 

 

Figure C.1 – Residual plots for the correlation 𝑘𝐿𝑎 and yield 

 

 

Figure C.2 – Probability plot of yield (kg) per bioreactor. Anderson Darling test results are p=0.593, 

p=0.485 and p=0.120 for type A, B and C respectively. 
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Appendix D Plots related to Design of Experiment 

 

Figure D.1 – Pareto chart of the standardized effects for yield BME2 with full model. Response 

variable is yield (alpha = 0.05). Factors A, B and AB respectively stand for agitation speed, aeration 

rate and agitation*aeration. 

 

 

 

Figure D.2 – Four in one residual plots for yield BME2 with full model (terms 𝑥1, 𝑥2 and 𝑥1𝑥2). 
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Figure D.3 – Pareto chart of the standardized effects for yield BME2 with model (B). Response 

variable is yield (alpha = 0.05). Factors A and B respectively stand for agitation speed and aeration 

rate. 

 

 

 

Figure D.4 – Four in one residual plots for yield BME2 with model (B) (terms 𝑥1 and 𝑥2). 
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FigureD.5 – Pareto chart of the standardized effects for yield BME2 with model (C). Response 

variable is yield (alpha = 0.05). Factor A stand for agitation speed. 

 

 

 

Figure D.6 – Four in one residual plots for yield BME2 with model (C) (term 𝑥1). 
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