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Abstract—Biotechnological processes are among the most
complicated control objects that require deep knowledge about
the process. These systems have nonlinear relationships between
process variables and properties that vary over time. Usually
such processes are hard to model and require exceptional
knowledge and experience in this field. In this review article
studies conducted within the last five years in the biotechnology
field, that used various model types (mechanistic models, neural
networks, fuzzy models) to model cultivation processes were
analyzed. Recommendations on what type of models should be
used taking into account available process knowledge and
experimental data were provided. Mechanistic models are best
suited if there is a lack in experience in this field, advanced
models like neural networks, fuzzy logic or hybrid models
should be used if there is enough experimental data and process
knowledge since these models tend to model the process more
precisely and take in to account parameters or phenomena that
cannot be described by mechanistic models.

Keywords—biotechnological processes, neural networks,
fuzzy logic, cell growth modeling.

I. INTRODUCTION

Biotechnological processes are among the most
complicated control objects that are characterized by all the
properties complicating control: nonlinear relationships
between the process variables, dynamic properties of such
processes significantly change with time, the processes lack
in reliable sensors for state monitoring [13]. Therefore,
development of effective control systems is a relevant
bioengineering task. Most of the control systems these days
rely on mathematical models that are well-known but not
always describe the process well or simplify the process. E.
coli is mostly used in biotechnology, since it is well-known
and researched [13]. However, there are no clear
recommendations what kind of models should be used in
different cases. In order to enrich the understanding of
biotechnological modeling and selecting the best suited
model the authors compiled a review on the methods used to
model E. coli cultivation.

The aim of this article is to present various kinetic models
for recombinant cultivation processes and recommendations
on what kind of models to use depending on the process and
gathered data. In Section Il the process how studies were
selected and analyzed is presented. In Section 111, an
explanation how, biotechnological processes are modeled
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and various models that have been used in the selected
researches are  presented. Section IV  provides
recommendations on which models should be used
depending on the process knowledge and availability of
experimental data.

Il. METHODS

This review was conducted using Google Scholar
database. Google Scholar is an open access scholarly search
engine that consists of full-text journal articles, books, and
other scholarly documents. Even though this database has
been criticized by many scholars because of its shortcomings
on bibliometric purposes [15, 16], it is still one of the mainly
used databases because of its broader coverage. Relevant
articles were filtered out and processed according to the
following rules and criteria:

e _Modeling* is mentioned in the topic of the article.

e The article was published after 2014.

e Biotechnological cultivation processes are only
analyzed.

e  E.coli cultivation processes are preferred.

e Atrticle is an open access resource.

e Atrticle is within the first 30 pages of Google Scholar
search.

In Figure 1 the structure of the selection of articles is
described.
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Fig. 1. Flow diagram of literature search



After selection of the relevant papers twelve articles [1-12]
were selected and analyzed to determine what kind of models
are used to model recombinant E.coli cultivation processes
within the last five years.

I1l. BIOTECHNOLOGICAL PROCESS MODELLING

In order to model biotechnological processes, mass and
energy balance equations for the modeled process should be
created [13]. The balance equations are created in accordance
with the mass conservation law. This means that the mass
change in the bioreactor occurs due to:

o chemical reactions that occur in the bioreactor thus
creating new products;

e quantity of material supplied by external material
flows;

e the amount of culture medium containing the
material in question is removed from the bioreactor.

The equation for mass balance of materials is described by:
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where, C; is the concentration of the material in the reactor,
V is the volume of the medium. The amount of material in the
medium will be equal to the product of these two variables.
q: is the specific reaction rate relative to the concentration of
C, material, in other words, this value indicates the amount
of material C, formed per unit of mass C, per one-time unit.
Fin and Fou are the input and output flows. The change in
volume of the medium can only occur due to the flows into
and out of the reactor. It can be described by the following
differential equation:
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After the transformations of the equations (1)-(2) one gets
final differential equation for the mass balance:
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The change in concentration is not directly dependent on the
outflow flow, and after taking a small sample, the
concentration of the substance C; will not change drastically,
However, the outflow determines the volumetric variation of
the medium, while the volume is already included in the
equation.

The specific reaction rates in the previously discussed
mass balance equations can be modeled by different types of
models. The authors will further cover the mechanistic
models of these reaction rates. The main growth indicator for
microorganisms is the growth rate. For example, a new E. coli
cell, using substrate, is generated in about 40 minutes if the
temperature is 37 degrees Celsius, and some other types of
bacteria divide even faster [13]. Naturally, the question is
how to measure the number of cells that are formed. It is
possible to estimate their number, but as the cells grow and
divide, it is decided that the best way to characterize the
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number of cells is to determine their total mass, i.e. to
calculate biomass amount. Growing biomass creates new
cells that utilize nutrients and release vital products.
Therefore, it is common to express these specific rates for
biomass. In the 1930s, Monod described the growth of
biomass at the specific rate of biomass growth, which is
expressed by [13]:
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(4)

where X is the biomass amount, u is defined as the relative
increase in biomass per unit time. This quantity is not
constant during the process and depends on various
parameters:

¢ physiological state of microorganism culture,

e biomass concentration in the medium,

e concentration of substrates,

e pH of medium,

e temperature,

e pressure, etc.

The equation (4) can be used to determine the
experimental biomass measurement data, but the modeling of
the biomass balance equation is usually a function of certain
variables. Below, the most often used kinetic models are
presented.

A. Monod kinetics

Monod kinetics is the most commonly used p relationship
in biotechnological process modelling. The specific reaction
rate depends on the concentration of the main substrate and
is described by the formula:

_ N

n= umaxm (5)
where pis the specific growth rate of the microorganisms,
Umax IS the maximum specific growth rate of the
microorganisms, s is the concentration of
the limiting substrate for growth, Kis the “half-velocity
constant” — the value of s when p/pimax = 0.5 pmax and K are
empirical coefficients to the Monod equation. They will differ
between species and based on the ambient environmental
conditions [1]. This kinetic model is usually used if the
kinetics of the process is not well-known. In a study
conducted by Papic et al. [2] Monod kinetics was used since
the relationship between the produced dsRNA and biomass
are unknown. The results showed a 37% increase in the
process productivity. Similary the Monod kinetics was used
by S. Limoes [3] when modelling recombinant cellulase
cultivation. In [7] several Monod kinetic models were used to
model a multi-substrate environment. In all presented studies
the model was sufficient and fit the experimental data.

B. Moser kinetics

Another well-known Monod kinetic modification is the
model proposed by Hermann Moser [4]. Moser added another
variable n, which integrates the microorganism mutation.
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In the analyzed studies [5, 6] Moser model was used to study
the kinetic behavior of the culture since the microorganism
was not well-known. Results showed, that the Moser model is
inferior compared with other classical kinetic models.

C. Powell kinetics

The original Monod equation was modified by Powell,
introducing the terms of maintenance rate m which takes into
account some of the limitations of Monod model. The Powell
kinetic model is described by the equation:

(10)
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All of the described models are mostly used where no
additional data from the process is gathered and are
considered as “classical” models that should be used if the
processes are not well-known and there is not much
experience gathered.

D. Blackbox and hybrid kinetics

Hybrid modelling techniques have emerged as an
alternative to classical modelling techniques. Recently, these
models are particularly widely used in the field of
biotechnological process optimization [10,14]. Hybrid
models include mechanistic models, artificial neural
networks, fuzzy systems, and expert knowledge-based
models into a single system, based on principled process
management rules and new information. Mechanistic models
are based on the application of fundamental principles and the
use of certain simplistic assumptions to model phenomena in
the process. Using engineering correlations, one can create
different types of empirical models that describe well the
nonlinear process properties. Using artificial neural
networks, it is possible to successfully model functional
relationships when there is a lot of measurement to identify a
data model, and fundamental functional relationships
between individual modelled state variables are not
completely clear. In hybrid models, different parts of
biotechnological processes are modelled in different ways.
The main goal of modelling is to improve both process
management and quality. Therefore, the aim is to model each
process parameter as best as possible. Because process
parameters are described in a variety of relationships, one
way to model nonlinear relationships is to use artificial neural
networks. An artificial neural network can be understood as
a set of certain nonlinear mathematical relationships such as
hyperbolic tangents, logarithmic or sigmoidal functions.

Another method, that is widely used, is the ensemble
method [8]. It consists on building an ensemble of alternative
models that comply with experimental observations. In
particular, models with different complexity are generated
and compared with respect to their ability to reproduce key
features of the data. To overcome data scarcity and
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inaccuracies (noise), sampling-based approaches have
become popular to yield surrogates for missing knowledge in
parameter values [8]. In one of the studies [9] the researchers
used random forest and neural networks for biomass and
recombinant protein modeling in Escherichia coli fed-batch
fermentations. The applicability of two machine learning
methods, random forest and neural networks, for the
prediction of cell dry mass and recombinant protein based on
online available process parameters and two-dimensional
multi-wavelength fluorescence spectroscopy ~ was
investigated. The researched models solely based on
routinely measured process variables gave a satisfying
prediction accuracy of about + 4% for the cell dry mass, while
additional spectroscopic information allows for an estimation
of the protein concentration within £12% [9]. These studies
showed that hybrid models are capable of modeling complex
biotechnological systems. According to [10] hybrid models
have the following advantages over classical models:

e potentially fewer experiments required for process
development and optimization;

e allow to study impact of certain variables without
the execution of experiments, e.g., for the initial
biomass concentration;

e may provide good extra-
properties.

and interpolation

E. Fuzzy logic models

An important feature of fuzzy logic is that it is possible
to divide information into vague areas using non-specific sets
[12]. In contrast to the classical set theory, where, according
to a defined feature, the element is strictly assigned to one of
the sets, the non-expressive set provides an opportunity to
define a gradual transition from one set to another using
membership functions. A model of fuzzy sets usually
associates input and output variables by compiling if-rules
such as:

IF the substrate concentration is low

AND the specific rate of biomass growth is medium
AND the concentration of dissolved oxygen is low
THEN the speed of product production is medium.

These kinds of models can also be used to model the cell
specific growth rate or can be used for model identification.
In a study conducted by llkova [11] fuzzy logics were used to
develop a structural and parametric identification of an E. coli
fed-batch laboratory process. In this study the authors
presented an approach for multicriteria decision-making —
InterCriteria Analysis to mathematical modelling of a
fermentation process. It is based on the apparatus of index
matrices and intuitionistic fuzzy sets. The approach for
multicriteria analysis makes it possible to compare certain
criteria or estimated by them objects. Basic relationships
between different criteria in fed batch fermentation —
biomass, substrate, oxygen and carbon dioxide were
explored. This allowed to create an adequate model that was
able to predict the experimental data.

In a study conducted by Liu [12] fuzzy stochastic Petri
nets for modeling biotechnological systems with uncertain
kinetic parameters were analyzed. In this research the authors



applied fuzzy stochastic Petri nets by combining the strength
of stochastic Petri nets to model stochastic systems with the
strength of fuzzy sets to deal with uncertain information,
taking into account the fact that in biological systems some
kinetic parameters may be uncertain due to incomplete, vague
or missing kinetic data, or naturally vary, e.g., between
different individuals, experimental conditions, etc.. An
application of fuzzy stochastic Petri nets was demonstrated.
In summary, their approach is useful to integrate qualitative
experimental findings into a quantitative model and to
explore the system under study from the quantitative point of
view. Fuzzy stochastic Petri nets provide a good means to
consider parameter uncertainties in a model and to efficiently
analyze how uncertain parameters affect the outputs of a
model.

IV. CONCLUSIONS

After the analysis, the following recommendations can
be taken into account when modeling biotechnological
processes. It can be concluded, that the best suited model
depends on the experience of the researcher and available
measurement data:

1. If there is little experience and lack of knowledge
about the process, then mechanistic models should
be used to model the process and its dynamics.
Monod kinetics are usually used to model
biotechnological process biomass growth.

2. If there is sufficient experimental data, hybrid
models that implement machine learning methods
like neural networks and classical mechanistic
models to model the researched process can be used,
since these models consider processes parameters or
dynamics that are not described or left out in
mechanistic models. This type of models requires
large sets of experimental data.

3. If there are experts, that have very high process
knowledge, fuzzy models can be also used, since
they consider atypical process behavior. By
assessing the verbal knowledge of the experts
complicated systems can be modeled and
researched.

These recommendations can be used while deciding what
kind of methods to use creating a biotechnological process
model.
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