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Figure 4. Time- and depth-dependent confocal laser scanning microscopy (CLSM) measurements in
fluorescence mode (λex = 405 nm) with the fluorescence channel (λem = 406−510 nm) monitoring
thermally triggered self-healing procedure, in particular the virgin damaged cross-linked copolymer
film, after 1, 2, and 8 h of thermal treatment at 60 ◦C: (red) homogeneous area within the scratch,
(yellow) heterogeneous area covering the majority of the analyzed defect, (orange) specific area with
residual removed film material, (blue) intact and undamaged reference area for each measurement, and
(green) photo-bleached marker area. Reprinted with permission from [29]. Copyright 2018 American
Chemical Society.

For instance, the oligo(p-phenylene ethynylene) electrolytes (OPE) were successfully applied
to track amyloid formation [61,73]. Oligomers with ester terminal moieties and positively charged
–(CH2)3N(CH3)3+ pendant groups of different length OPEn (n = 1, 2, and 3) (Table 1, no. 21) and
OPE1 negatively charged with pendant –(CH2)3SO3− groups (Table 1, no. 22) were evaluated as
probes for monitoring of the fibrillation process (Figure 5) [61,73]. The carboxyester terminal groups
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of OPEs cause high fluorescence quenching due to the strong interactions with the solvent, on the
other hand, the oligomers show strong fluorescence emission when in a water-poor environment.
These environment-dependent fluorescence properties were used for the sensor design. It was
demonstrated that positively charged OPEs used in 10:1 (protein:OPE) molar ratio are effective
molecular taggants for selective sensing of the amyloid fibril of the model protein HEWL. Upon fibril
formation, OPEs form clusters with the fibrils, where the carboxyester terminal groups are isolated from
water. In a non-water environment, they form superluminescent chiral J aggregates [94] and significant
fluorescence enhancement is observed (Figure 5). It was found that due to the energy transfer the
excitation at 280 nm characteristic for HEWL results in the emission of OPE only in solutions containing
OPEs and HEWL amyloids that indicate amyloid formation.

Figure 5. Oligo(p-phenylene ethynylene) (OPEs) electrolytes are forming specific chiral constructs
together with amyloid fibrils. The construct exhibits enhanced fluorescence quenching and a unique
CD signal. Circular dichroism spectra of OPE n = 3 (10 μM) in phosphate buffer with hen egg white
lysozyme (HEWL) monomer (black trace) and with HEWL (10 μM) amyloid (red trace). Emission
spectra of OPE n = 3 in phosphate buffer (PB, pH 7.4, 10 mM) alone (black long dashed line) with
HEWL monomers (red short dashed line) and with HEWL amyloids (blue solid line), concentration:
500 nM, protein concentration: 5 μM monomer basis/0.25 mg/mL. Reprinted with permission from [73].
Copyright 2015 American Chemical Society.

p-Phenylene ethynylene oligomers can be also used for monitoring of enzymatic processes.
Complexes of oligomers (Table, no. 24, 25) with enzyme substrates were successfully used to follow
activity and inhibition of two biomarkers, phospholipase indicating heart and circulatory disease,
and acetylcholinesterase for Alzheimer’s diagnosis (Figure 6) [74]. In a buffer solution, oligomers
form complexes with positively charged substrates e.g., 1,2-dilauroyl-sn-glycero-3-phosphoglycerol
(DLPG) and lauroyl choline (LaCh). The DLPG-oligomer (Table, no. 24) complex upon phospholipases
undergoes transformation due to the cleavage of DLPG phosphate bond that resulted in a swift of the
fluorescence quenching. The aggregates of an anionic oligomer (Table, no. 25) with lauroyl choline
were used as a sensor to detect the activity and inhibition of acetylcholinesterase.
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Figure 6. (A) Fluorescence of the oligomer/1,2-dilauroyl-sn-glycero-3-phosphoglycerol (DLPG) (Table 1,
no. 24) aggregates over the course of Phospholipase A1 activity with 1.4 μMOPE and a DLPG
concentration of 7.27 μM, with enzyme added ranging from 0.5 to 5 mU of Phospholipase A1.
(B) A concentration of 1.4 μM of +2C with DLPG at a series of concentrations from 10.6 to 35.6 μM
(7.5−25.4 DLPG:OPE ratio), followed by the addition of 4 mU of Phospholipase A1. (C) Fluorescence of
the oligomer/DLPG aggregates over the course of Phospholipase A2 activity with 1.4 μM oligomer and
a DLPG concentration of 7.27 μM, with enzyme added ranging from 0.5 to 5 mU of Phospholipase A2.
(D) A concentration of 1.4 μM of +2C with DLPG at a series of concentrations from 2.37 to 17.8 μM
(1.7−12.7 DLPG:oligomer ratio), followed by addition of 40 mU of Phospholipase A2. t = −1 s is the
time of enzyme addition. Wavelength of excitation is 375 nm, emission is 440 nm. Reprinted with
permission from [74]. Copyright 2015 American Chemical Society.

OArEs (Table 1, no. 18) can be used to monitor chemical processes, e.g., photolysis [71].
For example, the photo-induced degradation process of oligomer (Table 1, no. 18) occurred by three
main routes: the photoprotonation of the triple bond followed by the addition of water, the addition
of singlet oxygen across the triple-bond, and the cleavage of the quaternary ammonium side-chains.
The degradation led to the formation of different products depending on the reaction atmosphere
(argon or oxygen). All those structural changes reflected in fluorescence properties indicating the rate
and mechanism of the degradation. Whenever the process was performed in the presence or absence
of oxygen, different products of different fluorescence properties were formed. The dependence of
fluorescence properties on the reaction atmosphere led to developing an oxygen-sensing methodology
based on fluorescence read-out of OArE photo-degradation.

Constructs of oligo(phenylene ethynylene)s electrolyte and gold nanoparticles can be used for
selective bacteria identification using the “chemical nose” sensing concept (Table 1, no. 14) [69].
In a solution, positively charged gold nanoparticles form complexes with negatively charged
oligo(phenylene ethynylene)s, and oligomer fluorescence is quenched. In the presence of bacteria,
some OPEs are released to the solution and fluorescence is restored as a consequence of the presence
of free oligomers (Figure 7). The applied oligomer with branched oligo(ethylene glycol) side chain
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reduces the non-specific interaction of oligomer and bacteria. Depending on bacteria the oligomer
replacement is different which results in selective fluorescence response.

 

Figure 7. (a) Fluorescence intensity patterns of nanoparticle–oligomer (Table 1, no. 14) constructs in the
presence of various bacteria strains. (b) The schematic presentation of sensor design. Bacteria interact
with gold nanoparticle-oligomer construct and as oligomers macromolecules are released to the solution,
fluorescence enhancement is observed. For each bacteria, interactions with nanoparticles are unique. In
the figure, columns represent bacteria of different types, and rows represent the oligomer–nanoparticle
constructs. Reprinted with permission from [69]. Copyright 2008 John Wiley and Sons.

The π-conjugated oligo(phenylene ethynylene) backbones with two negatively charged
−CH2COO– groups on each repeating unit and lengths of n = 5, 7, and 9 (Table 1, no. 13) were
used to detect Ca2+ ions and quenching ionic agents [68]. In the presence of bivalent calcium
ions, the oligomers aggregated causing fluorescence shift. The shift depended on oligomer length
and for the shorter oligomers (n = 5, 7), the effects are less pronounced than for longer ones
n = 9. This shift can be explained by the planarization of the phenylene ethynylene backbone
and formation of “excimer-like” excited states, that are not observed in the absence of Cu2+ ions.
The ligomers were also evaluated for fluorescence quenching in the presence of methyl viologen
and 3,3′-diethyloxacarbocyanine–well-known fluorescence quenching agents. It was found that the
quenching efficiency depends on oligomer length. Taken together, the elongation of oligomer increased
the ionic charge of macromolecules that in presence of counter ions favor the formation of ordered and
backbone-overlapped aggregates.

For example, while the fluorescence of cationic OPEs with amine end groups is quenched in
water, the addition of a small amount of oppositely charged detergent, sodium dodecyl sulfate (SDS),
causes a significant increase in the OPE fluorescence due to the formation of a complex (Table 1,
no. 16, 17) [35]. These OPE-detergent complexes exhibited antimicrobial properties [95], which, in
addition to the fluorescence emission during their formation, can be utilized for the development of
multifunctional biosensors.

3.2. Oligo(Arylene Ethynylene) Sensor Films

Oligo(arylene ethynylene) films consist of packed macromolecules with π-conjugated backbone
thus exhibit high fluorescence emission which can be altered upon binding of an analyte
molecule. OArEs films are an excellent materials for detection of amino acids [63], bacteria [81,82],
explosives [35,83,84,87], pH [86], inorganic acids [85], gas [88], digital information [89], or
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chemicals [90,91]. Usually, the detection of an analyte is based on fluorescence changes, its
enhancement or quenching upon binding of the sensed molecule. The OArEs films can be obtained by
covalent immobilization e.g., reaction between an aldehyde and amine-functionalized surface [85,87],
triethoxysilane group and glass [86], electrostatic binding [96], or drop-casting [90].

For instance, oligo(phenylene ethynylene)s bearing 4-aminophenyl-D-mannopyranoside groups
(Table 1, no. 36, 37) in combination with laser scanning confocal microscopy have been used for the
detection of E. coli bacteria [81]. Oligomer probes with two mannose groups enable discrimination
between uropathogenic and the non-uropathogenic E. coli mutant. Moreover, the films of oligomer
on aluminum support together with SPR allowed for quantitative biosensing of uropathogenic E. coli
achieving a LOD of 104 CFU/mL. Those findings showed the direction towards robust biochips to
detect bacteria.

For example, oligo(p-phenylene ethynylene) (Table 1, no. 44, 45) films have been examined in
sensing of common explosive nitroaromatic compounds (NACs) i.e., 2,4,6-trinitrophenol (picric acid,
PA), 2,4,6-trinitrotoluene (TNT), 2,4-dinitrotoluene (DNT), and nitrobenzene (NB) [87]. Interestingly,
the film with cholesterol side groups (Table 1, no. 45) exhibited sensitivity to changes of water/THF
solvents ratio (Figure 8a). In water, the film adapted a compacted structure causing a decrease in
fluorescence intensity whereas in THF the chains attained extended conformation. In the presence
of NACs molecules, complete fluorescence quenching was observed as the effect of the formation
of nonfluorescent OPE-NACs complexes. This effect was not interfered by the presence of other
compounds, including methanol, THF, toluene, dichloromethane, ammonia, HCl, NaOH, NaCl, copper
salts, or seawater (Figure 8b). The experiments revealed that the cholesterol chains incorporated in the
oligomer structure induced the sensitivity of the films towards the detected molecules by at least one
order of magnitude. Thus, the films of oligo(p-phenylene ethynylene) with cholesterol groups can be
used as an effective sensor for explosives.

Surface-immobilized monolayers of defined in length, short oligo(p-phenylene ethynylene)
oligomers end-capped by fluorescein (Table 1, no. 43) have been used as narrow-range threshold
fluorescent pH indicators (Figure 9a) [86]. At low pH, fluorescein was in its lactone form and the
observed emission mostly originated from the oligomer. Upon pH increase fluorescein form change to
anionic that favors electron delocalization with a respective decrease in HOMO-LUMO gap. A smaller
energy gap facilitates the exciton migration that results in fluorescence enhancement. Moreover, an
increase of pH causes a bathochromic shift of oligomer emission due to energy transfer from the
oligomer backbone to fluorescein (Figure 9b). This unique pH-dependent response was observed
only for oligomer-fluorescein dyad structures immobilized on the surface. The dyad structure was
crucial for sensor selectivity. Experiments performed for immobilized fluorescein did not reveal such a
selective sensor response. For comparison the same experiment was performed for dyad oligomers in
solution, however, the fluorescence signal was much weaker in intensity and the pH validation range
was significantly narrowed (pH 8 to 10).
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Figure 8. (a) The two states adopted by the oligomers containing cholesterol side chains (Table 1,
no. 45) in water and tetrahydrofuran (THF), respectively. THF is a good solvent for oligomer and
its cholesterol side chains and macromolecules in the film attain extended conformation. In contrast,
water is a poor solvent for both the oligomer backbone and the side chains, thus the oligomer film is
collapsed. Plots of the ratios of Ix/Iy of a given fluorescent film (Film 1-oligo(p-phenyleneethynylene)
with cholesterol moieties and Film 2-pristin oligo(p-phenyleneethynylene)) against the compositions of
the mixture solvents in which the fluorescence measurements were conducted (for Film 1 (Table 1, no.
45), ʎ em = 445 nm, y ʎ ex 500 nm; for Film 2 (Table 1, no. 44), ʎ em 374 nm, ʎ ex 420 nm). (b) Quenching
efficiencies of various common explosive nitroaromatic compounds (NACs) on the fluorescence
emission of Film 1 and Film 2 in water and THF, respectively, and the interferences of commonly found
interferents in the sensing of Film 1 (concentration of NACs and interferents are 50 mM). Adapted
from [87] with permission from The Royal Society of Chemistry.
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Figure 9. (a) Structure of the sensor and its assembly into a surface-immobilized monolayer. (b) The
general principle of generating pH-dependent fluorescent response. (c) pH-dependent absorption (left)
and fluorescence (right) spectra of monolayer fluorescein-oligomer film. Reprinted with permission
from [86]. Copyright 2013 John Wiley and Sons.

Additionally, immobilized oligo(p-phenylene ethynylene) can act as chemosensors for the detection
of polar species in an aprotic solvent. For example, a self-assembled monolayer of oligo(p-phenylene
ethynylene) with cholic acid moieties (Table 1, no. 42) immobilized onto a glass slide, has been used
as a sensor for trace amounts of inorganic acids, such as HCl, H2SO4, HNO3, and H3PO4, in acetone
medium [85]. The presence of a cholic acid unit induced the formation of hydrophobic pockets in
the upper part of the layer (Figure 10a). This pocket containing imino group was able to trap ions
that interacted with the imino groups. Basing on the comparative studies performed for different
acids, it was revealed that for the anaerobic acids, the quenching efficiency depended on the size of the
molecule and hydrogen bonds between the anions (Figure 10b). In other words, to observe efficient
quenching the acid ions had to fit the cavity of the hydrophilic pocket. When chloride anion was
trapped in the pocket the fluorescence quenching originated from the protonation of the imino group
next to the phenylene ethynylene segment was observed.
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Figure 10. (a) Illustration of immobilized oligomer (Table 1, no. 42) conformations in different medium
representing good (acetone as an example) or poor solvent (water, for example). In a good solvent,
the hydrophilic pocket is formed as an upper layer of the film. (b) Quenching efficiencies of various
acids to the fluorescence emission of Film 1-oligo(p-phenylene ethynylene) with cholic acid side chains
(Table 1, no. 42) and Film 2-oligo(p-phenylene ethynylene) (Table 1, no. 41) in water and acetone,
respectively (concentration of acids are 20 μM). Reprinted with permission from [85]. Copyright 2012
American Chemical Society.

Very sensitive sensor response can be achieved using electrochemical sensing methods.
An electrochemical sensor based on an oligo(phenylene ethynylene) (Table 1, no. 49) and chemically
reduced graphene oxide (rGO) nanocomposite was used for the quantification of dopamine (DA) [90].
This nanocomposite was synthesized by a simple ultrasonication method and then drop-casted onto
a polished glassy carbon electrode and followed by casting of a Nafion ethanol solution (0.25 wt%).
The formation of the oligomer nanocomposite was attributed to the π–π stacking interaction between
the conjugated structure of oligo(phenylene ethynylene) and rGO as well as the electrostatic force
between the amino group of oligomer and the carboxyl group on rGO. Anchoring of the oligomer
changed the configuration of the multiple bonds so that a conjugated system represented a characteristic
feature of conducting polymers. The developed sensor exhibited significantly enhanced electrocatalytic
activity toward the oxidation of DA in a human serum PBS solution in the concentration range of
0.01–60 μM with LOD of 5 nM, a significantly lower value than those reported for the other DA
sensors [97].
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A chemical sensor based on GO-oligo(phenylene ethynylene) (Table 1, no. 48) nanocomposites
was developed for amino acid detection [63]. The oligo(phenylene ethynylene) with cyanoacrylate
groups in presence of cysteine residue change fluorescence properties. As a result of the interaction
between oligomer and cysteine blue-shifted and decreased fluorescence emission was observed.
For oligomer-GO nanocomposite the behavior was opposite and fluorescence enhancement occurred.
The strong response of oligomer to cysteine can be used as a highly sensitive sensor.

Oligo(phenylene ethynylene)-based temperature sensors have been used to encode digital
information [89]. The oligomers (Table 1, no. 47) were used as junctions between two Au electrodes
(Figure 11a). Interestingly, during local temperature changes, the oligomers were able to change their
structure between norbornadiene (NB)-state and quadricyclane (QC)-state (Figure 11d). The molecule
states exhibited different conductance values that can be assigned to “1” and “0” digital symbols.
The temperature-dependent conducting properties of oligomers could be used for local temperature
monitoring. This system due to the clear response, translated into two states can be further exploited
as a new approach for encoding digital information.

Figure 11. (a) Schematic of the molecular device with a modulating bias. (b) Reversible switching
behavior of single-molecule devices and the applied waveform. (c) Energy landscape of isomerization
processes. Blue and orange arrows indicate the electrically controlled forward and reverse switching
processes, respectively. (d) Schematic describing the processes for controlling the norbornadiene
(NB)-quadricyclane (QC) switching within a molecular junction (blue and orange arrows). The switching
processes within a molecular junction are controlled in the forward direction (NB to QC) by electrically
controlling the local temperature and in the reverse process (QC to NB) by catalyzing the reaction
through a single electron transfer (SET) process. These two states possess different conductance values
and can be used to encode digital information. Reprinted with permission from [89]. Copyright 2020
John Wiley and Sons.
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4. Conclusions

Uniform, π-conjugated oligomers based on an arylene ethynylene core are attractive sensory
materials. They can respond to the environment changes (polarity, temperature), presence of chemicals
(amino acids, saccharides, ions), macromolecules (proteins, polymers), bacteria, and process monitoring.
The successfully designed oligo(arylene ethynylene)-based sensors can be used as selective probes
to detect particular analytes in the mixture and they can be used for selective process monitoring.
However, their huge potential has not been explored, yet.

Well-defined conjugated arylene ethynylene can be accessed by iterative chemistry protocols
that permit for full structure precision and sequence definition. The solubility issues occurring for
oligo(arylene ethynylene)s can be overcome by the synthesis approach that uses soluble support.
Nevertheless, the high synthesis scale and yields remain a challenge.

The sensing parameters (sensitivity, selectivity, specificity) are strongly connected with the
oligomer structure. Even a small difference in structure, e.g., one unit length difference may result in
loss of sensor selectivity and sensitivity. Although a variety of examples were described, it has been
still difficult to rationally design the arylene ethynylene oligomers with high selectivity and affinity,
though more systematic studies in the field are needed.

In the near future sensing and process monitoring can become an interesting and emerging
application for sequence-defined polymers built from π-conjugated segments. As it was shown by
many examples in this review sensing is one of the applications where monomer sequence, composition,
and length matter. Systematic studies on the sequence–property relationship can open an avenue for
more specific and selective sensors relevant to biological samples.
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Abstract: Temperature is an important parameter in bioprocesses, influencing the structure and
functionality of almost every biomolecule, as well as affecting metabolic reaction rates. In industrial
biotechnology, the temperature is usually tightly controlled at an optimum value. Smart variation
of the temperature to optimize the performance of a bioprocess brings about multiple complex and
interconnected metabolic changes and is so far only rarely applied. Mathematical descriptions and
models facilitate a reduction in complexity, as well as an understanding, of these interconnections.
Starting in the 19th century with the “primal” temperature model of Svante Arrhenius, a variety
of models have evolved over time to describe growth and enzymatic reaction rates as functions of
temperature. Data-driven empirical approaches, as well as complex mechanistic models based on
thermodynamic knowledge of biomolecular behavior at different temperatures, have been developed.
Even though underlying biological mechanisms and mathematical models have been well-described,
temperature as a control variable is only scarcely applied in bioprocess engineering, and as a
conclusion, an exploitation strategy merging both in context has not yet been established. In this
review, the most important models for physiological, biochemical, and physical properties governed
by temperature are presented and discussed, along with application perspectives. As such, this review
provides a toolset for future exploitation perspectives of temperature in bioprocess engineering.

Keywords: thermal growth curve; temperature modeling; thermoregulation; monitoring and control;
bioprocess engineering; calorimetry

1. Introduction

Predetermined by the applied system, bioprocesses are generally very sensitive to most changes
in environmental conditions. It is for this reason that conditions such as temperature, pO2, or pH are
generally tightly controlled. In most cases, even small deviations from optimum values may lead to a
significant reduction in the overall productivity and reproducibility of the process. Therefore, special
consideration must be given to control tasks, which are typically defined by maintaining process
variables within a narrow optimum [1]. In contrast to artificial laboratory conditions, microorganisms
are usually exposed to a changing environment, with changes in pH, nutrient availability, competitors,
and elevated or decreased temperature, etc. A crucial environmental factor for microorganisms is
temperature. It affects the folding, structure, and stability of almost every biomolecule, as well as
the metabolic reaction rate. Detection of temperature changes and subsequent adaptation of the
metabolism are essential for microbial survival, such as by pathogens sensing intrusion into a host.
Organisms can sense temperature shifts indirectly or by specialized sensing systems that evolved to
detect changes in temperature in order to respond with adapted gene expression. This was extensively
reviewed by Klinkert and Narberhaus [2]. Indirect temperature sensing is possible via the accumulation
of aggregated proteins after a heat shock and via stalled ribosomes after a cold shock. Molecular
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thermosensors may consist of DNA, RNA, proteins, or lipids. DNA topology changes, e.g., supercoiling
caused by heat stress, stable RNA structures preventing translation at sub-optimal temperatures,
temperature-responsive regulatory proteins, and alterations in lipid membrane stability with respective
to fluidity are just a few examples for direct temperature sensing. Temperature plays an essential role
and has a crucial effect on biological processes. Targeted temperature adjustments for triggering a
desired response may also be exploited for biotechnological applications. Noll et al. published an
example for a thermosensitive structure to direct the carbon flow of a substrate into a product rather
than into biomass, by exploiting an RNA thermometer to optimize the heterologous production of
rhamnolipid biosurfactants [3].

Alterations in temperature lead to multiple, often complex, interconnected metabolic changes.
Models describing a biological process as a function of temperature are therefore indispensable
to reducing complexity and facilitating understanding of those interconnections. Mathematical
descriptions of how (bio-)chemical reactions respond to high or low temperatures emerged as early
as in the 1900s with the “primal” temperature model of Arrhenius [4]. He investigated the reaction
kinetics for sugar cane inversion by acids, depending on temperature. Popularized by Arrhenius, a
variety of temperature models evolved over time, as shown in Figure 1. These models range from
data-driven empirical approaches to complex mechanistic models that are based on thermodynamic
knowledge of biomolecular behavior at different temperatures. Models are readily available to be used
as a tool for process control and design. An overview of the current state of thermo-modeling is crucial
to reasonably selecting a suitable model for the bioprocess to be monitored or optimized. The aim of this
review is to provide an overview of available temperature models to facilitate understanding of model
intention and reasonable selection for application. So far, only a few applications for temperature in
(industrial) process design, monitoring, and control have been described. Applied model approaches
are usually based on fuzzy logic or artificial neural networks and do not harvest the full potential of
deterministic approaches. There are a few examples for applied model-assisted temperature control
strategies in industrial biotechnology. These include heat balancing for an estimation of metabolic
activity to improve batch-to-batch reproducibility by applying a process control module which uses
the difference between the culture temperature and temperature of a coolant to predict oxygen mass
transfer rates and kLa values [5–7]. Furthermore, deterministic process models can be used to describe
a biological process as a function of a physical condition, like the temperature. They may be used in
the food sector to estimate product shelf life, determining critical control points of a process, or to
maximize productivities and ensure safe distribution chains [8]. These examples highlight a potential
for temperature and deterministic models in process design. An approach for experimental design
to optimize processes depending on multiple parameters is the Response Surface Method (RSM):
“RSM is a collection of statistical techniques used for studying the relationships between measured
responses and independent input variables” [9]. This method may be used for optimization purposes
in experimental design in the shape of a metamodel. It connects the response of an objective function
to input variables and determines its relations, for example, by the means of first- or second-order
polynomial equations. The Matlab software package from The Mathworks, Inc. (Natick, MA, USA) [10]
or the Minitab statistic software (GMSL s.r.l., UK) [11] may be used to conduct an RSM analysis.
In bioprocesses, usually very few process variables are available online that continuously display a
process course. Furthermore, arguably the only control variable to direct a bioprocess towards a desired
outcome is, in most cases, the addition of fresh media. Other variables like pH, temperature, or pO2

are typically controlled at a constant value. Therefore, investigating and exploiting novel potentially
available monitoring and control variables like temperature is a reasonable strategy to extend existing
toolsets of bioprocess monitoring and control. Even though several systems inducible by temperature
have been discovered and made available to biotechnologists in the last decades, only a few have
been exploited for practical purposes, such as for process design or optimization [12]. For monitoring
and control purposes, calorimetric approaches have been presented [5,6,13,14]. For control purposes,
temperature may be used to directly address biological traits like RNA-thermometers to provoke a
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desired response, as previously evaluated [3]. Furthermore, indirect metabolic effects may be exploited,
like elevated metabolic rates at high temperatures or the correct folding of proteins at low temperatures.
Even though knowledge on microbial temperature responses and adaptation, along with descriptions
developed by mathematical means, is available, its potential for applied industrial bioprocesses has
not been sufficiently exploited. This review provides an overview on available thermo-models with
the potential to develop model-assisted or model-derived process control strategies using temperature
as a crucial parameter.
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2. History of Temperature Modeling—17th–20th Century

As early as the 17th century, there were theories on temperature being a form of particle movement.
The kinetic theory of gases, with its origins in the 18th century, first specifically associated translational
motions of molecules with heat and not with their vibrational or rotational motions [15]. Daniel
Bernoulli was the pioneer of the kinetic theory of gases. He hypothesized that gases consist of a
finite number of small spherical particles, which move through space along a straight line with high
velocities. He assumed that heat increases the particle speed (v) and demonstrated that air pressure
correlates with v2. Air temperature can therefore be measured by this pressure at a constant density,
making temperature proportional to v2 [16,17]. The kinetic energies of the molecules are correlated
with the ideal gas law of Equation (1), whose history began with the French engineer Émile Clapeyron
in 1834 [18,19]. In the following, only SI units are used. Parameters with non-SI units, used by cited
authors, were converted into SI units.

p · V = n · R · T (1)

where p is the pressure, Pa; V is the volume, m3; n is the amount of substance, mol; R is the universal
gas constant ~8.314, J mol−1 K−1; and T is the absolute temperature, K. The Dutch chemist and first
Nobel Prize laureate J. H. Van’t Hoff observed that the chemical reaction rate doubles or triples when
the temperature is increased by 10 K, which he expressed with the following equation:

Q10=

(
k2

k1

) 10
T2−T1

(2)

This “rule of thumb” for chemical kinetics allows estimations for various phenomena in chemistry,
biochemistry, and ecology. He furthermore described the change in the equilibrium constant K of a
chemical reaction with respect to the change in temperature at constant pressure with the Van’t Hoff
Equation (3):

d
dT

ln Keq=
ΔH

R ·T2 (3)

where K is the dimensionless equilibrium constant; ΔH is the standard enthalpy change, J mol−1; R
is the universal gas constant ~8.314, J mol−1 K−1; and T is the absolute temperature, K. Van’t Hoff’s
student and the father of temperature models Svante Arrhenius continued the work of his teacher on
the description of temperature-dependent specific reaction rate constants in chemical reactions with
his essay “On the Reaction Velocity of the Inversion of Cane Sugars by Acids” [4]. Arrhenius observed
that the reaction velocity of chemical reactions increased between 10% and 15% for each degree of
rising temperature and postulated a semi-empirical model based on the Van’t Hoff equation, which is
shown in its integrated form in Equation (4).

k = A·e−Ea
R·T (4)

where k is the rate constant, s−1, for a first-order rate constant; A is called a pre-exponential frequency
or collision factor, s−1, for a first-order rate constant; Ea is an empirical parameter, the (Arrhenius)
activation energy, J mol−1, characterizing the exponential temperature dependence of k; R is the
universal gas constant ~8.314, J mol−1 K−1; and T is the absolute temperature, K. In 1935, Henry
Eyring formulated a statistical mechanistic equation following the transition state theory (former
activated-complex theory) that assumed a transition state complex (‡TC) and a quasi-type equilibrium
between educts (e1; e2), the transition state, and the product (P) [20,21]. The model has a similar
way of describing the variance of the rate of a chemical reaction with temperature as the equation
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of Arrhenius. Therefore, it underlined Arrhenius’ previous observations and assumptions with a
mechanistic approach.

e1+e2

k1

�
k2

‡TC
k3→ P (5)

According to the transition state theory, the rate constant can be described as follows:

k(T)=
kB·T

h
·K‡ (6)

where kB is the Boltzmann constant ~1.381 ·10−23, J K−1; T is the absolute temperature, K; h is the
Planck’s constant ~6.626·10−34, J s−1; and K‡ is the dimensionless equilibrium constant. A different
way to express the rate constant is by replacing the equilibrium constant with a term containing the
standard molar changes of entropy and enthalpy:

k(T)=
kB·T

h
·eΔ‡S◦/R·e−Δ‡H◦/(R·T) (7)

where the entropy and enthalpy of activation are the standard molar change of entropy Δ‡S◦ , J K−1

mol−1, when reactants form the transition state (activated) complex and standard molar change of
enthalpy Δ‡H◦

, respectively, J mol−1. R is the universal gas constant ~8.314, J mol−1 K−1. The (Arrhenius)
activation energy (Ea) and enthalpy of activation are not the same, but approximately equal, as they
are convertible, depending on the molecularity [22].

2.1. Temperature in Biological Systems—The History Began with Arrhenius

Microbiologists have noticed a major effect of temperature on the growth rate of microbial
populations and described this effect with the Arrhenius equation by simply replacing the rate constant
k in Equation (4) with the growth rate (μ), meaning the reciprocal of the generation time. The so-called
Arrhenius plot, where ln(μ) is plotted against the reciprocal temperature, was used in the past and
is still applied today to describe a relation between the temperature and growth of different bacteria
and molds [23–26]. From this plot, Arrhenius parameters can easily be derived. Their plots show a
good fit for lower temperatures. The Arrhenius model does not represent cell death, so a decrease
of the growth curve at non-physiological temperatures. The lack of fit of the Arrhenius model for
some temperature-dependent biological processes gave rise to the development of improved models
describing growth as a function of temperature. Most of these models are based on Arrhenius’ parental
model and evolved over time.

2.2. Biological Mechanisms Involved in Temperature Responses

Microorganisms have developed molecular traits to respond to changing environmental
temperatures. These traits have been extensively reviewed [2,27,28]. The principles of microbial
thermo responses range from changing DNA topology, e.g., supercoiling caused by heat stress,
stalled ribosomes, or stable RNA preventing translation during cold stress to proper folding of
proteins, working optima of enzymes, or lipid membrane stability and fluidity. Biomolecules are
generally thermos-sensitive. Therefore, various options for direct molecular thermosensing are
possible. Molecular thermosensors may consist of DNA, RNA, proteins, or lipids [2]. The accessibility
of DNA for the transcriptional machinery is crucial for transferring genetic information via RNA
into a protein and is influenced by DNA topology [29]. DNA supercoiling, and thus accessibility,
is altered in response to a shifting temperature, as has been reported for the plasmic DNA of meso-
and thermophiles [30]. Mesophiles have negatively supercoiled plasmic DNA and hyperthermophilic
archaea with a growth optimum ≥80 ◦C have relaxed or positively supercoiled plasmic DNA [30–32].
Proteins such as the histone-like structuring proteins (H-NS) work as temperature-dependent regulators,
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governing >200 temperature-regulated genes in Salmonella sp. and more than two third of E. coli K-12
temperature-regulated genes, respectively [33,34]. The inhibition of gene expression by H-NS is caused
by trapping RNA polymerase and mediating DNA looping, thereby disturbing the progression of RNA
polymerase [35–38]. Temperature-dependent gene expression is also influenced on the RNA level,
where RNA can form inhibitory loop structures called RNA-thermometers (RNAT). Here, base pairing
blocks the Shine-Dalgarno-sequence (SD) and AUG start codons, inhibiting ribosomal binding and
translation initiation. By raising the temperature to a threshold (melting temperature), the hairpin
structure opens and permits the access of ribosomes to the translation initiation site [2,39]. The secondary
structure and thereby functionality of RNAT is characterized by canonical or non-canonical base paring,
internal loops or mismatches, and the total number of loop structures. Based on these characteristics,
RNA thermometers may be subdivided into three categories: (i) ROSE-like RNATs (repression of heat
shock gene expression), (ii) FourU RNATs, and (iii) additional types of RNATs [40]. Most RNATs
have been identified in the 5′-UTR of mRNA. The ROSE-like RNAT family is probably the most
abundant temperature-sensing mRNA structure. ROSE-like RNATs usually control the repression
of heat shock gene expression, but have also been reported to control expression of the rhamnosyl
transferase, which is associated with Pseudomonas aeruginosa virulence [41]. ROSE-RNATs are located in
the 5′UTR, are between 60 and 100 nt in length, and consist of 2–4 loop structures [41–43]. The majority
of described RNATs of the second family, the FourU RNATs, govern the gene expression of virulence
genes, and only two FourU RNAT’s are known to control heat shock protein formation. FourU
RNATs contain a sequence of four Uridines that occlude the SD sequence by canonical A-U and/or
non-canonical G-U base pairing [40]. The virulence gene lcrF (virF) of Yersina pestis and the agsA
small heat shock gene of Salmonella enterica were among the first genes described to be governed
by a FourU RNAT [44]. Furthermore, attempts have been made to design synthetic RNATs with
tailor-made characteristics to differ in up to 10-fold sensitivity- and around 3-fold threshold changes
compared to a starting thermometer sequence [45]. On the protein level, global repressors, sensor
kinases, methyl-accepting chemotaxis proteins (MCPs), M-like proteins, chaperones, and proteases
are involved in microbial temperature responses [2]. The global transcriptional repressor CtsR
has been termed a “protein thermosensor”, and liberates DNA upon an up-shift in temperature
connected to the expression of heat shock proteins. Due to a glycine-rich loop structure, CtsR exhibits
intrinsic heat-sensing characteristics [46]. MCPs function as transmembrane receptors and consist of
a periplasmic ligand-binding domain and a signaling domain in the cytosol that can interact with
cytosolic sensor kinases [47]. The Tar MCP, for example, is convertible from a heat to a cold sensor
in the presence of aspartate and consequent methylation at up to four sites [48]. The surface M and
M-like proteins of the human pathogens group A streptococci bind to a variety of human plasma
proteins in a temperature-dependent manner. The affinity of the M-like coild-coil protein Arp4 to IgA,
is high at 10 and 20 ◦C, but low at 37 ◦C, due to a conformational change of Arp4 and consequent
loss of the coild-coil conformation and binding activity [49]. The diverse class of small heat shock
proteins (sHsp) can act as molecular chaperones upon heat shock. They are temperature sensors with
different molecular mechanisms. For example, the sHsp Hsp26 of Saccharomyces cerevisiae consists of 24
subunits and changes its affinity state towards unfolded proteins at high temperatures by undergoing
a conformational change [50,51].

2.3. Characteristic Graph for Growth as a Function of Temperature

Representative curvature of a model depicting the specific growth rate as a function of temperature,
called the thermal growth curve, is shown in Figure 2. The simulated optimal specific growth rate
(μopt) with the maximum turning point at the temperature optimum (Topt) and growth rate at half of
μopt (μ50%opt) are marked in the model of a thermal growth curve. It has been pointed out that the term
“optimal temperature” may need further specification to distinguish between the temperature for the
optimal growth rate and the optimal temperature of the maximum biomass yield [52]. The minimum
and maximum temperatures (Tmin and Tmax, respectively) for growth flank the asymmetric function
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and mark the thermal tolerance or thermal niche of an organism [53,54]. These three temperatures
(Tmin, Topt, and Tmax) are commonly referred to as cardinal temperatures. Bacteria can adapt to
changing temperatures in the short run by producing cold- or heat-shock proteins. Furthermore, it
was reported that the performance optimum of E. coli can be shifted when exposed to suboptimal
temperatures for ~2000 generations. Conversely, the thermal niche breadth remained constant in
that case [54]. The result is a reshaped thermal growth curve with the same upper and lower limits.
The asymmetry of the thermal growth curve indicates that bacteria, which may be adapted to high
temperatures, can survive in lower temperatures quite well. In contrary, fitness decreases sharply
when temperatures exceed the optimum, resulting in thermal shock [55,56]. In one of the most recent
approaches, the growth of psychrophiles, mesophiles, thermophiles, and hyperthermophiles was
modeled, covering a temperature range of 124 ◦C, from −2 to +122 ◦C. The model was applied to 230
different strains of uni- and multicellular organisms with growth temperatures below freezing and the
highest known temperature for biological growth so far [57,58].

 
Figure 2. Scheme of the thermal growth curve where the temperature (K) is plotted against the growth
rate (s−1). Cardinal temperatures (Tmin, Topt, and Tmax) with their corresponding growth rates (μopt and
μ50%opt) are indicated.

2.4. Mechanistic Versus Empirical Models

An often cited empirical approach for modeling the thermal growth curve of microorganisms is
the approach of Ratkowsky et al. [59] (Scopus: cited by 615, 6 November 2019) and the semi-empirical
model of Arrhenius. The development of mechanistic approaches for modeling the thermal growth
curve of microorganisms started with the master reaction model of Johnson et al. in 1946 [60] (Scopus:
cited by 80, 6 November 2019). The mechanistic models consider the description of single essential
protein thermal stability (master reaction model) or the thermal stability of the whole proteome (the
proteome model) as key for modeling the thermal growth curve. The transition of the native to an
active and/or inactive state of the protein is considered. Grimaud et al. have extensively reviewed
temperature growth models and concluded that empirical models display a better fit for balanced
growth in non-limiting conditions than mechanistic models. Conversely, mechanistic models offer a
complementary point of view for modeling thermal growth and can accurately represent temperature
responses for growth under non-balanced conditions [61].
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3. Temperature Modeling—From the 20th Century until Today

3.1. The Model of Hinshelwood (1946)

Hinshelwood expanded Arrhenius’ model by adding a temperature-dependent term describing a
“rate of degeneration” that becomes relevant at temperatures above Topt [62]. Hinshelwood assumes
a balanced growth for his model, saying that the total amount of compounds in a cell is constant.
The model is based on the assumptions that just one enzymatic reaction is rate-controlling and the
product of this reaction is a thermosensitive essential biomolecule which denatures irreversibly when
temperatures are raised beyond the optimum. Temperature dependency and denaturation at high
temperatures are of zero order and exhibit a temperature dependency similar to the Arrhenius model.
The model represents the rate of synthesis in the minuend and degeneration in the subtrahend. At low
temperatures, the subtrahend term is insignificantly small; in a small temperature region, both terms
are almost equal, canceling each other out; and at high temperatures, the subtrahend term mostly
accounts for the rapid decrease of the rate to zero.

u(T) = A1·e−
E1
R·T −A2·e−

E2
R·T (8)

where A1, and A2 are referred to as pre/non-exponential, collision, or frequency actors, s−1, related to
entropy [62]; E1 and E2 are related to enthalpy [22], representing activation energies, J mol−1, of the
rate-determining enzyme reaction and high-temperature denaturation, respectively; R is the universal
gas constant ~8.314, J mol−1 K−1; and T is the temperature, K.

3.2. The Model of Johnson (1946)

In the same year, Johnson and Lewin [60] proposed another mechanistic model, which also
assumes a simple case of a single reaction controlling growth, and called it their “master reaction
model”. In contrast to Hinshelwood, they assumed that a reversibly denaturable “master enzyme”
E0 controls an essential reaction for growth (assuming no substrate limitation). They reported their
observation that E. coli stopped growing at non-viable 45 ◦C, but started growing exponentially again
when transferred back to 37 ◦C. Increasing the exposition time of E. coli to non-viable temperatures
led to lowered growth rates at 37 ◦C compared to the control. Hence, they assumed and described
reversible protein denaturation damage as part of their model by integrating an equilibrium constant
(K1). The constant accounts for the equilibrium of reversibly denatured inactive (Ed) to native active
enzymes (En).

K1=
Ed
En

(9)

Hence, the amount of native active enzyme is given by Equation (10), with E0 being the total
amount of enzyme (native and denatured, mol).

En=
E0

1 + K1
=

E0

1 + e
−ΔH
R·T ·e ΔS

R

(10)

Johnson and Lewin then referred to Equation (7) proposed by Eyring, adding Equation (10) to
account for the amount of active enzyme and substrate concentration and yielding Equation (11) for
the temperature-dependent specific reaction rate (k).

k(T)=
kB·T

h
·eΔ‡S◦/R·e−Δ‡H◦/(R·T)·[S]·[En] (11)
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By assuming that one single enzymatic reaction governs temperature-dependent growth at a
constant substrate concentration and by substituting En in Equation (11) with rearranged Equation
(10), temperature-dependent growth can be described as Equation (12):

u(T) = c ·T· E0·eΔ‡S◦/R ·e−Δ‡H◦/(R·T)· 1

1 + e−(ΔH−T·ΔS)/(R·T) (12)

where c is a derived Boltzmann/Plancks constant, s K−1, from the Eyring model of Equation (7);
Δ‡H◦

and Δ‡S◦ are the standard molar change of enthalpy and entropy of activation, respectively (as
described for Equation (7)); ΔH and ΔS are the enthalpy, J, and entropy change, J K−1, respectively,
between native and denatured enzymes; R is the universal gas constant ~8.314, J mol−1 K−1; and T is
the absolute temperature, K. The equation can then be shortened to the model in Equation (14) using
the expression for Gibbs free energy change (between a catalytically active and reversibly denatured
inactive state) at a constant temperature (Equation (13)):

ΔG = ΔH − T·ΔS (13)

u(T) = C·T ·e−Δ‡H◦/(R·T)· 1

1 + e−ΔG/(R·T) (14)

where E0 is assumed to be constant and c·eΔ‡S◦/R·E0 is compressed to C. The fraction term containing
the Gibbs free energy change can be assumed as the probability that the enzyme is in its native, and not
its inactive, state. In the temperature region for a catalytically active enzyme, ΔG, J, has high positive
values, yielding almost zero for the exponential term in the denominator of the probability term, and
thus one for the probability for a catalytically active enzyme.

3.3. The Model of Sharpe (1977)

In 1977, Sharpe et al. [63,64] merged the models of Johnson and Lewin with the model of Hultin,
which were both founded on Eyring’s theory and modeled on the activated complex in chemical
reactions [20,60,65,66]. The result was a unified rate model for the description of biological processes
at physiological temperatures. Sharpe’s model was originally developed for poikilotherms. Sharpe
assumed balanced growth with a constant total amount of compounds per cell and just a single
rate-controlling enzyme determining the development rate at all temperatures. Its reaction rate is of
a zero order. The total concentration of enzyme (active + inactive) is assumed to be constant at all
temperatures. Three enzyme states are considered and described: an inactivation state at low and high
temperatures, as well as an active development state. Sharpe described transition between the states
by his model, which depicts the thermal growth curve with the following equation:

u(T) =
T·e(Φ− Δ‡H◦/T)/R

1 + e(ΔSL− ΔHL/T)/R+e(ΔSH− ΔHH/T)/R
(15)

where T is the temperature, K; is the universal gas constant ~8.314, J mol−1 K−1; and the other parameters
describe the rate-controlling enzyme reaction, where Φ is a dimensionless conversion factor; Δ‡H◦

is the
enthalpy of activation of the reaction catalyzed by the rate-controlling enzyme, J mol−1; the subscript L
accounts for low-temperature inactivation and the subscript H for high-temperature inactivation; and
ΔS∗, J K−1 mol−1, and ΔH∗, J mol−1, mark the entropic and enthalpic change, respectively, upon high-
or low-temperature inactivation specified by the subscript. In 1991, Zwietering et al. [8] rewrote the
model of Sharpe exhibiting an Arrhenius-type of temperature dependency using activation energies
rather than changes in enthalpy to describe growth. As described by the International Union of Pure
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and Applied Chemistry, IUPAC, the (Arrhenius) activation energy (Ea) and enthalpy of activation are
not the same, but approximately equal, as they are convertible, depending on the molecularity [22].

u(T) =
ka·e−Ea

R·T

1 + kl·e−
El

R·T +kh·e−
Eh
R·T

(16)

where ka (s−1), kl (-), and kh (-) are collision factors that are dimensionless in the denominator, as described
by Zwietering et al. [8]; E, J mol−1, represents the activation energy; subscript a accounts for the
rate-determining enzyme reaction; subscripts h and l describe high- and low-temperature inactivation,
respectively; R is the gas constant ~8.314, J mol−1 K−1; and T is the temperature, K.

3.4. The Model of Mohr (1980)

Mohr and Krawiec [24] analyzed the thermal growth curves for 12 bacterial species. Among them
were thermophiles, mesophiles, and psychrophiles. They used the Arrhenius plot for their data, where
ln(μ) is plotted against the reciprocal temperature in Kelvin. They reported two different slopes for the
Arrhenius profiles for some mesophiles and thermophiles at suboptimal temperatures. The temperature
at the interception point were both slopes meet is referred to as the “critical temperature” (Tcrit) [24,67].
This point marks the turning point where the organization of an organism, and hence it growth behavior,
changes. In order to describe the two different slopes, they proposed two equations, which they
reduced to one with the assumption that “[ . . . ] a balance of organizations exists at any temperature”:

u(T)= A1·e−E1/R·T −A2·e−E2/R·T Tcrit < T < Tmax (17)

u(T)= A′1·eE′1/R·T Tmin < T < Tcrit (18)

u(T)=
1

A∗1·eE′1/R·T+A∗∗1 ·eE1/R·T−A2·e−E2/R·T (19)

where A1, A′1, and A2 are referred to as pre/non-exponential, collision, or frequency actors, s−1;
E1, E′1, and E2 are referred to as temperature characteristics, J mol−1; R is the gas constant ~8.314,
J mol−1 K−1; and T is the temperature, K. The parameters marked with a “ ’ ” are used to describe
temperature-dependent growth for Tmin < T < Tcrit, whereas parameters without “ ’ ” are used to
describe temperature-dependent growth for Tcrit < T < Tmax, A∗1 = 1/A′1, and A∗∗1 = 1/A1.

3.5. The Model of Schoolfield (1981)

Schoolfield developed a non-linear regression model [68] based on the model proposed by
Sharpe. His group reformulated the model of Sharpe and eliminated the high correlations of Sharpe’s
parameters (e.g., 0.9996). Furthermore, Schoolfield et al. argued that there is no “readily apparent”
initial guess for beginning iterations for parameter estimation. Hence, they also aimed to facilitate the
regression process and parameter estimation.

u(T) =
u25· T

298 ·e[
Δ‡H

◦
R ·( 1

298− 1
T )]

1 + e
[

ΔHL
R ·( 1

T1/2L
− 1

T )]
+e

[
ΔHH

R ·( 1
T1/2H

− 1
T )]

(20)

Schoolfield et al. chose 25 ◦C (298 K) and the respective specific growth rate u25, s−1, as a reference
because enzyme inactivation would be low or not present at that temperature in most biological systems.
Δ‡H◦

is the enthalpy of activation of the reaction catalyzed by the rate-controlling enzyme, J mol−1;
the subscript L accounts for low-temperature inactivation and the subscript H for high-temperature
inactivation of the enzyme; and ΔH∗ marks the enthalpic change upon high- or low-temperature
inactivation specified by the subscript, J mol−1. With an increasing or decreasing temperature, 50%
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of the rate-controlling enzyme is inactivated by either a high T1/2H , K or low temperature T1/2L , K,
as previously described by Hultin [66] and adopted by Schoolfield et al. [68].

3.6. The Models of Ratkowsky and Zwietering (1982–1991)

As extensively reviewed by Grimaud et al. [61], several models for temperature-dependent growth
in biological systems have been developed. Most of these models were developed to describe food
spoilage and medical applications. One often cited (802, Scopus, 8 August 2019) empirical model is
the square root model proposed by Ratkowsky et al., as an alternative to the widely used Arrhenius
model, to describe growth as a function of temperature [26]:

u(T) = [b1·(T − Tmin)]
2 (21)

where b1 is a Ratkowsky parameter, K−1 s−0.5, and Tmin is the minimum temperature of growth, K.
This model was extended to the complete bio-kinetic range in 1983 by the same author [59]:

u(T) =
(
b2·(T − Tmin)·

{
1− e[c2·(T−Tmax)]

})2
(22)

where c is a Ratkowsky parameter, K−1, and Tmax is the maximum temperature, K, at which growth is
observed. Zwietering et al. [8] argued that Ratkowsky’s model could not be used for temperatures
above Tmax because the model predicted positive values for growth rates beyond the high-temperature
end of the thermal niche. They therefore adapted the model accordingly and the result is shown in
Equation (23).

u(T) = [b3·(T − Tmin)]
2·
{
1− e[c3·(T−Tmax)]

}
(23)

3.7. The Model of Roels (1983)

In 1983, Roels et al. [69] developed a model to describe the growth rate as a function of temperature.
The numerator has an Arrhenius-type appearance and the energy for activation was replaced by the
Gibbs free energy change upon denaturation of a rate-controlling enzyme in the denumerator.

u(T) =
A·e( −EG

RT )

1 + B·e( −ΔGd
RT )

(24)

where A and B are pre-exponential factors, s−1; R is the gas constant ~8.314, J mol−1 K−1; and T is the
temperature, K.

3.8. The Model of Davey (1989)

Davey proposed an empirical generalized predictive model based on a modified linear-Arrhenius
equation, which combined the influence of temperature and water activity to describe microbial
growth [70]. The activation energy parameter from the original Arrhenius model was replaced
in Davey’s model by two coefficients of inverse temperature. In his work, Davey provided and
evaluated models for the influence of environmental factors like the aw value or pH in combination
with temperature, as well as temperature as the sole influencing factor, on growth [70–72]. The model
describing temperature as the sole environmental factor is shown in Equation (25):

u(T)= eC0+C1/T+C2/T2
(25)

where C0–C2 are dimensionless Davey coefficients, - and the energy of activation given in the Arrhenius
equation is replaced by two parameters of reciprocal temperature, K. Two years later, in 1991, Davey
used the model for predicting the temperature-dependent lag time [72].
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3.9. The Models of Lobry and Rosso (1991–1993)

In 1991, Lobry [73] developed an empirical model that includes the three cardinal temperatures
(Tmin, Topt, and Tmax) as parameters. The cardinal temperature model (CTM) estimates positive values
for growth rates at temperatures between the low temperature and high temperature end (Tmin and
Tmax), with the highest growth rate (uopt (s−1)) at Topt. Outside the thermal niche (T < Tmin; T > Tmax),
negative values are predicted. Each microbial species exhibits these three characteristic cardinal
temperatures, which permits direct biological interpretation of the model parameters and facilitates
parameter estimation using experimental data for Lobry’s CTM-model Equation (26). The authors
emphasize the “absence of high structural correlations” between parameters of their model. In 1991,
Rosso et al. [74] further elaborated Lobry’s empirical model by including the point of inflection
in the suboptimal range of temperatures, which was experimentally determined. Following this,
the so-called cardinal temperature model with inflection (CTMI; Equation (27)) could be used to
accurately predict growth in the suboptimal range of temperature. Rosso’s group noted an “unexpected”
high linear correlation between cardinal temperatures, especially between Tmax and Topt, with r = 0.991.
They then argued that due to the correlations found, one instead of three cardinal temperatures could
sufficiently describe the permissive temperature range for growth. They also mentioned an exception
for the stated relationships between the cardinal temperatures for the growth behavior of Vibrio sp.
In total, they analyzed 47 different data sets describing the growth of psychrophilic, mesophilic, and
thermophilic strains.

u(T)= uopt·
⎡⎢⎢⎢⎢⎢⎢⎢⎣1−

(
T − Topt

)2
(
T − Topt

)2
+T·(Tmax+Tmin − T) − Tmax·Tmin

⎤⎥⎥⎥⎥⎥⎥⎥⎦ (26)

u(T)= uopt· (T − Tmax)·(T − Tmin)
2(

Topt − Tmin
)
·
[(

Topt − Tmin
)
·
(
T − Topt

)
−
(
Topt − Tmax

)
·
(
Topt+Tmin − 2·T

)] (27)

3.10. The Model of Blanchard (1996)

Blanchard et al. [75] originally developed their model to quantify the short-term temperature
effect on natural assemblages of microphytobenthos’ photosynthetic capacity. Blanchard described
a progressive increase in photosynthetic capacity during a temperature increase up to an optimum
temperature, with a rapid decrease when the temperature was raised beyond the optimum. For the
model, cardinal temperatures (Tmin, Topt, and Tmax) with a biological meaning are used to facilitate a
reasonable initial guess for parameter estimation. Grimaud et al. [61] rewrote the Blanchard model
to represent growth as a function of temperature instead of photosynthetic capacity, as shown in
Equation (28):

u(T)= uopt

(
Tmax − T

Tmax − Topt

)β
·e−β·(Topt−T)/(Tmax−Topt) (28)

where μopt, s−1, is the maximal specific growth rate at optimal temperature Topt, K; Tmax, K, is the
maximum temperature where growth is observed; and β is a dimensionless Blanchard parameter.

3.11. The Models of Eppley and Norberg (2004)

Eppley [76] proposed a simple function with a positive exponential correlation between
temperature and maximum expected growth, as shown in Equation (29). He stated that this model
may be used for a generalized estimate for μmax in unicellular algae for temperatures <40 ◦C.

u(T) = 0.851·1.066T (29)
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The proposed Eppley curve or envelope function of Equation (29) shows the evolutionary
interspecific upper limit for the maximum specific growth rate at any temperature up to 40 ◦C. The limit
for the maximum growth rate increases exponentially until 40 ◦C in Eppley’s function. For model
assembly, Eppley used almost 200 data points of different species of unicellular algae [76]. Based on
Eppley’s findings, Jon Norberg developed a model for temperature-dependent growth in 2004 [77],
shown in Equation (30).

u(T) =
[
1−

(T −Z
w

)2]
·0.59·e0.0633·T (30)

An envelope function 0.59 × e0.0633T according to Eppley is contained in Norberg’s model for
temperature-dependent growth, where T, K, is the ambient temperature and Z, K, is the temperature with
the maximum specific growth rate derived from the envelope function representing Topt respectively.
The width of the temperature response function is determined by the parameter w, K, meaning the
width of the thermal niche. A generalized form of the Eppley–Norberg model Equation (31) would
add a and b as dimensionless parameters, -, generalizing the Eppley envelope function.

u(T) =
[
1−

(T −Z
w

)2]
·a·eb·T (31)

3.12. The Modified Master Reaction Model (2005)

In 1967, Brandts recognized that the master reaction model proposed by Johnson and Lewin
(see Equation (12)) failed to describe enzymatic reactions adequately when applied to the full bio
kinetic temperature range [78,79]. Arguably, the limitations of the model arise from the assumed
temperature independence of ΔG in the master reaction model upon protein denaturation. Therefore,
Brandts et al. attributed the temperature dependency to ΔG by simply using an empirical polynomial
expression relating ΔG to T. In 1974, Privalov et al. [80] reported a linear relation between enthalpy
and entropy and temperature upon protein unfolding when assuming a specific constant heat capacity
change for a specific protein. Almost 20 years later, it was reported that the change in enthalpy
upon denaturation (ΔHd) normalized to the number of amino acid residues (or molecular weight,
respectively) at a specific temperature (T∗H ~373 K) converged to a common value (ΔH∗). Likewise,
the same convergence behavior to one common value (ΔS∗) at a specific temperature (T∗S ~385 K) for
entropy upon denaturation (ΔSd) normalized to the number of amino acid residues was described for
a number of homologous compounds [80–83]. The so-called convergence temperatures (T∗H and T∗S)
were obtained as the temperatures where the apolar contributions (apolar hydrogen atoms CH) to the
corresponding changes in entropy or enthalpy, respectively, upon denaturation approach zero [81,82,84].
Therefore, ΔH∗ describes only polar and van der Waals interactions and ΔS∗ primarily accounts for
configurational entropy [83]. In 1990, Murphy et al. [81] analyzed the convergence behavior by plotting
ΔHd or ΔSd normalized to mol amino acid residue against the normalized heat capacity change (ΔCp)
upon denaturation and obtained the following correlations:

ΔSd = ΔS∗+ΔCp·ln
(

T
T∗S

)
(32)

ΔHd = ΔH∗+ΔCp·
(
T − T∗H

)
(33)

The above-mentioned equations describe a temperature-dependent enthalpic and entropic change
upon denaturation normalized to the number of amino acid residues in a protein (n). From Murphy’s
findings [81], the change in Gibbs free energy upon protein denaturation (~protein thermal stability) is
given by

ΔGd(T)= n·
[
ΔH∗ − T·ΔS∗ + ΔCp·

[(
T − T∗H

)
− T·ln

(
T
T∗S

)]]
(34)
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where ΔCp·
[(

T − T∗H
)
− T·ln

(
T
T∗S

)]
accounts for the hydrophobic contribution of the Gibbs free energy

change upon denaturation of the rate-determining “master enzyme”. Ross connected Murphy’s
findings with the rewritten master reaction model of Johnson and Lewis, where the change in enthalpy
between the catalytically active and inactive state of the rate-limiting enzyme was replaced by the
temperature-dependent Gibbs free energy change [79,85].

u(T) =
c·T·e(−Δ‡H◦/R·T)

1 + e(−ΔGd/R·T) (35)

Replacing the description of the Gibbs free energy in the denominator of Equation (35) with the
term in Equation (34) resulted in a modified master reaction model:

u(T) =
c·T·e(−Δ‡H◦/R·T)

1 + e(−n·{ΔH∗−T·ΔS∗+ΔCp·[(T−T∗H)−T·ln(T/T∗S)]}/R·T) . (36)

In the denominator of Equation (36), the thermodynamic parameters ΔH∗, ΔS∗, and ΔCp are
normalized to mol amino acid residue. In 2005, Ratkowsky et al. [79] reduced the eight-parameter
model given in Equation (36) to a five-parameter model by simply applying the universal constants for
globular proteins T∗H = 373.6 K, T∗S = 385.2 K, and ΔS∗ = 18.1 J K−1 found by Murphy et al. [81,82] to the
model. Ratkowsky’s group fitted the reduced five-parameter modified master reaction model to data
from 35 bacterial strains. The universal constant ΔH∗ suggested by Murphy’s group with 5640 J mol−1

amino acid residue was found to be unsuitable for representing bacterial growth when applied to five
data sets of Ross [86]. The reduced modified master reaction model with applied universal constants
evaluated in the work of Ratkowsky et al. [79] is given in Equation (37).

u(T) =
c·T·e(−Δ‡H◦/8.314·T)

1 + e(−n·{ΔH∗−T·18.1+ΔCp·[(T−373.6)−T·ln(T/385.2)]}/8.314·T) (37)

3.13. The Model of Zeldovich (2007–2016)

The group of Zeldovich [87] argued that the whole proteome has to be considered when describing
the temperature response and sensitivity of an organism. Ghosh and Dill [88] continued the work
of Zeldovich et al. and proposed a model that considers the folding stabilities across an organisms’
proteome to describe temperature-dependent growth rates of bacteria. They assumed that the growth
rate was a function of temperature composed of a product of two factors: First, Arrhenius-type
low-temperature activation for one or more activated metabolic processes controlling the increase of
growth rate at low temperatures, and second, a term accounting for the folded part of the proteome at
any temperature, which also depicts the “denaturation catastrophe” when reaching high temperatures.

u(T)= u0·e(
−Δ‡H

◦
k·T )

Γ∏
i=1

1

1 + e(−ΔGun(Ni,T)/R·T) , (38)

where μ0 is a growth rate reference, s−1. The parameter Δ‡H◦
, J mol−1, describes the activation

barrier for growth (e.g., an essential growth-limiting metabolic rate). The authors found that the
activation barrier for growth (~68.2 kJ mol−1) in E. coli approximately corresponds to the energy
needed by ribosomes to form a peptide bond. Hence, the authors identified ribosomal action to grow
protein chains as one of the key growth rate-limiting factors, along with protein motions necessary for
enzymatic reactions. Γ describes the amount of essential proteins required for growth. The product
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term accounts for the probability that the ith essential protein composed of Ni amino acids is in its
native state, which is expressed by ΔGun in Equation (39):

ΔGun = −kB·T0·n·
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

g0+m1·c
kB·T0

+
ΔCp

kB·T0
·
(
T − T∗H

)
+ T

T0
·ln(z) − T

T0
·ΔCp·ln

(
T
T∗S

)
+

lb
2·n ·(

Qn
2

Rn·(1+κ·Rn)
− Qd

2

Rd·(1+κ·Rd)

)
⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦ (39)

where kB is the Boltzmann constant ~1.381 · 10−23, J K−1; T0 = 300 K; n is the number of amino acids
with respective to the chain length of a protein; g0 is the free energy upon amino acid desolvation and
upon contact; c is the concentration of denaturant; ΔCp is the heat capacity change upon denaturation,
J K−1 mol-residue−1; T is the absolute temperature, K; T∗H = 373 K and T∗S = 385 K are the enthalpic and
entropic convergence temperatures, respectively; z is defined as the loss of average conformational
freedom per backbone bond; lb is the average Bjerrum length; Qn and Qd are the total net charge of
native and denatured protein, respectively; Rn and Rd account for the radii of native and denatured
protein, respectively; κ is the reciprocal of the Debye length (for further details, see [89,90]). To obtain
the probability distribution for protein stabilities of a proteome p(ΔG), Equation (39) can be used.
The equation accounts for the stability of an average single protein of length n and may be used in
combination with the distribution of protein chain lengths (P(n)) of a cell available for various cell
types from genomic/proteomic data in order to calculate temperature-dependent proteome stability.

3.14. The Model of Daniel (2010)

In 2010, Daniel et al. [91] proposed the equilibrium model to describe temperature-dependent
catalytic activity of enzymes in non-limiting conditions. The group reported that the decrease of
the catalytic rate constant (kcat) of tested enzymatic reactions above the optimal temperature (Topt)
does not entirely correspond to thermal stability data and irreversible denaturation. Furthermore,
they found that part of the activity loss above Topt was reversible and probably associated with a
“conformational, dynamic and solvent-based effect” altering the active site of the enzyme. To explain
the higher than expected decrease of kcat at a certain temperature, they suggested that an enzyme may
be present in three states: (i) catalytically active (Eact); (ii) catalytically inactive, but not (significantly)
unfolded (Einact); and (iii) irreversibly denatured (X). They rapid changes of the Michaelis constant
(Km), describing an enzyme’s affinity towards a substrate, that occur with temperature support their
hypothesis of an “Einact state”, where the active site is altered. They argue that the active site may
need a certain degree of flexibility to function properly and is therefore more prone to changes in
temperature affecting conformation and dynamics.

Eact

Keq

� Einact
kinact→ X (40)

Daniel’s group assumed a rapid equilibrium between Eact and Einact and time-dependent
denaturation at a certain temperature. The conversion rate of Eact to Einact is thereby assumed
to be faster than the rate of denaturation and catalytic reaction rate, respectively. The authors
investigated the applicability of the model for >50 datasets of >30 enzymes of different reaction classes
and structures (monomeric to hexameric) and concluded that their model is universally applicable and
independent of the reaction type and enzymatic structure [91]. The model may therefore be suitable
for describing a thermal growth curve, where a rate-controlling enzymatic reaction is often assumed to
describe temperature-dependent growth (e.g., master reaction model, [60]).

u(T) =
kB

h
·T·E0·e−(

ΔG∗cat
R·T )·e

[− kB
h ·T· e

−( ΔG∗inact
R·T ) ·e

(ΔHeq ·( 1
Teq
− 1

T )/R)·t

1+e
(ΔHeq ·( 1

Teq
− 1

T )/R)
]

·
[
1 + e

(ΔHeq·( 1
Teq − 1

T )/R)
]−1

(41)
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where kB is the Boltzmann constant ~1.381 · 10−23, J K−1; h is the Planck’s constant ~6.626·10−34, J s−1;
T is the absolute temperature, K; E0 is the total enzyme concentration composed of the sum of Eact,
Einact, and X, mol m−3; ΔG∗cat is the Gibbs free energy of activation of the enzymatic reaction; R is
the universal gas constant ~8.314, J mol−1 K−1; ΔG∗inact is the Gibbs free energy of activation for the
irreversible denaturation of the rate-controlling enzyme; ΔHeq is the enthalpic change between Eact

and Einact; Teq is the equilibrium temperature where the rate-controlling enzyme is present as 50:50 Eact

and Einact, K; and t is the time, s.

3.15. The Model of Kooijman (2010)

The DEB or Dynamic Energy Budget theory deals with the description of rates for physiological
processes. Assimilation, growth, respiration, maintenance, or reproduction in individual, not further
specified, “organisms” are analyzed and described by the generalized theory. The rates are described
as a function of the environment, like the temperature or nutrient availability, and the state of the
organism like size or age, for example. S.A.L.M. Kooijman, whose early concepts on energy budgets
were published in 1986 [92], summarized his work in “DEB theory for Metabolic Organization” in
2010 [93]. In DEB theory, temperature-dependent growth is described by a reformulated Arrhenius
equation in the numerator and complemented by a term inspired by Sharpe’s model [63] for reduced
rates at the high- and low-temperature end in the denominator. The equation therefore accounts for
the amount of enzyme in its native state and considers a possible transition to an inactive state via hot
and cold denaturation. Kooijman argues that Eyring’s thermodynamic interpretation of the Arrhenius
type of temperature dependence might only be understood as an approximation. It is an enormous
step from Eyring’s model, considering bimolecular reactions in the gas phase, to physiological rates
with many compounds [94].

u(T) =
k1·eTA/T1−TA/T

1 + eTAl/T−TAl/Tl+eTAh/Th−TAh/T
(42)

where T1 is a reference temperature, K, with the corresponding rate k1, s−1; TA is the Arrhenius
temperature (i.e., linear slope of the Arrhenius plot), K; Tl and Th mark the cardinal temperatures
flanking the thermal niche (low- and high-temperature denaturation, respectively), K; and TAl and TAh
account for Arrhenius temperatures at temperature boundaries of the thermal niche, K.

3.16. The Model of Huang (2011)

The group of Huang [95] developed a model by modifying and combining the Arrhenius equation
with the theory and model of Eyring et al. [4,20,65].

u(T) = A·T·e−( ΔG′
R·T )

α

(43)

where ΔG′, J mol−1, accounts for an energy term; R is the universal gas constant ~8.314, J mol−1

K−1; T is the absolute temperature, K; α is a Huang parameter, K−1; and A describes the collision or
frequency factor, s−1. Huang reports that their model can only sufficiently describe growth behavior at
a suboptimal temperature. To extend their model to the entire physiological temperature range, they
used an expression known from Ratkowsky et al. [59]:

u(T) = A·T·e−( ΔG′
R·T )

α

·
[
1− ec2·(T−Tmax)

]
(44)

where c2 is a Ratkowsky parameter, K−1, and Tmax is the maximum growth temperature, K. Huang’s
group reported good fits (R2 = 0.985) for their model using data for thermal growth rates from five
different bacteria.
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3.17. The Model of Corkrey (2014)

In 2014, Corkrey et al. attempted to build a universal mechanistic model [58]. It was used to
model the growth of 230 different strains of unicellular and multicellular organisms ranging from
psychrophilic to hyperthermophilic, covering a temperature range of 124 ◦C, from −2 ◦C to +122 ◦C.
They therefore argued that their findings might be used to model the dependence of the growth rate
on temperature for all unicellular and multicellular life forms. Being able to find a good fit for their
universal model to the thermal growth curves of various life forms, they concluded that there might be
evidence for the presence of a single highly conserved reaction in the last universal common ancestor.
Under all limiting conditions, a single-enzyme-catalyzed reaction rate, which controls the growth rate,
is described in the numerator of the Corkrey model by an Arrhenius type of temperature dependency.
The denominator accounts for the effects of temperature on protein conformation, which causes
alterations in catalytic activity of the putative enzyme and therefore a change in the expected rate.

u(T) =
T·e(c− Δ‡H

◦
R·T )

1 + e(−n· ΔH∗−T·ΔS∗+ΔCp ·(T−T∗H−T·ln(T/T∗S))
R·T )

(45)

where Δ‡H◦
is the enthalpy of activation, J/mol; R is the universal gas constant ~8.314, J mol−1 K−1; c is

a dimensionless scaling factor; T is the temperature, K; ΔCp is the heat capacity change, J K−1 mol−1

-amino acid residue, upon denaturation of the putative enzyme; ΔH∗ is the change of enthalpy, J mol−1

amino acid residue, at the convergence temperature T∗H, K, for enthalpy of protein unfolding; and
ΔS∗ is the change of entropy, J K−1, at the convergence temperature T∗S, K, for the entropy of protein
unfolding.

3.18. The Model of Hobbs (2014)

The heat capacity model or macromolecular rate theory was proposed by Hobbs et al. [96] and
applied by Schipper et al. [97]. They state that enzymatic rates show Arrhenius behavior when
increasing with temperature, until an optimum (Topt), but argue that decreasing rates above Topt cannot
sufficiently be explained only by denaturation of the enzymes. They have reported the effect of a
heat capacity change upon activation (between the ground state and transition state of a rate-limiting
enzyme) that shapes the thermal growth curve. The change in heat capacity affects the temperature
dependency of Δ‡G◦ (Gibbs free energy difference, between a ground state and transition state) that
is in turn responsible for determining the temperature dependency of enzymatic activity. They state
that the change in heat capacity influencing enzymatic rates implicates temperature dependence
for various biological rates, ranging from “enzymes to ecosystems”. Hobbs et al. formulated their
findings using Eying’s Equation (46) as a scaffold and a term to describe the degree of temperature
dependence of Δ‡G◦ with Δ‡C◦p Equation (47). Assuming Δ‡C◦p to be zero, Δ‡G◦ would be independent
from temperature and the reaction behavior of the growth rate-limiting enzyme would follow an
Arrhenius type of temperature dependence. Large negative values for Δ‡C◦p would lead to a significant
temperature dependence of Δ‡G◦ , leading to a non-Arrhenius behavior and explaining a decrease in
reaction rate above Topt, independent of denaturation. Compared to the master reaction model, heat
capacity theory takes into account that enzymes are in fast equilibrium with the transition state and
denaturation does not easily occur [61,96,97].

u(T)=
kB

h
·T·e(−Δ‡G◦ (T)/R·T) (46)

Δ‡G◦(T) = Δ‡H◦
T0

+ Δ‡C◦p ·(T − T0)+T·
(
Δ‡S◦T0

+ Δ‡C◦p·ln
(

T
T0

))
(47)
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where kB is the Boltzmann constant ~1.381 · 10−23, J K−1; h is the Planck’s constant ~6.626·10−34,
J s−1; Δ‡G◦ is the Gibbs free energy difference, between a ground state and transition state, J mol−1;
R is the universal gas constant ~8.314, J mol−1 K−1; T is the absolute temperature, K; T0 is a reference
temperature, K; Δ‡H◦

T0
and Δ‡S◦T0

are enthalpic and entropic change between reactants and the

transition state at the reference temperature T0; Δ‡C◦p is the heat capacity change between reactants
and the transition state, J mol−1 K−1.

3.19. The Model of DeLong (2017)

In 2017, DeLong et al. [98] argued that models describing the thermal growth curve lack the
assumption that the catalyzing enzyme lowers the activation energy of the rate-determining reaction.
They therefore introduced a model that describes the reduction of required activation energy for the
rate-determining reaction as a function of free energy (enzyme stability) of the catalyzing enzyme.
This term was incorporated into the dividend of the exponential term of the Arrhenius function.
The Arrhenius activation energy (Ea; see Equation (4)) was replaced with the difference of a baseline
energy (Eb, J), describing kinetic requirements as if the reaction would take place outside an organism,
lowered by the enzymatic contribution (Ec, J) inside an organism, yielding Equation (48):

u(T)= A·e
−(Eb−Ec)

kB ·T (48)

where the authors used the Boltzmann constant kB ~1.381 · 10−23, J K−1, instead of the universal gas
constant in the divisor of the exponential term and T is the absolute temperature, K. The dividend
of the exponential term then accounts for the activation energy lowered by the enzymatic action.
The extent of enzymatic contribution (Ec) depends on the activity status of the enzyme, which is given
by probability terms of protein stability. The temperature-dependent protein stability is given by ΔG
(Equation (49)), where ΔH, J, is the change of enthalpy and ΔCp, J mol−1 K−1, the change in heat capacity,
both relative to the melting temperature Tm, K, between the folded and unfolded state. At Tm, ΔH is by
definition zero and increases for temperatures below Tm. ΔCp reflects the extent of free energy that can
be kept by the enzyme without changing the temperature, which increases below Tm with a decreasing
temperature. The authors assumed that the probability of the maximum contribution of the enzyme to
reduce the activation energy by the amount EL approaches 1 at ΔGmax. Hence, the probability function
Equation (50) is composed of the maximum amount (EL) by which an active enzyme can lower the
activation energy and the probability of the enzyme being correctly folded and active, given by the
ratio of ΔG to ΔGmax. This transformation yields probability terms for each parameter in Equation (49),
as presented in Equations (51) and (52). Therefore, Equation (49) can be rewritten as Equation (53).

ΔG = ΔH·
(
1− T

Tm

)
+ ΔCp·

(
T − Tm − T·ln

( T
Tm

))
(49)

Ec= EL· ΔG
ΔGmax

(50)

EΔH= EL· ΔH
ΔGmax

(51)

EΔCp= EL·
ΔCp

ΔGmax
(52)

Ec= EΔH·
(
1− T

Tm

)
+EΔCp ·

(
T − Tm − T·ln

( T
Tm

))
(53)

Combining the probability function Equation (53) for the degree of enzymatic contribution to
lowering the baseline energy Eb of the rate-determining reaction with the Arrhenius-type Equation (48)
yields the enzyme-assisted Arrhenius model in Equation (54).
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u(T)= A·e
−(Eb−(EΔH ·(1− T

Tm
)+EΔCp ·(T−Tm−T·ln( T

Tm
))))

kB ·T (54)

3.20. Additional Temperature Models

In Table 1 further models describing a hunchback-shaped curve for temperature-dependent rates
are summarized.

Table 1. Models describing a hunchback-shaped curve of temperature-dependent rates (not explained
in the text).

Model Equation Source

Lehman et al. u(T)=

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
e
−2.3·[ (T−Topt)

(Tmax−Topt)
]
2

, T > Topt

e
−2.3·[ (T−Topt)

(Tmin−Topt)
]
2

, T ≤ Topt

[99]

Moison et al. u(T)=

⎧⎪⎪⎪⎨⎪⎪⎪⎩
log(2)·0.851·

(
1.066T

)
·e−|T−Topt | · 3

Tlow , T ≤ Topt

log(2)·0.851·
(
1.066T

)
·e−|T−Topt | · 3

Thigh , T > Topt

[100]

Bitaube Pérez et al. u(T)= A1·e(
E1
R·T ·

T−Tre f
Tre f

) − A2·e(
E2
R·T ·

T−Tre f
Tre f

) [101]

Alexandrov et al. u(T) = 2·e(
Ea

R·Topt
− Ea

R·T )⎛⎜⎜⎜⎜⎜⎝1+
⎛⎜⎜⎜⎜⎝e( Ea

R·Topt
− Ea

R·T )
⎞⎟⎟⎟⎟⎠

2⎞⎟⎟⎟⎟⎟⎠
[102,
103]

Tevatia et al. u(T)= uopt· e(
−Ea
R·T )

1+K·e(
−Ed
R·T )

[104]

T is the absolute temperature, K; Topt is the optimal growth temperature, K; Tmax and Tmin are the upper and lower
limit of the thermal curve, respectively; Tlow and Thigh are shaping parameters that determine asymmetry of the
growth curve, -; Ai represents frequency factors, s−1; Ei represents activation energies, J mol−1; R is the universal gas
constant ~8.314, J mol−1 K−1; Tref is a reference temperature, K; μopt is the optimal specific growth rate, s−1; Ed is the
activation energy for enzyme denaturation, J mol−1; K is a dimensionless inactivation constant.

4. Biotechnological Applications for Targeted Temperature Variation Assisted by Temperature
Models

4.1. Temperature with Potential for Bioprocess Design

Temperature is an easily measurable (continuously, in situ, and in real-time) and controllable
process variable. In most cases, temperature is controlled at constant values to maintain suitable
physiological conditions at a given optimum value. Besides temperature, these requirements are
also common for other basic physico-chemical characteristics, including dissolved oxygen and the
pH value, which are routinely controlled in most bioreactor cultivations. For bioprocess design and
optimization, very few correcting variables (e.g., the addition of fresh feed media) are available to direct
a bioprocess towards a desired outcome. There are two strategies for efficiently using the temperature
to influence the process outcome. First, alterations in the process temperature may be used to target
metabolism, deliberately trigger stress responses, modify enzymatic turnover, or activate existing
regulatory mechanisms. Secondly, natural or synthetic regulation mechanisms may be introduced to
engineer host microorganisms (see Section 2.2). As such, processes can be designed to include these
regulatory mechanisms as an effective tool to influence the process. Even though several systems
inducible by temperature have been discovered and made available to biotechnologists in the last
decades, only very few have been applied for process design or optimization [12].

4.2. Application of Temperature Models and Temperature for Bioprocesses Design

Mukhtar et al. modeled the temperature-dependent soil nitrification potential rate with the
square root model of Ratkowsky et al. and estimated the optimum temperature for the nitrification
potential rate with the heat capacity model. The authors suggest that the knowledge of thermodynamic
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properties of the soil nitrification response may be used to improve the application of large-scale
fertilization, while reducing eutrophication and connected negative environmental impacts [105].
For cleaning purposes of contaminated water with excess nitrogen, denitrifying fixed-bed bioreactors
can be used for NO3

− removal [106]. The group of Nordström et al. used the Eyring equation to
simulate the temperature dependency of NO3

− removal rates in a denitrifying fixed-bad wood chip
bioreactor [107]. They used the heat capacity model of Hobbs et al. [96] to derive the optimum
temperature for NO3

− removal by their bioreactor. Nordström et al. reported that NO3
− removal

rates of reducing microbial consortium change over time, while the temperature optimum is shifted
towards lower temperatures (from 24.2 to 16.0 ◦C) [107]. Downshifts in temperature may somewhat
be beneficial for a bioprocess, depending on the intended outcome. Seel et al. were able to increase
biomass yields to optimize nutrient assimilation at suboptimal temperatures (10 ◦C) for mesophilic
isolates from chilled foods and refrigerators in defined medium compared to their reference strains [52].
They emphasized the importance of defining the “optimum temperature”. Seel et al. distinguish
between the optimum temperature for the maximum growth rate and the optimum for the maximum
biomass yield. At 10 ◦C, which was around 15–25 ◦C below the optimum for the maximum growth rate
of isolates, they reported an increase of 20%–110% of biomass formation. They argue that the generally
assumed optimum growth temperature at μmax may not be the optimum for all biological processes
in the host. This has been described for protein production, membrane permeability, and cellular
stress [108–112]. The works of Corkrey et al. [58,113] thermodynamically justified the applied findings
of Seel et al. Corkrey’s model described the connection between the temperature stability of proteins
and the growth rate governed by an assumed essential enzymatic reaction, with the temperature for
optimal enzyme stability being 10–15 ◦C below the temperature of μmax. Seel et al. state that due to
correct protein folding and protein turnover, energy can be conserved and the biomass yield improved.
Perhaps the most popular example for altering temperature as a means of an optimized process outcome
can be found during the production of recombinant protein, such as by using E. coli as a heterologous
expression system [12]. During the process, typically at the stage of the induction of protein expression,
a temperature shift is performed, lowering the process temperature by several ◦C. This temperature
shift does not benefit overall transcription or translation activity, but instead, results in an increased
amount of correctly folded protein. This is due to lower amounts of recombinant protein being less
likely to form inactive, insoluble aggregates (inclusion bodies), and allowing more time for correct
folding after translation due to lower protein production rates. In the case of enzyme production,
correctly folded protein is a prerequisite of enzymatic activity, and therefore, in most cases, temperature
shifts are applied [114]. Another possibility for using temperature as a method for optimizing protein
production is the application of thermo-inducible promoter systems. Considering the perspective of
bioprocess engineering, it is of high interest to combine strain engineering and process development
approaches to maximize overall productivity and yields. Strong chemically inducible promoters
and expression systems that are commonly used in laboratory-scale protein expression [115] cause a
high degree of metabolic burden to the microorganisms, and as such, protein production results in a
simultaneous reduction of growth. It is therefore beneficial for optimized process design to be able to
uncouple biomass growth from protein biosynthesis. Furthermore, production of recombinant proteins
at early stages of cultivation often results in reduced overall yields, as many proteins are sensitive to
degradation by proteases [114,116]. To counteract this instability of recombinant proteins, inducible
promoter systems are a possible tool. Thermo-inducible promoter systems have the advantage of
not requiring intrusion into the process, as chemical inductors are not required. As such, the risk
of contamination, as well as the costs of the process, may be reduced. Nalley et al. evaluated the
effect of temperature on growth, fatty acid production, and the fatty acid profile for algae suitable for
mass cultivation and biofuel production [117]. They assessed the effect of temperature on microalgae
with the model of Norberg [77]. Nalley et al. report temperature-specific fatty acid production,
which is mostly controlled by the temperature-dependent growth rate. Furthermore, they found
that temperature dramatically influences the fatty acid profile, with an increase in polyunsaturated
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fatty acids and decrease in monounsaturated and short fatty acids when increasing the temperature.
The thermostable phosphotriesterase-like lactonases (PLLs) from hyperthermophilic Sulfolobus genera
present an industrially relevant molecule for bioremediation processes, such as in the degradation
of highly toxic pesticides like organophosphates [118]. Thermostable PLLs are of particular interest
due to their wide temperature and pH working range, as well as resistance to organic solvents.
In contrast to mesophilic enzyme isolates, the application of extremozymes is not prone to low stability
in solution or an elevated temperature (>30 ◦C) [119,120]. In the work of Restaino et al., a high-yield
pre-industrial-scale process with an optimized purification method for PLLs was developed [11].
The authors exploited the thermostability of PLLs in their downstream and recombinant PLL production
in fast-growing mesophilic E. coli for their upstream and bioproduction strategy. Impurities were
removed by a thermo-precipitation step (65–75 ◦C), which was optimized using a statistical response
surface method to compute optimal precipitation temperatures. The solubility of proteins can be altered
by different variables, like the pH, protein concentration, ionic strength, or temperature. Ethanol may
be used as a solvent for precipitation, but exhibits the tendency to denature proteins at temperatures
above 0 ◦C. Therefore, cold EtOH is often used for protein fractionation [121]. The authors Cimini
et al. investigated the influence of temperature on the industrially relevant capsular polysaccharide
(CPS) of E. coli, K4 [122]. It exhibits a high similarity to the economically valuable but only expensively
extractable chondroitin from animal tissue. Chondroitin is, for example, used in the pharmaceutical
sector to prevent osteoarthritis [123]. Cimini et al. found a positive correlation between CPS production
and temperature. As stated before, CPS production is thermoregulated and E. coli CPS are not
expressed at temperatures <20 ◦C [124]. Another pharmaceutically relevant product and precursor for
the commonly used anti-inflammatory drug desfluorotriamcinolone, is 16α-hydroxy hydrocortisone.
Hydrocortisone is converted in a temperature-dependent manor by Streptomyces roseochromogenes to
16α-hydroxy hydrocortisone. The group of Restaino et al. was able to maximize the bioconversion of
hydrocortisone to 16α-hydroxy hydrocortisone, while lowering side-product formation. By adjusting
the process temperature to 26 ◦C and pH to 6, they were able to almost entirely (95%) convert
hydrocortisone into the desired product 16α-hydroxy hydrocortisone [125]. Another example for
lowering the temperature to obtain optimal expression, correctly folded, and working recombinant
enzymes is the mammalian enzyme 6-O-sulfotransferase (6-OST). It can be recombinantly produced
in E. coli. 6-OST is of particular interest as it is required for the industrial and biotechnological
production of heparin. So far, the blood anticoagulant heparin has only been derived from animals.
6-OST side-specifically sulfonates a heparin precursor and marks a key step in heparin bioproduction.
The group of Restaino et al. reported high cell density cultivation of E. coli in which recombinant
mammalian 6-OST was produced using an induction strategy optimized for yield and productivity.
The strategy involved lowering the temperature (37 to 25 ◦C) upon induction and using a combination
of two inducer molecules to balance the metabolic burden. The combination of balanced biomass
growth and the induction strategy resulted in an optimal recombinant enzyme expression and enhanced
biomass productivity [126].

An interesting application involving measuring and controlling the temperature during
bioprocesses is the estimation of metabolic activity by heat balancing. In a partially isolated bioreactor
system, heat generation by metabolic processes can be calculated by measuring heat transfer from or
to the bioreactor [5]. This calorimetric technique typically involves the calculation of a heat balance
by calculating transfer from or to the heat exchanger, enthalpy balancing in exhaust gas, energy
dissipation by stirring, and monitoring the temperature of added liquids [6]. A calorimetric control
strategy for the growth rate of Escherichia coli [13] and Saccharomyces cerevisiae [14] by adjusting feed
rates was developed. The authors report the successful establishment and control of a high-cell density
cultivation, with the feed rate solely relying on heat balancing. Furthermore, besides applications
in process control, recently, a calorimetric approach for the detection of prophage activation and
release was proposed. The authors report that by evaluating differences in metabolic heat, reactivation
of dormant infected bacterial cells can be detected [127]. In general, however, the development of
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calorimetric control strategies at a laboratory scale is difficult, as sufficient isolation and sensitive
equipment to detect heat generated at a small-scale is required [128]. Even though, at a larger scale,
increasing ratios of volume to surface favor the sensitivity of calorimetric approaches, calorimetric
approaches are only scarcely applied in industrial biotechnology. Table 2 provides an overview of
biological traits, and temperature models and/or temperature adjustments used to achieve a desired
process outcome.

Table 2. Biological traits associated with modeling techniques and/or targeted temperature adjustments
for the control, monitoring, and optimization of biotechnological processes.

Purpose Process Biological Basis
Applied

Model/Temperature
Adjustment

Outcome Source

Control Rec. protein
production

Lower protein
production rates Downshift in T Correctly folded

proteins [114,116,126]

Control Rec. protein
production

Thermo-inducible
promotor Upshift in T Induced promoter [12]

Monitoring Antibiotic
biosynthesis

Metabolic heat ≈
metabolic state Calorimetry Estimation of

metabolic activity [5]

Monitoring and
control

Insecticidal
crystal proteins

production

Metabolic heat ≈
metabolic state Calorimetry

Estimation of
metabolic state,

control of nutrient
feed

[6]

Control Biomass
production

Metabolic heat ≈
metabolic state Calorimetry Calorimetric control

of nutrient feed [13,14]

Monitoring

Evaluating
prophage
activating
chemicals

Metabolic heat
difference ≈ activity

state of prophage
Calorimetry

Detection of
prophage activation

+ release
[127]

Optimization Denitrification
of wastewaters

Reducing microbial
consortia

Eyring model
(Equation (7))

Derive (shifts of) Topt
for NO3

− removal
rate

[106,107]

Control Biomass
production

Arguably more
stable RNA +

correctly folded
protein + lower

degradation rates at
low T

Downshift in T,
~Assumptions of

Corkrey’s model (see
3.17)

Increased biomass
yield, improved

nutrient assimilation
[52,129]

Control
Fatty acid

production for
biofuel

Shorter und more
unsaturated fatty

acids at low T
~modulate

membrane fluidity

Norberg model
(Equation (31))

Temperature-specific
fatty acid production

(profile)
[117]

Optimization Downstream
processing

Thermostable
extremozyme

RSM/Thermo
precipitation

Purified
phosphotriesterase-like

lactonases
[11]

5. Summary and Conclusions

In bioprocess engineering, very few process variables are usually available online. Therefore,
exploiting existing control variables to their full extent is a reasonable strategy for broadening existing
toolsets of monitoring and control. Both underlying biological mechanisms of temperature sensing
and adaptation and mathematical models for temperature effects have been well-described. However,
temperature as a control variable is only scarcely applied in bioprocess engineering, so an exploitation
strategy merging both in context has not yet been established.

This review presents and discusses the most important models for physiological, biochemical, and
physical properties governed by temperature, along with application perspectives. As such, this review
provides a toolset for the future exploitation of temperature as a control variable for optimization,
monitoring, and control applications in bioprocess engineering.
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Abstract: This contribution discusses the main challenges related to successful application of automatic
control systems used to control specific growth rate in industrial biotechnological processes. It is
emphasized that, after the implementation of basic automatic control systems, primary attention
shall be paid to the specific growth rate control systems because this process variable critically affects
the physiological state of microbial cultures and the formation of the desired product. Therefore,
control of the specific growth rate enables improvement of the quality and reproducibility of
the biotechnological processes. The main requirements have been formulated that shall be met to
successfully implement the specific growth rate control systems in industrial bioreactors. The relatively
easy-to-implement schemes of specific growth rate control systems have been reviewed and discussed.
The recommendations for selection of particular control systems for specific biotechnological processes
have been provided.

Keywords: biotechnological processes; bioreactor control; specific growth rate control; batch-to-batch
reproducibility

1. Introduction

Biotechnological processes play an increasingly important role in modern industry and health
sectors. Many of the important active pharmaceutical ingredients are recombinant therapeutic
proteins produced by the cultivation of genetically modified microorganisms or mammalian cells in
bioreactors. These biotechnological processes are highly nonlinear and non-stationary. Therefore,
modeling and control of the above bioprocesses are complicated control engineering tasks, especially in
industrial recombinant protein production processes, in which high safety requirements and operational
restrictions must be secured [1,2]. The goal of this contribution is to review and recommend practical
and easily implementable control system schemes for biomass specific growth rate (further referred
to as SGR or μ) control in industrial bioreactors. The recommendations are based on an analysis
of the existing SGR control solutions and availability of the control schemes suitable for practical
implementation in industrial bioreactors. The specific growth rate μ (1/h), is defined as the ratio of the
cell’s absolute growth rate and the amount of cells:

μ =
dX
dt

1
X

(1)

where X = xV (g) is the cell (biomass) amount; x (g/L) is the cell (biomass) concentration; and V (L) is
the cultivation broth volume. The SGR is the most important variable in biotechnological processes,
which influences the physiological state of microbial culture, production of cell biomass and desired
products, and quantity and quality of products [3–8].

The development of relatively simple and reliable methods for SGR monitoring and control
in industrial bioreactors is one of the most important control engineering tasks for successful
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implementation of the Process Analytical Technology (PAT) framework in bioengineering [9,10].
However, to properly exploit the benefits of SGR control systems in microbial and mammalian cell
cultivation processes, basic bioprocess variables (temperature, pH, dissolved oxygen concentration,
etc.) need to be controlled by commonly available and well-functioning control systems. Unfortunately,
in many cases these systems do not ensure sufficient control quality [1,11,12] allowing to further
proceed with SGR monitoring and control.

This paper is structured as follows: In Section 2, importance of the control quality of the
basic control systems in the biotechnological processes is analyzed. Section 3 introduces important
preconditions for implementation of SGR control systems in industrial bioreactors. Section 4 expands on
strategies for SGR control suitable for industrial bioreactors. Finally, the authors give recommendations
for application of the discussed SGR control solutions in various biotechnological processes.

2. Quality of Basic Control Systems in Industrial Bioreactors

The performance quality of automatic control systems for basic process variables is still low
in most industrial microbial and mammalian cell cultivation processes [1,11]. Despite the fact
that sophisticated control strategies for microbial cultivation processes are widely discussed in the
academic community and research papers [2,13–15], the authors’ experience shows that, at present,
only simple, conventional automatic control systems are realized in the majority of industrial-scale
(bio)reactors [11,16]. This situation is related to a common underestimation of the control systems’
importance in improving the productivity and quality of the biotechnological processes. It is also
related to the relatively high costs of implementation and maintenance of these advanced control
systems and the resultant low acceptance of these systems by plant managers.

Bioreactors are the key operation units in biochemical and biopharmaceutical processes,
in which the basic control systems attempt to control the cultivation environment outside of the
cell. The commonly controlled variables of the cells’ environment are temperature, pressure, pH,
and dissolved oxygen concentration. The basic feedback control systems of industrial bioreactors for
controlling bacterial cell cultures that produce biopharmaceutical products are presented in Figure 1.
The temperature controller manipulates the flow rate of cooling water in the jacket. The pressure inside
the bioreactor is controlled by manipulation of the off-gas flow rate. The pH controller manipulates the
flow rate of ammonia solution (usually, the acid solution does not need to be added to bacterial cell
culture cultivations, unless compensation of base excess is required). The dissolved oxygen controller
output is split to manipulate the air flow rate and the agitation speed (at high cell density cultivation
the air flow may be enriched by additional oxygen).

Today, the most important industrial cultivations of microbial and mammalian cells are carried out
in the fed-batch mode. In fed-batch processes, one or more substrates are fed into the bioreactor during
the process. The product remains in the bioreactor until the end of the cultivation cycle. Fed-batch
processes overcome substrate inhibition and overflow effects. Such an operational mode allows a high
cell density and product concentrations to be achieved [6]. By controlling the substrate feeding rate,
the optimal conditions for the biotechnological process can be secured.

To realize the bacterial growth rate control systems, efficient glucose feeding algorithms need
to be implemented, and in the mammalian cell cultivation processes, additionally, the feeding rate
of glutamine needs to be controlled. It is important to note that modern industrial bioreactors are
equipped with inexpensive and reliable devices to measure the composition of aeration gas in the inlet
and outlet (fraction of O2, CO2) and the molar flow rate, Q. Hence, the oxygen uptake rate (OUR) and
the carbon dioxide production rate (CPR) can be calculated from the online measurements as follows:

OUR = Q
(
Oin

2 −Oout
2

)
, (2)

CPR = Q
(
COout

2 −COin
2

)
. (3)
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The above measurements allow an online estimation of the important process variables, OUR
and CPR, during bacterial and mammalian cell cultivation processes [17,18]. Because of the lower
cell density and respiratory intensity, OUR and CPR measurements based on the off-gas composition
may cause larger measurement errors in mammalian cell cultivation processes. As an alternative
technique, an OUR estimation using dissolved oxygen (DO) measurements may also be applied [19].
The OUR and CPR are the most important variables for indirect monitoring of the biomass growth rate
in industrial bioreactors, as they comprehensively reflect the physiological state and metabolic activity
of the aerobic biotechnological processes [1–3,11,20].

 

Figure 1. Basic control system loops for a typical microbial cultivation process.

Good performance of the basic control systems improves the batch-to-batch reproducibility/
repeatability of the processes [11,21]. The other advantage of a well-controlled bioreactor is the
possibility to run the bioreactor at higher capacity or with better efficiency by operating the process
closer to physical constraints. Good reproducibility is also an important condition for possible process
improvements and modifications, as improvement in reproducibility by means of well-operating
control systems allows a reduction in the number of expensive and time-consuming experiments
required to compare the performance indices of the modified processes and to optimize the controlled
technological regime [1].

The proportional-integral-derivative (PID) controllers are predominant controllers used in the
basic control systems of microbial and mammalian cell cultivation processes. Quality of the bioprocess
control depends on the complexity of the process dynamics, the process variable measurement noise
and errors, tuning of the system controllers, and performance accuracy of the executive devices (valves
and speed drives). Dynamics of the particular biotechnological parameter control process can be
characterized by three resulting dynamic parameters: dead time, time constant and process gain.
These parameters are commonly used to determine the tuning parameters of a PID controller. Control
quality of the bioreactor operation mode critically depends on how well the controllers are set up
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and tuned to deal with the sources of the process variability [1,2,11,13]. Because of the nonlinearity
and nonstationarity of the bioprocesses, proper tuning of the controllers requires appropriate efforts.
The performance of PID controllers with fixed tuning parameters are not sufficiently accurate because
of the significant variations in the process’ dynamics. Consequently, various approaches have been
proposed to tune the PID controller parameters in microbial cultivation processes under time-varying
operating conditions, including gain-scheduling methods [12,22–24], first-principle models [25],
tendency models [26], rule-based fuzzy systems [13], and other techniques [1,2,14,15]. The proposed
approaches give a sound theoretical and practical basis to implement adaptive control schemes in
bioreactor systems and show that implementation of the adaptive algorithms in basic control systems
can significantly increase the performance of the systems. Gain-scheduling methods and tendency
models are the most appropriate solutions for improving the quality of basic control systems in microbial
cultivation processes because they are relatively simple to implement and pose low requirements on
model complexity. The advantages have been extensively discussed and substantiated in previous
studies [12,22–24,26]. An important task now is to broaden implementation of these algorithms in
industrial bioreactors.

Well-functioning basic control systems create opportunities for further process improvements and
also for implementation of the SGR control systems in bioreactors [1,11]. Development of relatively
simple solutions to control the specific growth rate in fed-batch processes remains a timely and
important task in view of implementing the PAT framework in industrial biotechnological processes.

3. Preconditions for Implementation of SGR Control Systems in Industrial Bioreactors

The basic requirements for SGR control systems designed to control microbial and mammalian
cell cultivation processes can be formulated as follows:

• The systems should be as simple as possible and intuitive for the user. Process operators without
special modeling/control knowledge should be able to supervise these systems.

• The systems must be based on measurement and control equipment that is currently used standard
equipment in industrial bioreactors.

• Development time, cost, and benefits of the systems must be attractive to potential users.

According to the above requirements, most of the solutions for SGR control systems presented
in scientific literature [3,6] are not attractive enough for industrial implementation. More complex
monitoring and control systems, even if equipped with easy-to-use interfaces, may require retuning,
model identification, and maintenance tasks in case the operational modes or microbial cultures have
been changed. Often these tasks cannot be carried out by the biotechnology companies alone and may
cause additional expenses for outsourcing and production delays. In the authors’ opinion, this is the
main reason SGR control systems have rarely been used in industrial bioreactors so far.

In this contribution, the authors provide an overview of those SGR control systems that meet
the aforementioned requirements. In most widespread control systems, SGR is usually controlled
by manipulating the substrate feeding rate [6,27]. In recombinant protein production processes,
the temperature of the medium is also used to control cell growth [28]. Despite that the growth
rate could be controlled (e.g., by manipulating the dissolved oxygen concentration in cultivation
medium [29], temperature of the medium [28] or pH), to date these techniques have not been sufficiently
investigated and have not been widely implemented in industrial practice [11].

When the growth rate is controlled by manipulating the substrate feeding rate, the substrate
concentration in cultivation medium remains relatively low [30]. This allows avoiding production
of the overflow metabolites in some of the most important microbial expression systems, so-called
Crabtree-positive organisms, such as S. cerevisiae and E. coli. The presence of the overflow metabolites,
such as acetate or ethanol, frequently leads to inhibition of both the biomass growth and formation of
the proteins.
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To ensure controllability and batch-to-batch reproducibility, the SGR needs to be controlled during
the process at a level that is lower than the maximum SGR [11]. The maximum available SGR is
observed during particular growth phases of the process, when the growth is not limited by substrate
concentration [12,31], and depends on the specific culture, medium composition, concentrations of
biomass and metabolites, as well as the oxygen transfer capabilities of the bioreactor. It is worth
mentioning that direct control of the substrate concentration in bioreactor at the set-point does not
guarantee that a constant SGR will be kept. This is because [11]:

• Cell growth at a limited rate occurs under low substrate concentrations. Because of this, online
measurements, calibration of the measuring devices, and control of the substrate concentration
are difficult to implement in industrial bioreactors.

• Sensor readings of the substrate concentration reflect only the local substrate concentration
around the sensor, which may significantly differ from the average concentration in the bioreactor.
Therefore, the substrate concentration control system is not able to control the SGR in the entire
cultivation medium.

In the majority of recombinant protein production processes, the control objective is to maximize the
amount of target protein at the end of the process while maintaining high batch-to-batch reproducibility.
To achieve this goal, two steps most often are implemented for SGR control:

• During the first stage of the process, the SGR is kept at a trajectory that is 10–15% below the maximum
available SGR.

• During the second stage, the SGR is kept at a trajectory that leads to the maximum specific
production rate of the target product. Usually, the level of the SGR kept at this phase is significantly
lower compared to that maintained at the first stage.

SGR control systems can be realized using open-loop and closed-loop control systems [6,11].
In the following sections, the authors analyze and evaluate SGR control systems that are best suited for
industrial applications. The analyzed and evaluated control solutions are ordered in this review by
their complexity (i.e., starting with the simplest open-loop systems and ending up with the control
systems that employ cascade control schemes and SGR estimators).

4. Schemes for SGR Practical Control Systems

4.1. Open-Loop SGR Control Systems

The majority of industrial fed-batch microbial cultivation processes are operated using open-loop
SGR control systems [11], in which the time profile of the substrate feeding rate is calculated using
simple mass-balance models and a desired time profile of the SGR during the process. The desired
SGR values, μset, can be described by the following equation:

μset =

{
μset1 = (0.85 . . . 0.90)μmax f or growth phase,

μset2 = μopt f or production phase.
(4)

Based on the desired set values for SGR, the corresponding substrate feeding rate can be determined.
Accumulation of the total biomass during cultivation and the substrate feeding rate for both stages of
the process can be estimated from simple mass-balance equations:

dX
dt

= μsetiX, i = 1, 2. (5)

The amount of biomass accumulated in the growth stage can be calculated from the equation

X(t) = X0eμset1 t, (6)
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and the amount of biomass accumulated in the production stage can be calculated from the equation

X(t) = X0eμset1 tg · eμset2 (t−tg), (7)

where tg (h) is the end time of the growth stage.
Using the predicted time trajectories of the biomass accumulation, X(t), the substrate feeding rate

F1(t) in the growth stage can be derived from the dynamic mass-balance equation for the substrate
under steady-state conditions [2,6,8,20,30], which results in the following equation

F1(t) =
X0eμset1 tμset1

Yxs1SF
, (8)

and the substrate feeding rate F2(t) in the production stage can be estimated from the equation

F2(t) =
X0eμset1 tg eμset2 (t−tg)μset2

Yxs2SF
, (9)

where X0 (g) is the total amount of biomass in the bioreactor at the beginning of cultivation process;
X(t) (g) is the time trajectory of the total biomass accumulated during the process; SF (g/L) is the
concentration of the substrate in the feeding solution; and Yxs1 and Yxs2 (g/g) are the yields of biomass
on substrate in the growth and production phases, respectively. In substrate-limited processes,
the substrate concentration in the bioreactor is low. Therefore, this concentration is not taken into
account in Equations (8) and (9).

When the SGR control algorithm based on Equations (8) and (9) is developed, implementation of
the control system is straightforward. For this purpose, only an actuator to dose the feeding substrate
to the bioreactor is needed. For some recombinant protein production processes, the yield of biomass
on substrate can be different in the growth (Yxs1) and the production stages (Yxs2). In such cases, the
yields must be identified from experimental data for the particular process phase and must be taken
into account when using Equations (8) and (9) to estimate the substrate feeding rates. Additionally,
μmax and μopt may vary during the process because of the increasing concentrations of metabolites,
biomass, and other process variables. In this case, μmax(t) and μopt(t) should be presented as time
profiles, and a numerical integration procedure to predict the biomass growth and substrate feeding
time profiles needs to be applied.

The substrate feeding time profiles estimated from Equations (8) and (9) can be directly
used for implementing the open-loop SGR control systems in various biotechnological
processes [6,7,22,30,32,33]. Certainly, more sophisticated bioprocess models and optimization
procedures can be used to determine the feeding rate control algorithms in open-loop SGR control
systems. These methods are widely reviewed and analyzed in many research and academic
papers [3,6,8,27,34,35]. However, implementation of more sophisticated procedures in industrial
bioprocesses requires specific knowledge in process modeling and efforts to develop more accurate
models. Consequently, application of complex methods in industrial environment is not a commonplace.

The SGR open-loop control systems based on Equations (8) and (9) are easy to implement and do
not require additional measurements. On the other hand, open-loop systems do not compensate for
process disturbances. Consequently, possible variations in the substrate concentration of the feeding
solution or deviations of the feeding flow rate are not compensated. These disturbances can decrease
the performance of the biotechnological process. In the next sections, the authors analyze and provide
relatively simple and already existing solutions to overcome these problems.

4.2. SGR Control Systems Based on CPR/OUR Estimations

Reliability and accuracy of SGR control can be increased by employing closed-loop control systems.
One of the simplest closed-loop SGR control systems is proposed in Reference [27]. Here, based on a
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simplified assumption that the carbon dioxide production rate (CPR) during the process is in a linear
relationship with the biomass growth rate

CPR(t) = αμ(t)X(t), (10)

the specific growth rate μ can be estimated using the following equation

μ(t) =
CPR(t)∫ t

0 CPR(τ)dτ
, (11)

where α is a model parameter, and τ is the integration time variable.
If real-time estimation of SGR is available, feedback control systems can be developed to

automatically track a desired SGR time profile by manipulating the substrate feeding rate.
Results of the SGR control obtained in Reference [36] show that an acceptable control quality can

be obtained by applying a typical control system based on PI controllers. To achieve better control
quality, it is straightforward to adapt the controller parameters to the time-varying dynamics of the
controlled process by applying gain-scheduling algorithms mentioned in Section 2 and using the
CPR signal as a scheduling variable. The main drawback of the analyzed control approach is that,
during SGR estimation, an assumption is made that the CPR during the process is proportional to
the absolute biomass growth rate. In fact, it is known that more accurate results may be achieved
if the Luedeking–Piret-type relationship is applied to correlate the CPR and the biomass growth
rate [20,37]. This relationship additionally takes into account the CPR fraction that is related to the
maintenance of the cell’s vital functions and accounts for a significant part of the total CPR (for instance,
in high-cell-density bacterial cultivation processes). Figure 2 shows the simulated trajectories of the
biomass growth and the CPR of the recombinant E. coli cultivation process in a 1 m3 volume bioreactor
as well as the comparison of the actual and the estimated SGRs. The latter is calculated from Equations
(10) and (11). The actual CPR of the process is modeled using the equation

CPR(t) = αμ(t)X(t) + βX(t), (12)

where parameter β determines the CPR fraction related to maintenance of the cell’s vital functions.

(a) (b) 

Figure 2. Simulated trajectories of the biomass growth and carbon dioxide production rate (CPR) (a),
and the trajectories of the real specific growth rate (SGR) and that estimated from Equation (7) (b) in a
typical recombinant E. coli cultivation process in a 1 m3 bioreactor.

In the simulation experiment, values of the parameters α and β were used that are typical for
recombinant E. coli cultivation processes (α = 0.9 (gCO2/gX), and β = 0.1 (gCO2/(gX·h))), induction at

213



Processes 2019, 7, 693

t = 8 h) [38]. The simulation results, presented in Figure 2, show that the estimated SGR deviation
from the real trajectory increases with an increasing amount of biomass (the estimated rate at the
end of the process is 0.05 (1/h) higher than the real one). Hence, it is advantageous to introduce
empiric correlations correct the estimated SGR when applying this method in high-density cultivation
processes. The magnitude of correction should be defined from earlier cultivation experiments.

To estimate SGR, OUR data can also be used. However, the measurements related to OUR
estimation may be corrupted by the noise related to the off-gas composition, pressure, and the gas
flow rate fluctuations if additional oxygen is used enrich the aeration air. Therefore, to control the
high-density cultivation processes, it is recommended to use CPR data in SGR estimation relationships.

A more accurate SGR control system based on OUR or CPR measurements is proposed in
References [25,39]. Realization of the proposed control system does not require a mathematical model
and a priori knowledge of the culture of the microorganisms under control. It can be realized using
standard programmable controllers/measurement devices and is well suited for control of industrial
biotechnological processes. In the cited contributions, it is shown that if the substrate feeding rate is
manipulated to control OUR during the process, in such a way that the OUR data-based ratio R

R =
dOUR

dt
1

OUR
, (13)

is stabilized at the desired SGR set-point R = μset, then the specific growth rate μwill asymptotically
approach the set-point μset and will be controlled at that point. For control of the ratio R, the PI control
algorithm was recommended, and controller gain was adapted to the time-varying dynamics of the
controlled process using the gain-scheduling approach with the feeding rate as the scheduling variable.
The block-scheme of the SGR control system and the simulation results of the system’s performance
are presented in Figure 3. The simulation and experimental investigation tests of the proposed SGR
automatic control system have shown a stable performance and sufficiently accurate control of the SGR
under stepwise changes to the process parameter values and high-level noise of the feedback signal
measurements [25,39]. This control system can be efficiently applied in controlling biotechnological
processes, in which the SGR set-point is constant or changes slowly. For realization of the system,
either OUR or CPR online estimates can be used.

 

(a) (b) 

Figure 3. Block-scheme of the SGR control system (a) and the simulation results of the system
performance (b). Reproduced with permission from D. Levišauskas, Biotechnology Letters; published
by Springer Nature, 2001.

It should be stressed that the SGR control systems based on Equation (11), when applied in
high-density cultivation processes, cause noticeable deviations at high cell concentrations. SGR control
systems based on Equation (13) are less efficient when tracking time-varying SGR set-point profiles.

In the next sections, more complex control systems are discussed that overcome the
above shortcomings.
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4.3. SGR Control Systems Based on CPR/OUR Estimations and the Mass of CO2/O2 Produced/Consumed
During Cultivation

Robust control of the SGR is a crucial problem when designing an efficient process, in which
the SGR is to be controlled at the value μset < μmax in order to secure reproducibility of the processes.
However, the already discussed SGR closed-loop control systems have two shortcomings: (a) for
system implementation, an online estimation of the μ-values is required, and (b) high batch-to-batch
reproducibility is not guaranteed. For example, if disturbances occur during a process (e.g., variation
in the initial amount of biomass X0) or in the instrumentation (e.g., if the substrate feeding is shortly
interrupted), they cause slight deviations in the biomass growth trajectory from the desired trajectory,
and such an offset cannot be eliminated later on, even if the controller exactly tracks the predefined
μ-profile. An approach to cope with the disturbances that cause process reproducibility problems
is proposed in Reference [40]. In this work, a desired SGR time profile μset(t), the initial amount of
biomass X0, and Equation (1) were used to estimate the biomass growth time profile X(t) during the
process. If the biomass growth profile X(t) can be tightly controlled by manipulating the substrate
feeding rate, the corresponding SGR profile will follow the desired μset(t) profile. This control system
is more robust as compared to direct SGR control systems, as the short-term disturbances that occur in
the control equipment and the process itself are compensated by controlling an integral variable—the
amount of accumulated biomass X(t). However, implementation of the above control system requires
development of a reliable soft-sensor for the online estimation of the amount of accumulated biomass
during the process. Therefore, the X(t) online estimation problem complicates the practical realization
of this control approach. To eliminate this shortcoming, simplified SGR control systems were developed
and experimentally tested in bacterial and mammalian cell cultivation processes [41–43]. The main
idea behind these control systems is to use the predetermined time profiles of CPRset(t) as the system’s
time-varying set-point, and the mass of CO2(t) produced during the process (mCO2set) as an indirect
metric for SGR control purposes. CPR(t) is stoichiometrically related to the SGR and the biomass
(Equation (9)), and the integral of this equation gives the mass mCO2set(t) produced during the process.

By manipulating the substrate feeding rate to control the predetermined set-point time profile
mCO2set(t), the control system indirectly maintains the desired SGR during the process. The structure of
the discussed cascade control system is depicted in Figure 4. The PI controller of the inner loop controls
the CPRset(t) time profile, and the PI controller of the outer loop controls the set mCO2set(t) profile.

Figure 4. Cascade control system for indirect SGR control based on predetermined CPRset(t) and
mCO2set(t) time profiles.

If the controlled process is tightly kept on the CPRset(t) and mCO2set(t) time profiles, the process
will also follow the desired SGR time profile. The proposed control system ensures good quality of
the SGR control, and, because of the cumulative nature of the set-point variable mCO2(t), random
disturbances do not significantly distort the course and reproducibility of the process.

Implementation of the proposed control system can be realized in the following steps:
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• Choose a rational μset(t) time profile for the process. A proper profile can be estimated from expert
knowledge, mathematical model-based process optimization results, or from the analysis of a
successful “golden batch” experiment.

• Choose an appropriate inoculum size (initial amount of the total biomass X0) for the process
and estimate the biomass growth time profile X(t) using the μset(t) profile, Equation (4), and a
numerical integration procedure.

• Estimate the CPRset(t) time profile using Equation (10) and the identified parameter values α and
β. Note that the above parameter values may be different for the biomass growth and product
formation stages.

• Integrate the CPRset(t) time profile to get the corresponding profile mCO2set(t) for the controlled process.
• Control the process by tracking the estimated profiles CPRset(t) and mCO2set(t). Control is realized

using the cascade control system that manipulates the substrate feeding rate.

Various realizations of the above control system have been investigated by computer simulations
of the system’s performance and by controlling real processes of recombinant E. coli and mammalian
cells (CHO) [18,41,42]. Typical results of the applied control system for controlling the recombinant
E. coli fed-batch cultivation processes over six runs are presented in Figure 5. The laboratory-scale
experimental results show that the proposed control approach leads to a stable and robust behavior of
the controlled process. It should also be stressed that small variations in the initial amount of biomass
X0 and short instrumentation disturbances do not significantly affect the reproducibility of the process.

(a) (b) 

Figure 5. Typical experimental results of the total cumulative CPR (a) and SGR indirect control
(μset(t) = 0.5 1/h at the first process stage and μset(t) = 0.175 1/h at the second stage) (b) during the
recombinant E. coli cultivation process. Reproduced with permission from M. Jenzsch et al. J. of
Biotechnology; published by Elsevier, 2007.

Because of the significant changes in the process dynamics during cultivation, it is possible to
improve control quality of the cascade control system by adapting controller parameters. Tuning
parameters of the PI controllers can be adapted to time-varying dynamics of the controlled process
using the gain-scheduling approach. The controller adaptation scheme using the gain-scheduling
algorithm is shown in Figure 4 by the dashed lines. In the gain-scheduling algorithms, one can use
CPR or OUR measurements as the gain-scheduling variables.

Instead of using the OUR(t) or CPR(t) time profiles, the performance of the inner control loop
of the cascade control system can also be improved by implementing the SGR estimator, developed
from Equations (12) and (13) [44]. Investigation results presented in Reference [44] have shown that
the control system with the SGR estimator outperforms the control system depicted in Figure 4 when
the controlled process is affected by disturbances to the substrate feeding rate. On the other hand,
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implementation of the modified control system requires additional calculations related to online
estimation of the SGR.

The structure of the SGR control system presented in Figure 4 may be used as a basis for
development of closed-loop control systems for controlling the processes of various microbial cultures
in industrial bioreactors. Because it is technically simple to implement and possible to improve
batch-to-batch reproducibility, this system could be used as a benchmark to compare the control quality
of various SGR control systems and to evaluate their potential implementation in industrial bioreactors.

5. Concluding Remarks and Recommendations

In recent years, numerous research papers have been published, in which original solutions and
sophisticated control techniques were developed for the automatic control of microbial and mammalian
cell cultivations processes. However, the majority of the proposed control systems are too complicated
to be attractive for robust control of industrial biotechnological processes. Therefore, the well-known
statement of Luyben [16], “Complex elegant control systems look great on paper but soon end up on
‘manual’ in an industrial environment”, is also valid for the majority of the control systems developed
for biotechnological processes.

In this paper, relatively simple control approaches that can be applied in microbial and mammalian
cell cultivation processes are discussed and recommended for practical application. The reviewed
algorithms and systems designed for indirect control of the specific growth rate can significantly
increase robustness and batch-to-batch reproducibility of industrial-scale biotechnological processes.
The recommended control algorithms and systems are based on CPR or OUR online measurements
and on the total mass of oxygen consumed or the total mass of carbon dioxide produced during the
process. In the case when additional oxygen is used during the processes, it is recommended to use
the CPR and mCO2 signals in the control system algorithms because of their lower estimation errors
compared to those when using OUR and mO2 signals. To estimate oxygen uptake and carbon dioxide
production rates, several industrially well-established gas analyzers and mass flow meters are available.
Basic instrumentation for installation of the SGR control systems, the online gas analyzer, combines
parallel measurement of CO2 and O2 concentrations in the off-gas using two space-saving sensors.
The analyzer can be used both for lab- and industrial-scale bioreactors. In the industrial gas analyzers,
compensators for gas pressure and humidity are incorporated. Consequently, these analyzers ensure
good precision and reliability of the measurements.

The available instrumentation and discussed control methods and systems provide a possibility
for wider application of SGR control in biotechnological processes. At the very beginning of the
process, accuracy of the indirect measurements is usually low and insufficient to track exactly the
SGR set-point time profile in closed-loop control systems. Consequently, it is recommended to start
the process using the feeding rate open-loop control strategies determined by Equations (8) and (9)
and, after three to four hours, to switch the SGR control to the closed-loop control system. For the
low-density cell cultivation processes, the SGR control system based on Equation (11) is recommended.
For processes, in which the SGR set-point is kept constant, the control system based on Equation (13)
(Figure 3) is well suited. For more advanced applications, the SGR control system presented in Figure 4
is recommended. The above system can be applied as a benchmark to compare the control quality of
various SGR control systems.
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