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There is a need for efficient modeling strategies that quickly lead to reliable models.
In the serial gray-box modeling strategy the inaccurately known terms in the macro-
scopic balance are modeled with a black-box model structure such as a neural network.
This way one efficiently obtains an accurate model with good extrapolation properties
without the need to develop a rigorous white-box model in which much more knowledge
would be involved and without the need to do many identification experiments. Differ-
ent types of extrapolation are specified and analyzed and they are related to the different
parts of the serial gray-box model structure. The strategy is demonstrated for modeling
pH effects on the enzymatic conversion of penicillin G using real-life data. The resulting
serial gray-box model is compared with a model from a more knowledge-driven white-box
strategy and with a model from a more data-driven black-box strategy. The
serial gray-box modeling strategy is especially advantageous at the medium level of
process operation, which is mainly concerned with the calculation of optimal condition

for (bio)chemical processes.

Introduction

Mathematical models are very useful for the design and
optimization of (bio)chemical processes. Unfortunately, the
model necessary for a given process usually is not directly
available, so that development of the model becomes a labo-
rious and expensive stage in the whole design or optimization
procedure. Therefore, there is a need for efficient modeling
strategies that quickly lead to reliable models.

Existing modeling strategies can be divided into white-box,
black-box, and gray-box strategies, depending on the amount
of knowledge that is used for development of the model.
White-box strategies are mainly knowledge driven, which
means that the time involved to obtain the necessary knowl-
edge can be in conflict with the desire for an efficient devel-
opment of the model. Black-box strategies are mainly data
driven and the resulting models often do not have reliable
extrapolation properties, which means that the need for many
identification experiments, in order to cover the whole appli-
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cation domain, can be in conflict with the desire for an effi-
cient model development. Nevertheless, black-box strategies
have been applied to (bio)chemical processes, especially since
convenient nonlinear black-box modeling tools like neural
networks have been available (Thibault et al., 1990; Bhat and
McAvoy, 1990; Psichogios and Ungar, 1991; Montague and
Morris, 1994; Zhang et al., 1994; Albiol et al,, 1995; Zhu et
al., 1996). Gray-box modeling strategies are potentially very
efficient if the black-box and white-box components are com-
bined in such a way that the resulting models have good in-
terpolation and extrapolation properties, without the need to
develop a rigorous white-box model or the need to do many
identification experiments.

Previous articles already presented two types of gray-box
modeling strategies in which a neural network is combined
with a white-box model: the parallel and the serial gray-box
modeling strategies. In the parallel strategy the neural net-
work is placed parallel with a white-box model. The neural
network then performs as an error model, which should model
the difference between the white-box model and reality. Su
et al. (1992) and Cote et al. (1995) demonstrated that the
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parallel approach resulted in models that had better interpo-
lation properties than pure black-box models. Van Can et al.
(1996a) demonstrated the parallel strategy for the modeling
and real-time control of a pressure vessel and showed that in
their case the parallel gray-box model had no reliable extrap-
olation properties.

In the serial gray-box modeling strategy the neural network
is placed in series with a first-principles model. This seems
more promising with respect to extrapolation. Various re-
searchers (Psichogios and Ungar, 1992; Thompson and
Kramer, 1994; Schubert et al., 1994; Simutis et al., 1995; Dors
et al., 1995; Tholudur and Ramirez, 1996) showed the poten-
tial extrapolation properties of serial gray-box models. How-
ever, these articles made no distinction between different
types of extrapolation, and no attention was paid to the ori-
gin of the extrapolation properties in the serial gray-box
model structure. Still, there are two important reasons to in-
vestigate these aspects of gray-box modeling. First, as for
complete black-box models, extrapolation of the black-box
part of the serial gray-box model should be avoided. In order
to be sure that extrapolation does not rely on the black-box
part of a gray-box model, it is important to define more pre-
cise extrapolation and to find its origin in the model struc-
ture. Second, detailed knowledge about extrapolation and its
origin is needed to fully benefit from the serial gray-box mod-
eling strategy, because reliable extrapolation properties pro-
vide the basis to select a small set of identification experi-
ments given a desired large application domain for the model.
Van Can et al. (1996a,b) did distinguish between different
types of extrapolation and related these to different parts of
the serial gray-box model. It was shown that this is a good
basis to select a small domain for the identification data, given
a large application domain for the model.

It is the purpose of the present article to further specify
and analyze different types of extrapolation and to relate
them to the different parts of the serial gray-box model struc-
ture. It will be shown how the serial gray-box modeling strat-
egy can be applied efficiently to yield models with good inter-
polation and different types of good extrapolation, without
the need to develop a rigorous white-box model and without
the need to do many identification experiments. This is
demonstrated for the modeling of the pH effect on the enzy-
matic conversion of penicillin G, using real-life data. More-
over, the performance of the serial gray-box model will be
compared with the performance of a model from a more
knowledge-driven white-box strategy and with the perform-
ance of a model from a more data-driven black-box strategy.
Based on the results in this article it can be concluded that
the seria! gray-box modeling strategy is especially advanta-
geous at the medium level of process operation, which is
mainly concerned with the calculation of optimal condition
for (bio)chemical processes.

Outline of the Article

First, we distinguish between different levels of process op-
eration, for which mathematical models can be used to ob-
tain process improvements. As stated in the Introduction, for
a given process the necessary model is usually not available,
and therefore this article focuses on efficient modeling
strategies that quickly lead to reliable models. Good extrapo-
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lation properties are an essential part of an efficient model-
ing strategy, because they provide the basis to select a smail
set of identification experiments given a large application do-
main for the model. Therefore, after the section on different
levels of process operation we define more precisely different
types of extrapolation that play a central role in the remain-
der of the article. After that we introduce the serial gray-box
modeling strategy as a strategy in which the inaccurately
known terms in the macroscopic balance are a modeled black
box, for example, with a neural network. This strategy is po-
tentially very efficient and quickly leads to reliable models
with good extrapolation properties, without the need to de-
velop a rigorous white-box model and without the need to do
many identification experiments.

The remainder of the article is devoted to the application
of the serial gray-box modeling strategy to the modeling of
the pH effect on the enzymatic conversion of penicillin G,
using real-life data. For comparison, a white-box and a black-
box modeling strategy are also applied to the system under
consideration. The applied model structures and their identi-
fication are reported in detail. The three model structures
(gray, white, and black) are validated and compared on the
basis of their interpolation and various extrapolation proper-
ties using 28 validation experiments. Finally, the discussion
part of this article is devoted to the general applicability of
the serial gray-box modeling strategy, including its extrapola-
tion properties, and especially to its specific advantages for
mathematical modeling at the different levels of process op-
eration. Based on the results in this article it is argued that
the serial gray-box modeling strategy is especially advanta-
geous at the medium level of process operation, which is
mainly concerned with the determination of optimal setpoint
trajectories.

Levels of Process Operation

The economics of (bio)chemical processes severely depend
on the choice of the (bio)catalyst, the choice of process
equipment and the way of process operation. In a continuous
search for improved processes, none of these aspects can be
neglected. Still, in this article, we concentrate only on the
construction of mathematical models for improvement of
process operation. Process operations can be defined as a
class of operations that has to meet production targets, en-
sure a constant product quality, minimize operation costs, and
fully utilize the possibilities of the given catalyst and process
equipment. Typically, process operations have to deal with a
given situation of catalyst and process equipment. Process
operation can be divided into three levels (Figure 1) and at
each level mathematical models can be used: a lower level
that is mainly concerned with setpoint tracking; a medium
level that is mainly concerned with supervisory control tasks;
and a higher level that is mainly concerned with plantwide
control tasks. Generally speaking, human interference in-
creases and mathematical precision decreases from the lower
to the higher level of process operation.

The lower level of process operation should ensure a ro-
bust and stable process by reducing the effects of disturb-
ances and by accurately tracking the predefined setpoints.
Already for some decades, this level has been the domain of
process control and is characterized by a high level of au-
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Figure 1. Three levels of process operation.

tomation. Typically, the tasks at the lower level are associ-
ated with the smaller time constants of the process. For ex-
ample, adjustments for pH and temperature control are made
every few seconds or minutes. Clearly, at the lower level of
process operation direct on-line information of the actual
state of the process is of key importance. This information
can be obtained from on-line measurements or by state esti-
mation using a model of the process. Unfortunately, for the
latter case the necessary model is usually not directly avail-
able. Moreover, at the lower level of process operation im-
provements can be obtained by the application of advanced
process control. Again, this usually requires a model that is
not directly available for a given process.

The medium level of process operation is mainly con-
cerned with supervisory control tasks. For (bio)chemical
processes one could think of determining the setpoint trajec-
tories for pH, temperature, and dissolved oxygen, and deter-
mining nutrient feeding strategies, fault detection, and check-
ing the process for its overall performance (e.g., by off-line
analyzing samples). Typically, the tasks at the medium level
of process operation are associated with the larger time con-
stants of the process. For example, samples are taken once or
twice per batch process (or per day), and setpoints are sel-
dom adjusted on-line. Traditionally, this medium level of
process operation has been the role of human operators. For
(bio)chemical processes the medium level of process opera-
tion is very important for the economics of the process. The
performance of (bio)catalysts depends severely on their di-
rect environmental conditions, such as substrate and product
concentrations, pH, temperature, and oxygen. For example,
in many fermentation processes 2-3 nutrients must be fed to
the reactor in an optimal way, and also pH and temperature
time-profiles can contribute to a more optimal process per-
formance. Whereas traditionally these conditions were deter-
mined by trial and error (resulting in suboptimal conditions),
nowadays the role of model-based approaches is increasing
(Shioya, 1992; Lopez and Malcata, 1993; Uhlemann et al.,
1994; Zhang et al., 1994; Lee and Ramirez, 1994; Chang and
Hseih, 1995; Modak and Lim, 1995). In these model-based
approaches the development of the model is the time-limit-
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ing step. Existing models are usually not accurate enough for
one specific process, and development of new, accurate mod-
els is very time- and money-consuming.

The higher level of process operation is mainly concerned
with plantwide control tasks: how much should be produced
and when, and how can the available equipment be used op-
timally? For example, in (bio)chemical industries efficient
scheduling of different batch operations can contribute to a
more optimal process performance. Typically, the tasks at this
level are associated with even larger time constants than the
tasks at the medium level. For example, a production sched-
ule is determined only weekly or monthly. Traditionally, this
level has been the domain of management. Also at this higher
level of process operation, the role of mathematical models is
increasing. However, the type of models that are used at this
level are mainly determined by business economics and oper-
ations research, and less by the nature of the processes at
hand. Therefore, this is considered to be outside the scope of
this article.

In conclusion, mathematical models are very useful for im-
provement of process operation. Unfortunately, for a given
process the necessary model is usually not available, and
therefore this article focuses on efficient modeling strategies
that quickly lead to reliable models. In the next section we
define different kinds of extrapolation that are essential for
an efficient modeling strategy. After that, we introduce the
serial gray-box modeling strategy.

Different Types of Extrapolation

There are two important reasons to distinguish between
different types of extrapolation. First, as for complete black-
box models, extrapolation of the black-box part of the serial
gray-box model should be avoided. In order to be sure that
extrapolation does not rely on the black-box part of a gray-box
model, it is important to more precisely define extrapolation
and to find its origin in the model structure. Second, detailed
knowledge about extrapolation and its origin is needed to fully
benefit from the serial gray-box modeling strategy, because
reliable extrapolation properties provide the basis to select a
small set of identification experiments given a large applica-
tion domain for the model. We distinguish between two main
types of extrapolation: amplitude and frequency extrapola-
tion.

In amplitude extrapolation the value of a variable during
application of the model is higher than the highest, or lower
than the lowest value in the set of identification data. Ampli-
tude extrapolation can be subdivided into range and dimen-
sional extrapolation (Van Can et al., 1996a,b). In range ex-
trapolation (Figure 2b), a variable (x, or x,) is applied out-
side the range within which it was varied during identifica-
tion. Consequently, the range of the application domain of
the model is larger than the range of the identification do-
main. A typical example of range extrapolation is given in
Figure 3a: a variable (x,) adopted three different values (am-
plitudes) during the identification of the models (solid lines),
but was used at a higher or lower value (amplitude) during
application of the model (dashed line). In the model develop-
ment phase the boundaries of the application domain of the
model are not always known accurately enough to completely
avoid the necessity for range extrapolation during the appli-
cation of the model. Therefore, the model should remain
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Figure 2. (a) Domain covered by the identification data;
(b) extending this by range extrapolation; and
(c) extending this by dimensional extrapola-
tion.

useful when it is used just outside the range of the identifica-
tion data.

In dimensional extrapolation (Figure 2c) a variable (x3),
which was kept constant during identification, varies during
the application of the model. Consequently, the dimension of
the application domain is larger than the dimension of the
identification domain. A typical case of dimensional extrapo-
lation is given in Figure 3b: the variable x, adopted only one
value (amplitude) in the identification experiments (solid
line), whereas it adopted different values (amplitudes) during
application of the model (dashed lines). Good dimensional
extrapolation properties are very important for fast model
development, because the number of identification experi-
ments can be reduced considerably when not all variables
have to be changed in the identification phase of the model.
Moreover, sometimes it is even impossible to vary a variable
in the model development phase, because the necessary ex-
perimental setup is not available (e.g., large scale). Dimen-
sional extrapolation can be seen as a special case of range
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Figure 3. Typical case of (a) range extrapolation; (b) di-
mensional extrapolation; (c) frequency ex-
trapolation; and (d) interpolation.

The time courses of x; in different identification/applica-
tion experiments are plotted together in one x, vs. time
graph.
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extrapolation, in which the range is very small (or zero) in the
identification phase. Still, it is important to distinguish be-
tween the two, because they can be related to different parts
of the gray-box model, as is shown in this article.

In frequency extrapolation a variable is used at a frequency
that is lower or higher than the lowest or highest frequency
in the identification experiments. This means that the dy-
namic behavior of the system in the application phase of the
model is different from the dynamic behavior of the system
during the identification experiments. A typical example of
frequency extrapolation is given in Figure 3c: a variable is
constant in the identification experiments (solid lines), al-
though it is used at different amplitude levels, but changes
dynamically during the application of the model (dashed
lines). Good frequency extrapolation properties are very im-
portant for efficient modeling of (bio)chemical processes. For
example, a model that has no reliable frequency extrapola-
tion properties and that has to be used for the calculation of
optimal pH, temperature, or feed profiles in a (fed-) batch
process, must be identified with data from many (fed-) batch
runs that contain all kinds of possible profiles. If, on the other
hand, the model has reliable frequency-extrapolation proper-
ties, the number of identification experiments can be reduced
considerably, because not all of the possible kinds of profiles
have to be present in the identification experiments.

For reasons of completeness, interpolation is defined as a
situation in which a variable is used at frequencies and ampli-
tudes between the highest and lowest frequency and ampli-
tude in the identification experiments. A typical example of
interpolation is given in Figure 3d: a variable (x,) is constant
during the identification and application of the model (no
frequency extrapolation) and its amplitude during application
is between the highest and lowest amplitude during the iden-
tification (no amplitude extrapolation).

Serial Gray-Box Modeling Strategy Based on the
Macroscopic Balances

The serial gray-box modeling strategy can be combined
quite naturally with the general structure of white-box dy-
namic models in (bio)chemical processes, which are always
based on macroscopic balances, for example, of mass, energy,
or momentum. These balances specify the dynamics of the
relevant state variables and contain different rate terms that
are associated with mechanisms such as transport and con-
version. Some of these terms are associated with directly ma-
nipulated or measured variables (such as in- and outgoing
flows) and, consequently, their mathematical relation with
these variables is straightforward and no effort is needed to
specify these relations. In that case these terms can be con-
sidered as accurately known terms. In contrast, some rate
terms (e.g., conversion kinetics) have a more or less complex
mathematical relation with one or more system variables,
which should be modeled in order to obtain a fully specified
model. In that case these terms can be considered as inaccu-
rately known terms. If such a mathematical relation between
one or more system variables and a rate term can be based
on directly available or easily obtainable first principles, it
can be modeled easily in a white-box way. If, on the other
hand, this is not possible, detailed knowledge about the in-
volved mechanisms is needed to obtain a complete (rigorous)
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white-box model. This detailed knowledge is not needed if
the complex nonlinear relation between the system variables
and a rate term is modeled with a neural network. In that
case, one obtains quite naturally the serial gray-box model
configuration.

In this article it is shown that for a serial gray-box model
the identification data only have to cover the amplitude do-
main of the input—output space of the inaccurately known
terms without taking into account the complete dimension
and frequencies of the future application domain of the com-
plete model. Dimensional extrapolation relies on the accu-
rately known terms in the macroscopic balances. Frequency
extrapolation relies on the correct specification of the set of
the macroscopic balances, which means that all relevant rate
terms should be incorporated in the balance equations and
which means that the relations modeled by the neural net-
work should be static (time-independent). As a result, one
obtains an accurate model with good interpolation and di-
mensional and frequency extrapolation properties, without
the need for many identification experiments and without the
need to develop a rigorous white-box model in which detailed
knowledge about many more mechanisms would have to be
taken into account.

Test Case

The serial gray-box modeling strategy is demonstrated with
experimental data for the modeling of pH effect on the enzy-
matic conversion of penicillin G (PenG) to 6-aminopenicil-
lanic acid (6APA) and phenyl acetic acid (PhAH), by the en-
zyme penicillin acylase:

searchers had already resulted in a white-box model, so that
a comparison between a gray- and white-box model is rela-
tively easy to make.

Materials and Methods
Experimental setup

The potassium penicillin G (PenG) was donated by Gist-
Brocades and was at least 99% pure. The 6-aminopenicillanic
acid (6APA) was purchased from Janssen Chimica ( >96%),
and the phenyl acetic acid (PhAH) from J. T. Backer ( >99%).
All compounds were used without further purification. The
enzyme penicillin acylase was donated in soluble form by Gist
Brocades. The activity of the available enzyme was standard-
ized by arbitrarily defining 1.0 mL of the available enzyme
solution as 1 U.

The overall experimental setup is presented in Figure 4.
All experiments were performed in a thermostatted (at 310
K) reactor with a maximum volume of 1,500 cm® (diameter of
13 cm and a height of 11 cm), equipped with three baffles
and a Rushton stirrer (250 rpm, 2X 6 blades with a diameter
of 5 cm positioned at 1.5 cm and 3.5 cm from the bottom of
the reactor). Solutions with the required concentration PenG
were prepared by dissolving known masses in a 50 mM phos-
phate buffer. The pH was adjusted with 1.0 N NaOH and 2.0
N HCl to the desired initial pH. The reaction was started by
adding an accurately known volume of enzyme solution to
the reactor. To bring the pH as close as possible to the pH
setpoint, 1.0 M NaOH could be added to the reactor with a
Metrohm 665 Dosimat. There was no possibility of automati-

penicillin
@-caz— CO—NH CHz acylase TN CH;
CH;, ——P CH; + CH,COOH
I:rl,_\[ N
PenG 6APA PhAH

For model identification and validation, experiments were
performed at a temperature of 310 K, in the pH range of
5.5-8.5 and at initial PenG concentrations between 12.5 and
100 mM. Due to the acid—base equilibria of PenG, 6APA,
and PhAH, H" is released during the conversion. Conse-
quently. the amount of added base that is needed to keep the
pH at setpoint during the conversion is a very valuable on-line
signal, which can be used to calculate time series of concen-
trations and conversion rates (Appendix B). These time se-
ries provided the necessary data for model identification and
validation.

The enzymatic conversion of PenG was chosen as a test
case because (1) it can very well be performed in (fed/re-
peated) batch mode, which is very common for many
(bio)chemical processes; (2) it has complex nonlinear kinetics,
which is also very common for (bio)chemical processes; (3) it
allows reproducible experiments, so that the results from
testing the predictive properties of a model are not obscured
by experimental uncertainties; and (4) the work by many re-
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cally adding acid to the reactor. Time series of pH and base
addition were stored for future data processing. All software
(data-acquisition and controller) was custom-made in order
to ensure maximum flexibility.

In most experiments samples were taken and analyzed off-
line by HPLC. Samples were taken before the beginning of
the conversion (before enzyme was added) and at the end of
the conversion (when no base was added anymore for more
than 300 s). The HPLC apparatus consisted of a Bondapack
phenyl corasil precolumn, a p Bondapack phenyl 3.9 X 300-
mm column (Waters), a Waters 590 pump, a WISP 712 auto
injector, and a Waters 996 diode array detector ( p 254 nm),
using a citrate phosphate buffer with 20% acetonitril and 10%
methanol at pH 4 as the eluent.

Numerical methods

In this article, we only used feedforward artificial neural
networks with one hidden layer and the tangent hyperbolic
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Figure 4. Experimental setup.

function as nonlinear activation function. Mathematical de-
tails and the used training algorithm are described elsewhere
(Te Braake et al., 1996; Van Can et al., 1996b). The nonlin-
ear equation, resulting from the charge balance was solved
with the simplex algorithm available within MATLAB (The
Mathworks Inc.). The parameters of the white-box model
were estimated with the sequential quadratic programming
algorithm, also available within MATLAB (The Mathworks
Inc.).

Applied Models
Introduction

In this article three models were developed: a serial gray-
box model (SGBM, Figure 5a), a white-box model (WBM,
Figure 5b), and a black-box model (BBM, Figure 5c). The
SGBM and WBM were based on the same balance equa-
tions. In the SGBM the inaccurately known terms in the bal-
ance equations were modeled black box, whereas in the
white-box model these terms were modeled white box. The
BBM was constructed using significantly less detailed knowl-
edge about the system, as is explained in the section “Black-
Box Model.” The performance of the three models was com-
pared on their ability to predict the base addition of a com-
plete conversion (B, B,, ..., B, ..., ka) given only the
initial state of the system, the imposed pH (pH,, pH,, ...,
pH,. ..., pH,/), and any in between addition of PenG or
6APA /PhAH (additions), as can be seen in Figure 5.

Balance equations

For the SGBM and WBM, the amount of added base was
calculated using the charge balance:

[Na;ase]k w17 [POSNEG]x +1+ Fguf,k+ i [Buflx +1
+ Fpenc s 1°[PenGli+ 1+ Foapa s 1 [6APALL 1
+ Fl;hAH,k-L 1 '[PhAH]Iwr I, (1)

in which [Na;,..] is the concentration of the sodium ions due
to the addition of base. The counterions of the buffer and
the penicillin, and the ions (Na* or C17), which were used to
bring the pH to its desired initial value, were taken together
in the state variable POSNEG. The contribution of water and
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Figure 5. Structure and iterative calculation scheme for:
(a) SGBM; (b) WBM; (c) BBM.

of the enzyme to the charge balance were neglected here. I
is the net fraction of species x with a negative charge, which
depends on the pH. These fractions are not restricted to val-
ues between 0 and 1, because components with a positive or
multiple negative charge can be involved. The amount of
added base (in mL) was directly related to [Nag,.], which
was calculated from the charge balance:
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[Nagase ]k +1° Vk+ t

M, . (2)

By =

in which M is the molarity of the added base. In one time
instant (from & to k +1), the volume changed due to the
addition of base (B,,,~B) and due to the eventual addi-
tions of buffered PenG or 6APA and PhAH solutions (V} _4,).
Consequently:

Vk—'!=Vk +(Bk+1—Bk)+Vk.add' (3)

The dynamics of the state variables that were involved in
the charge balance could be written down directly in the fol-
lowing balance equations (discrete form):

[PenG], .,
_ [PenGl-V, —[E]ior, (- ALV + Vi ada [PenGlaaq @
Vk*l
[6APA], .,
_ [6APA] -V, +[El 7, (rAt-V, + V) 44 [6APA] 4 s)
Vk+l
[PhAH], , |
B [PhAH] -V, +{EY 1, o At-V, +V; ,4a-[6PhAH] 44
Vk+1
(®)
[Buf], V), + V aqq *[Buf]
[Butl,. = k" ¥k T Vi add add 7
Vk+1
[POSNEG], -V, +V, -[POSNEG],
[POSNEG], . | = k" Ve T Vi add dd
Vi
(8)
(Ele Vi + Vi aga"(E]
(E],. = Yk T Vi add add 9)

Vk+1

In the applied models enzyme deactivation (see Eq. 9) and
ionic interactions are neglected. The balance equations (Egs.
1, 3, 4-9) contain five terms that can be characterized as in-
accurately known terms and that have a nonlinear relation
with one or more system variables: the penicillin conversion-
rate term (r,), which will be referred to as the kinetic part of

Gmax.k” [PenG]k -

the model, and the four F terms, which are associated with
acid—base equilibria of the involved compounds and which
will be referred to as the titration curve part of the model. In
the SGBM these five terms were parametrized by black-box
model structures and in the WBM these terms were para-
metrized by white-box model structures.

r, Term in the serial gray-box model

For (bio)chemical processes, the proper model structure for
the conversion-rate term (r,) is generally not directly known
without separate experiments to reveal the relevant kinetic
mechanisms. Therefore, in the SGBM the conversion rate was
modeled with r,, = f, ([PenG], [6APA], [PhAh], ,pH,),
which was parametrized with a neural network. In fact, the
r. term was modeled as r,, = f((PenG], [6APA], pH ),
because in all identification and validation experiments the
concentration 6APA was equal to the concentration phAH
were equal, due to the fixed stoichiometry of the PenG con-
version.

F, Term in the serial gray-box model

The F. terms in the SGBM were modeled in a black-box
way. They were assumed to be dependent on the pH only:

Fo = f>(pH,). (10)

For each component (Buf, PenG, 6APA, and PhAH) this de-
pendence was measured by recording the titration curves (pH
vs. added base) of each component. Each point in the titra-
tion curve (pH, and B,) could be converted to a pH,-F,_,
point via the charge balance:

_ [POSNEG], +[Nay,. ],
Foy= [X), ‘ (v

Given several pH, - F_; points for each component X, F,7,
at nonmeasured pH values can be calculated by linear inter-

polation from the nearest higher and lower pH values.

r, Term in the white-box model

In the WBM the parametrization of the r, term was based
on knowledge about the system. Although in general a proper
model structure for the conversion rate r, is not known «
priori without separate experiments, for the system under
consideration there have been several articles on the kinetics
of the enzymatic conversion of penicillin G (excluding pH ef-
fects). Therefore, it was possible to construct a proper WBM
without any separate experiments to determine a proper
model structure for the conversion rate r, (Warburton et al.,
1973; Lee et al., 1982; Duan and Chen, 1996):

[6APA],-[PhAH],

Fe k

Keapp
eq,k
K_[6APA], K, -[PhAH], K, [PhAHI: [6APA], [PenGl,T6APAl, = 2
K,, +[PenG]l, + + + +
Ki,()APA Ki.PhAH Ki,PhAH : Ki,GAPA Ki.GAPA
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In this Michaelis Menten-type equation noncompetitive inhi-
bition for 6APA and competitive inhibition for PhAH is in-
corporated. Substrate inhibition effects of PenG (the addi-
tional term [PenGF/K; p..q in the denominator) can usually
be neglected in the range of PenG concentrations, which were
used in this work ( <100 mM). The pH dependence of the
conversion rate was modeled by ¢, . = f3(pH,). The pH
dependence of the reaction equilibrium was taken into ac-
count by the pH dependence of the apparent equilibrium
constant (K¢EP), as is explained in detail in Appendix A.

F.” Term in the white-box model

In the WBM the F terms were modeled using knowledge
about the system. From the acid—base equilibria of all com-
pounds involved one can directly calculate the fraction of a
particular component. For example, for the negatively
charged fraction of phAH this results in

1
(H™]
L+

Fonan = (13)

KaiPhAH

For the other fractions that were of interest to the system
under consideration the formulas are given in Appendix A.
The different K, . values were estimated from the titration

curves of the individual compounds, and they were compared
with values from the literature.

Iterative calculations for the SGBM and WBM

The WBM and SGBM were validated by testing their abil-
ity to predict the base addition of a batch conversion (B8,, B,,
coes By, ..., Byy) given only the initial state of the system
(B,, [PenG],, [6APA},, [PhAH],, {Buf],, [POSNEG],, [£],,
and V;) the imposed pH (pH,, pH,, ..., pHy, ..., pHy/)
and any in-between addition of PenG or 6APA/PhAH (ad-
ditions). For this, an iterative calculation scheme was needed
at each time step, as is visualized in Figure 5a and 5b. Given
the state of the system at k and the conversion rate at k, the
state at k +1 cannot directly be calculated, because the vol-
ume at k& +1 is needed for the calculation of the concentra-
tions at & + 1. This volume at k£ +1 depends on the amount
of added base and, in its turn, the amount of added base
(and volume at & + 1) depends on the concentrations at k + 1
via the charge balance. Consequently an iterative scheme was
needed to calculate the amount of added base, starting with
an initial estimate for B, ,. If the pH is constant, this itera-
tive scheme can be avoided, because then a fixed stoichiome-
try between converted PenG and added base can be used.

Black-box model

The performance of the SGBM and WBM was compared
with the performance of a BBM. For the system under con-
sideration a complete BBM using a neural network, would
look like:

By = fun([PenGly, pHy, By). (14)

This BBM structure, in which as little knowledge as possible
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about the system is used, is comparable with the BBM struc-
ture that was used successfully to model the PenG conversion
at constant pH and temperature (Van Can et al, 1996b).
However, the BBM proposed in Eq. 14 could not be identi-
fied with the available data that were used in this article for
the identification of the SGBM and WBM, because the BBM
(Eg. 14) cannot cope with different initial enzyme concentra-
tions and with the in-between enzyme addition in the identi-
fication experiments. Therefore, we used a slightly different
BBM in which a little knowledge was incorporated, so that
the BBM could cope with different initial enzyme concentra-
tions and the in-between enzyme additions. In this model the
base addition per amount of enzyme (AB, /A E],) was pre-
dicted by a neural network on the basis of [PenG],,, pH,, and
B, (same inputs as Eq. 14), and combined with the balances
for the enzyme concentration ([E],) and the volume (V,):

AB,
Bk+1=3k+[—ET'[E]k (15)
k
AB,
Vk+1=Vk+m'[E‘]k+Vk,add (16)
k
(ElV, +V, .o E]
[E]k;_l= k Tk Vk. dd dd (17)
k+1
AB
= fnn([PenG]()~ ka > Bk) (18)
[E],

The model that is expressed in Eqs. 15-18 is in fact a kind of
gray-box model because a neural network (f,,, Eq. 18) is
combined with white-box balance equations (Egs. 15-17).
However, compared to the SGBM model used in this article,
it is much more black box in nature, because significantly
fewer detailed balance equations are used. Therefore, in this
article Eqgs. 15—18 are referred to as the BBM.

Experimental Setup for Model Identification and
Validation

Table | summarizes the experiments that were used for
model identification and validation. Two categories of identi-
fication experiments were used (first two rows in Table 1). In
the first category four titration curves (of Buf, PenG, 6APA,
and PhAH) were recorded and were used for the identifica-
tion of the four F terms in the SGBM and the WBM. In
the second category the base addition of 16 conversion exper-
iments were recorded and used for the identification of the r,
term in the SGBM and WBM. Moreover, these 16 conversion
experiments also used for the identification of the BBM.
These conversion experiments started at a PenG concentra-
tion between 12.5 and 87.5 mM, and the pH was kept con-
stant at a value between 5.5 and 8.5. In most of the 16 con-
version experiments enzyme was added to check whether or
not enzyme deactivation was present.

Six categories of validation experiments were performed
(rows 3-8 in Table 1). In the first category the titration curve
part of the model was tested with experiments in which no
conversion took place. The titration curves of eight different
Buf-PenG-6APA-PhAH mixtures, which were representa-
tive for the concentration ranges in this article, were recorded
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Table 1. Experimental Conditions in the Identification and Validation Experiments

Type of
Experiment No. Concentrations pH Additions
Identification of F,” 4 50.0 mM, Gradually —
except [6APA] increasing
=125 mM 5.5-85
Identification of r, term 16 {PenGl, = 12.5, Constant at Enzyme
37.5, 62.5 5.5,6.5,
or §7.5 mM 7.5,0r85
Validation of F, 8 [PenG], =0~ Gradually —
100 mM increasing
[6APA], ={PhAH], 5.5-85
=0-100 mM
Validation of interpolation 9 [PenG], = 25.0, Constant at Enzyme
50.0 or 75.0 mM 6.0,7,0
or 8.0
Validation of range 3 [PenGl, Constant at —
extrapolation =100 mM 6.0, 7.0,
or 8.0
Validation of dimensional 2 [PenG], = 30 Constant at PenG or
extrapolation or 35 mM 6.0 or 8.0 6APA +PhAH
Validation of 4 [PenG], = 87.5 Changing —
trequency or 37.5 mM between
extrapolation 5.5 and 8.5
Validation of combined 2 [PenG], Changing PenG
frequency and =625 mM between
dimensional extrapolation 5.5 and 8.5

and compared with the predictions of the black-box titration
curve part of the SGBM and with the predictions of the
white-box titration curve part of the WBM. Moreover, the
titration curve part of the model was also used to calculate
the ratio between the amount of added base and the amount
of converted PenG (OH-stoichiometry) at constant pH values
between 5.5 and 8.5.

In category 2-5 of the validation experiments the SGBM
was tested for one of the following properties: interpolation
(IN), range extrapolation (RE), dimensional extrapolation
(DE), frequency extrapolation (FE). Finally, in the sixth cate-
gory the SGBM was tested for its combined dimensional and
frequency extrapolation properties (FEDE).

Identification experiments started at an initial PenG con-
centration ([PenG],) between 12.5 and 87.5 mM and the pH
in each experiment remained constant at a value between 5.5
and 8.5. Obviously, in the interpolation experiments, similar
conditions were present so that no extrapolation was needed,
although the actual pH and [PenG], values differed from the
ones in the identification experiments (Table 2). Also in the
range extrapolation experiments similar conditions were pre-
sent. Only, extrapolation in the [PenG], range was tested,
because the [PenG], was 14% higher than the highest con-
centration in the identification experiments (Table 2).

In the frequency and dimensional extrapolation experi-
ments the experimental conditions differed significantly from
the conditions in the identification experiments. In the fre-
quency extrapolation experiments the pH dynamics were to-
tally different from the pH dynamics in the identification ex-
periments: in the identification experiments the pH stayed
constant at a value between 5.5 and 8.5, whereas in the fre-
quency extrapolation experiments the pH varied significantly
between 5.5 and 8.5 within each experiment. In the frequency
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extrapolation experiments the concentration PenG, 6APA,
and PhAH, and the pH stayed within the ranges of the iden-
tification experiment so that no amplitude extrapolation was
needed.

In the dimensional extrapolation experiments the pH dy-
namics were the same as in the identification experiments
(constant at a value between 5.5 and 8.5 in each experiment
so that no frequency extrapolation was needed), but during
the conversion buffered solutions of either PenG or 6APA-
PhAH were added. All identification experiments started with
a volume of 1,000 mL and the volume changed only very little
due to the addition of base (less than 10%). In contrast, the
dimensional extrapolation experiments did not start at 1,000
mL but at 750 mL, and the volume changed significantly from
750 mL to 1,500 mL. Consequently, in the dimensional ex-
trapolation experiments the model was tested to perform well
in a 4-dimensional input space (PenG-6APA/PhAH
—~pH-volume), whereas the input space in the identification

Table 2. Initial PenG Concentrations and pH Values in the
Identification (ID), Interpolation (IN), and Range
Extrapolation (RE) Experiments

{PenG}, (mM)
pH 12.5 25.0 37.5 50.0 625 75.0 87.5 100.0
55 ID1 ID2 ID3 ID 4
6.0 IN1 IN2 IN3 RE 1
65 IDS5 ID6 D7 D8
7.0 IN4 INS5 IN6 RE 2
75 1ID9 ID 10 ID 11 ID 12
8.0 IN7 INS8 IN9 RE 3
85 1ID13 ID 14 ID 15 1D 16
Vol. 44, No. 5§ 1079



experiments was only 3-dimensional (PenG-6APA/
PhAH-pH) because the volume was nearly constant at 1,000
mL. In the combined frequency—dimensional extrapolation
experiments the pH changed as in the frequency-extrapola-
tion experiments and the solutions of PenG were added as in
the dimensional-extrapolation experiments.

Theoretical Aspects of Model Identification and
Validation

In the identification and validation of dynamic models one
should clearly distinguish between a one-step-ahead and a
multistep-ahead use of the model. In the one-step ahead use
of the model (Figure 6a), the model predictions of the future
system state (9, ,) are based on the system input (u,) and
the measured current state of the system (y,). In the muiti-
step-ahead use of the model (Figure 6b), the predictions of
the future system state (¥, ,) are based on the system input
(u,) and the predicted current state of the system (§,). In this
article the multistep-ahead use of the model is called free
run if the model has to predict the base addition of a com-
plete batch conversion given only the initial state of the sys-
tem and the imposed pH. In the free run all intermediately
calculated system states are based on formerly predicted sys-
tem states, so that small model errors in one step can accu-
mulate to larger errors in the base addition at the end of the
conversion. The free run is considered to be a rigorous test
for the predictive power of a dynamic model, and therefore
in this article all models were validated in free run.

If the parameters of a kinetic term in a dynamic model
have to be estimated, one should distinguish between the so-
called differential and integral modes (which are closely re-
lated to the one-step-ahead and the free-run use of a model),
in which a different sum of squared-errors (SSE) criterion is
applied. The differential mode was used for the identification
of the r, term in the SGBM, and the integral mode was used
for the identification of the r, term in the WBM. In the
SGBM and WBM the kinetic terms describe the static rela-
tion between the system variables and the conversion rate. In
its turn, the conversion rate is used in the balance equations

@
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Figure 6. Dynamic model: (a) one-step-ahead use; (b)
multistep-ahead use (free run).
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to predict the future system state. In the differential mode,
the parameters of the kinetic term are estimated by minimiz-
ing the difference between the measured conversion rate and
the conversion rate that is predicted by only the kinetic term
of the model. Measured states are used as inputs for the ki-
netic term. In this article, the performance criterion in the
differential mode is denoted by SSE(r,):

N,

-

Z (rc.r’ - Fk.z)z

i
SSE(r,) — v (19)

€

If more than one experiment is used for identification, all
data of the identification experiments are grouped together
in one data set, for which SSE(r,) is calculated. The total
number of data pairs is then N,. The differential mode is
closely related to the one-step-ahead use of the model, be-
cause the predictions of the kinetic term (7, ;) are based on
measured states of the system, and these predictions can be
directly used in the balance equations to make a one-step-
ahead prediction of the next system state.

In the integral mode, the parameters of the kinetic term
(r, ;) are estimated by minimizing the difference between the
states of the system that are determined in the identification
experiments, and their predictions in free run by the com-
plete dynamic model. Consequently, predicted states are used
as inputs for the kinetic term to intermediately calculate the
conversion rate. In this article, the performance criterion in
the integral mode is denoted by SSE(base):

ky
Z (Bk - ék)z

SSE(base) = ~—4— (20)
kf

in which & is the number of data points in the experiments
for which the SSE(base) is calculated. If more than one ex-
periment is used for identification, the SSE(base) of all iden-
tification experiments is summed. Obviously, the integral
mode is closely related to the free run, because the predic-
tions of system output are made in free run.

For the SGBM and WBM, first an attempt is made to esti-
mate the parameters of the kinetic term in the differential
mode, because the differential mode is computationally less
intensive than the integral mode. If this results in a model
with a good performance, no further effort has to be made to
estimate the parameters. If it is expected that another, more
optimal, parameter set will lead to a model with a better per-
formance, an attempt is made to estimate the parameters in
integral mode.

Results of the Model Identification
Identification of the F.~ term in the SGBM

The identification of the F,” term in the SGBM and WBM
was very straightforward. For each of the components Buf,
PenG, 6APA, and PhAH one titration curve was recorded,
which resulted in a pH vs. added base curve. For the SGBM
these curves were directly converted to an F, —pH curve by
the charge balance at each point in the titration curve:
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b [POSNEG]O- Vo+ Mp- B, 1)
) [X]O'Vo -

At pH values that were not directly measured, the F, value
was calculated by linear interpolation between F,  values at
the nearest higher and lower pH value. If the F_ term would
depend in a complex nonlinear way on more than one state
variable (not just pH), it could be worthwhile to consider a
neural network for this relation.

Identification of the F,” term in the WBM

For the WBM the titration curves were used to estimate
the K, values of the involved components (Appendix A). In
Table Al (Appendix A), the estimated K, values are com-
pared with literature values. Most values were very much
comparable, except for the lower K, of 6APA. However, this
K, value was not too important, because the pH was never
below 5.5.

Stoichiometry between converted PenG and added base
(OH-stoichiometry)

For the remainder of the identification procedure, we
needed the OH-stoichiometry (OH-stoich}, which refers to the
stoichiometry between the amount of converted PenG (mol)
and the amount of added base (OH, mol). This stoichiometry
depends on the the pH and could directly be calculated from
the F terms. During the conversion the increase in negative
charge should be compensated by the addition of base that
contains the positively charged Na* ions. Consequently, the
OH stoichiometry can be calculated as:

OH-stoich(pH) = Forpa(pH) + Fppan(pH) — Fp6(pPH),
(22)

because PenG is converted to 6APA and PhAH. Table 3 gives
the OH-stoich(pH) values at different pH values. The OH-
stoich(pH), calculated with the black-box F,” terms and those
calculated with the white-box F,  terms are very much com-
parable. In addition, OH-stoich(pH) was calculated with the
measured added base and off-line HPLC analyses of PenG at

i

Table 3. Comparison of OH-Stoich(pH) Values Calculated
with the White-Box Model, with the Black-Box Model and
from Measurements

OH-Stoich(pH)

HPLC

OH-Stoich(pH) OH-Stoich(pH) Eq.23+
pH Black Box White Box Std. Dev.
5.5 0.8% 0.87 0.85+£0.02
6.0 0.95 0.96 0.98£0.03
6.5 0.98 0.99 0.98 £0.02
7.0 0.99 1.00 0.99+0.03
75 0.99 1.00 0.98 +0.02
8.0 1.00 1.00 0.99 +0.01
8.5 1.00 1.00 0.99+0.01
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Unfortunately, the HPLC results were not accurate enough
to fully verify the theoretical calculated OH-stoich(pH) (Eq.
22). Still, there is no reason to believe that the theoretical
stoich(pH) values (black and white) were wrong, and they
were therefore used in the remainder of the identification
procedure.

Enzyme deactivation

Little is known about the stability of the enzyme penicillin
acylase at pH values other than 8. Therefore, in 13 of 16
identification experiments (ID; Table 2) enzyme was added
to check for possible enzyme deactivation. From these addi-
tions it could be concluded that in the pH range 5.5-8.5 and
for the duration of the experiments in this article (maximum
3 h), enzyme deactivation was neglectable.

Identification of the r, term in the SGBM

The pH and [PenG]; values in the identification experi-
ments are given in Table 2. The identification experiments
were equally spread over the pH range between 5.5 and 8.5,
and over the [PenG], range between 12.5 and 87.5 mM. For
the calculation of the parameters of the neural network in
the SGBM, we first had to calculate [PenG],, [6APA], and
1., from the available data. Appendix B explains in detail
how this was done using the OH-stoich between converted
PenG (mol) and added base (mol) (Eq. 22). With a sample
interval of 60 s, the 16 IDs (Table 2) resulted in 1,600 data
pairs, which were randomly divided into two sets: a training
set of 1,200 data pairs (75%) for the calculation of the pa-
rameters; and a test set of 400 data pairs (25%) used for
cross validation in the identification phase of the models. All
data were scaled between —1 and 1 for the calculation of the
parameters of the neural networks.

In the SGBM a neural network was used to describe the
kinetics of the conversion. The number of hidden nodes and
the related parameters had to be determined in the identifi-
cation procedure. The identification for the neural network
was straightforward, because the complexity of the neural
network model was only increased stepwise by adding an ad-
ditional neuron to the hidden layer. Moreover, the parame-
ters of the neural network were estimated in the relatively
simple differential mode. Thus, the parameters of neural net-
works, varying the in the number of hidden neurons from 1
to 25, were calculated and the resulting neural network mod-
els were tested on the test set (cross validation). When more
than five neurons in the hidden layer were used the SSE(r,)
in this cross-validation test no longer decreased. So, a neural
network with five neurons in the hidden layer was chosen as
the black-box component to describe the conversion kinetics
in the SGBM.

Identification of the r, term in the WBM

In the WBM a Michaelis Menten-type equation (Eq. 12)
described the conversion kinetics. First, the relation between
and the pH [g,,., = f3(pH )] was determined. To find

Gmax
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Figure 7. q,,., values calculated with Eq. 24 compared
with experimentally determined q,,,, values.

+ = Identification experiments, O = interpolation experi-
meunts.

this relation, the initial rate of each experiment was plotted
against the pH in that experiment. The initial rate was equal
10 . Decause K, was expected (and proved) to be much
lower than the initial PenG concentration. From Figure 7, it
is clear that there is a linear relation between q,,,, and pH.
Therefore, g, = f3(pH,) was parametrized as

qmax,k=qmax,0+qmax,r'ka‘ (24)

Linear regression resulted in g, o= —0.059+0.007 (10~*
mol/U/s) and gq,,,, = 0.012+0.001 (10~ ¢ mol/U/s). After the
initial estimation of ¢, o and g, ,, an attempt was made
to estimate the six parameters of Eqgs. 12 and 24 (g, ¢
Gmax.r» K> and K gapa, K; puan»> and K, in the differen-
tial mode. The initial parameter set consisted of K, =3.26
mM, K; apa =104.2 mM, K, p, oy = 22.6 mM (values from
Duan and Chen, 1996), K, =4.75¢-8 M (Tewari and Gold-
berg, 1988), and of course g, o= —0.0059 mol/U/s and
Gmax,» = 0.012 mol/Uys (estimated from the initial conversion
rates as was explained earlier). This initial parameter set al-
ready had a reasonable performance, but in the differential
mode it did not converge to a parameter set that had a better
performance [lower SSE(r,)] in the cross-validation test on
the 400 data pairs of the test set. Several attempts were made
to estimate a subset of the parameters with only a subset of
the data. However, none of these attempts resulted in a pa-
rameter set that had a better performance [lower SSE{(r,)] in
the cross-validation test than the initial parameter set. It was
therefore decided to estimate the parameters in the integral
mode, starting with initial values cited earlier.

The parameters of Eqs. 12 and 24 were estimated in inte-
gral mode, starting with the initial parameter set as was just
explained. Starting at a total SSE(base) on the identification
experiments of 514 mL?, we converged to a total SSE(base)
of 174 mL? after 150 iterations. The final parameter values
for the WBM are given in Table 4. Comparison with parame-
ter values that were found for the same enzyme in prior work
(Van Can et al., 1996b) is very difficult due to the large confi-
dence intervals. Only the g,,,, at pH = 8.0 can be compared:
the ¢,... in this article is 15% lower than the g, deter-
mined in Van Can et al. (1996b). The (slow) enzyme deactiva-
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Table 4. Parameters (Incl. 95% Confidence Level) for the
White-Box Model and Compared with Values Found by

Others
Van Can et al., Values Found

Parameter This Work 1996b by Others
Grnax.0 (1€-3 mmol/Us) 67.2455 - —
Gmax.» (1e-3 mmol/Uss) 12548 — —
Goax At pH =8 3238 374408 —
(1e — 3 mmol/Us)
Ky (mM) 0.6+3 0.2340.5 0.01-1.1*
K, oapa (mM) 109+ 148 203 +45 0.24-40.9*
K paan (MM) 15409 09+17 0.01-1.34*
K (1e-5mM) 129402 — 4.75%*

=Gathered by Duan and Chen, 1996.
**Tewari and Goldberg, 1988.

tion during the storage of the enzyme is probably the reason
for this because the experiments in this article were per-
formed 8-10 months after the experiments described in Van
Can et al. (1996b). A comparison of the parameter values
found in this work and values found by others (Table 4) is not
very useful, because in most cases no indication is given for
the 95% confidence level of the estimated parameters, and
the different origins of the used acylase might be a major
source for different parameter values.

Identification of the BBM

The BBM consisted of a neural network, which predicted
the amount of added base per amount of enzyme, and of the
balance equations for the enzyme concentration and volume
(see Eqgs. 15-18). The inputs ({PenG]),, pH,, B,) for training
the neural network were directly available from the identifi-
cation experiments. The outputs (AB,/E],), which were
used for training the neural network, could be calculated
straightforwardly from the identification experiments after the
enzyme concentration at each time instant k ([E],) was cal-
culated. The identification procedure for the neural network
of the BBM was very much comparable with the identifica-
tion of the neural-network part in the SGBM. Thus, the pa-
rameters of the neural network were estimated in the rela-
tively simple differential mode and the same identification
experiments were used (Table 2). Also here 1,200 data pairs
were used for training the neural networks varying in number
of hidden nodes from 1 to 20, and 400 data pairs were used
for the cross-validation test of these neural networks. In this
case SSE(AB,/F],) was minimized for calculation of the
neural network parameters, and this criterion also indicated
the performance of a neural network in the cross-validation
test. After reaching eight neurons in the hidden layer the
SSE(AB,/E],) in the cross-validation test no longer de-
creased. Therefore this neural network was chosen as the
BBM.

Resuits of the Model Validation
Titration model

The titration-curve part of the SGBM and WBM was tested
by comparing the predicted and measured titration curves of
eight different Buf-PenG-6APA-PhAH mixtures going from
pH 5.5 to pH 8.5. In these TITRA experiments no conversion
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Table 5. Results of the Validation of the Titration Curve Part of the Model

[6APA], =
[Buf], [PenG]; [PhAH], SSE Black Box SSE White Box
Experiment (mM) (mM) (mM) F, Term F. Term
TITRA 1 50 0 50 0.46 0.34
TITRA 2 50 25 25 1.18 0.79
TITRA 3 50 50 0 0.92 1.50
TITRA 4 50 0 100 1.34 0.98
TITRA S 50 25 75 1.49 1.50
TITRA 6 50 50 50 0.12 0.14
TITRA 7 50 75 25 1.32 0.90
TITRA 8 50 100 0 1.62 2.68
Total SSE 8.45 8.83
took place, and therefore r, , and [E]; in the balance equa- Interpolation

tions for the SGBM and WBM (Egs. 1-9) were zero. Conse-
quently, model predictions for the TITRA experiments relied
on the correctness of the balance equations (Eqs. 1-8) and,
of course, on the correctness of the F,” terms (black or white).
The Buf, PenG, 6APA, and PhAH concentrations in the
TITRA experiments were comparable with these concentra-
tions in the other validation experiments in which conversion
took place: the buffer concentration was always 50 mM, PenG
concentration between 0 and 100 mM, and 6APA and PhAH
were equal and between 0 and 100 mM.

Table 5 gives the performance of the titration-curve part of
the SGBM and the WBM for the TITRA experiments. The
performance was calculated as the SSEs between the mea-
sured and predicted base addition. In addition, for the SGBM
Figure 8 compares the predicted and measured base addition
for experiment TITRA 8. Given the performance of the
SGBM model on TITRA 8 (Figure 8), and given the fact that
the performance on the TITRA experiments is better (lower
SSE in Table 5), it can be concluded that the biack-box titra-
tion-curve part of the SGBM could accurately predict the base
addition in titration curves in the relevant concentration
range. The fact that the titration-curve part of the WBM was
based on K, values, which were also found by other re-
searchers (see Table Al, Appendix A) and the fact that the
titration-curve part of the SGBM and WBM had a compara-
bly good performance (Table 5) provided an extra indication
that the titration curve part was correct for both models.

60

The pH and [PenG], values in the interpolation experi-
ments (IN) are given in Table 2 and are compared with those
values in the identification experiments (ID). It can be seen
that the interpolation experiments were carried out at pH
and [PenG], values that were not used in the identification
experiments, but that each interpolation experiment was sur-
rounded by four identification experiments. The performance
of the models was tested by predicting the base addition of
the IN experiments in free run, which meant that only the
initial state and the imposed pH were given to the model. All
intermediate states were calculated. In Table 6 the perform-
ance [SSE(base)] of the three models (SGBM, WBM, and
BBM) on the interpolation experiments is given. Further-
more, Figure 9 visualizes the performance of the SGBM on
experiment IN 8. Given the performance of the SGBM for
IN 8 in Figure 9 and given the fact that the performance of
the other interpolation experiments was better [lower
SSE(base) in Table 6], it can be concluded that the SGBM
had good interpolation properties over the whole range of
pH-[PenG], values that were used in this article. Compared
to the SGBM, the BBM resulted in slightly higher SSE(base)
for most IN experiments. Still the BBM is considered to have
good interpolation properties over the pH-[PenG}, range
used, because no interpolation experiment was predicted very
badly. In contrast, the performance of the WBM was clearly
worse for some IN experiments, especially for the higher
PenG concentration (IN 3, IN 6, and IN 9) and for two exper-
iments at pH = 6.0 (IN 2 and IN 3). This poor performance
of the WBM could already be expected from the relatively

E
L 40+ Table 6. Results of the Validation of the Interpolation
= Properties of the SGBM, WBM, and BBM
b5 SSE (B,) SSE (B,) SSE (B,)
g 201 Exp. of SGBM of WBM of BBM
IN1 0.49 3.20 1.85
IN2 0.15 20.21 1.79
[ IN3 0.28 43.77 1.37
0 IN 4 0.08 0.61 1.16
6 7 8 INS 222 2.01 3.77
IN6 0.55 12.98 352
pH IN7 0.82 131 0.57
. . . INS8 2.67 3.4 316
Figure 8. Performance of the black-box titration-curve IN 9 1.86 17.32 245
part of the SGBM for titration curve TITRA 8. Total W 10495 oo
Measured base addition (—) and predicted base addition SSE (B,) ’ ' '
(+).
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Figure 9. Performance of the SGBM for interpolation
experiment IN 8.

(a) Base addition predicted by the SGBM (+) compared
with the measured basc addition (-); (b) the “measured”
7. calculated from the base addition (O), compared with
the r, ; predicted by the neural network (+).

large SSE(base) that was obtained as a minimum after esti-
mation of the parameters in integral mode. Clearly, in con-
trast to the SGBM and BBM, the WBM had no good inter-
polation properties over the whole range of pH-{PenG], val-
ues that were used in this article.

Range extrapolation

In the range extrapolation experiments, the [PenG], was
14% higher than the highest [PenG], in the identification ex-
periments (Table 2). In Table 7 the performance [SSE(base)]
of the three models (SGBM, WBM, and BBM) on the

Table 7. Results of the Validation of the Dimensional (DE),
Frequency (FE), and Combined Frequency/Dimensional
(FEDE) Extrapolation Properties of the SGBM, WBM, and

BBM
SSE (B,) SSE (B;) SSE (B,)

Exp. of SGBM of WBM of BBM
RE 1 35.46 78.73 224.55
RE2 14.42 4.64 8.51
RE3 10.45 53.54 25.19
DE1 12.93 39.52 —
DE2 1.32 4.64 —
FE 1 25.93 7.8 87.0
FE 2 3.89 64.24 2260
FE 3 3.02 251 271.76
FE 4 344 13.03 317.37
FEDE 1 14.00 18.46 —
FEDE 2 30.86 52.43 —
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Figure 10. Performance of the SGBM for range-extrapo-
lation experiment RE 1.

(a) Base addition predicted by the SGBM (+) compared
with the measured base addition (~); (b) The “measured”
7o i+ calculated from the base addition (O). compared with
the r, , predicted by the neural network (+).

range-extrapolation experiments is given. Furthermore, Fig-
ure 10 visualizes the performance of the SGBM for experi-
ment RE 1. Although the range-extrapolation properties were
clearly worse than the interpolation properties, the predic-
tion of the SGBM and the WBM were not completely out of
range. Moreover, in contrast to what might be expected, the
WBM had no advantage over the SGBM. The predictions of
the BBM for RE 2 and RE 3 were not so bad, but the predic-
tion for RE 1 was very bad [resulting in a very high SSE(base)].

Frequency and dimensional extrapolation

The experimental conditions in the dimensional-extrapola-
tion (DE), frequency-extrapolation (FE) and combined fre-
quency-dimensional (FEDE) experiments are given in Table
8. In the DE (and FEDE) experiments solutions of PenG or
6APA-PhAH were added to the reactor. Consequently, the
model structures had to be able to deal with these additions.
Moreover, in the DE experiments the volume changed over a
much wider range (750~1,500 mL) than in the identification
and interpolation experiments, in which the volume changed
only a little due to the addition of base (1,000 mL to maxi-
mally 1,087 mL). In the frequency-extrapolation experiments
(FE and FEDE) the pH was not constant at a value between
5.5 and 8.5, as in the identification and interpolation experi-
ments, but it changed dynamically within each experiment. In
Figure 11a this is shown for experiment FE 1 and in Figure
12a this is shown for experiment FEDE 2.

The BBM could not be used for the dimensional extrapola-
tion experiments, because the inputs of the BBM provided
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Table 8. Experimental Conditions in the Dimensional (DE), Frequency (FE), and Combined Frequency/Dimensional (FEDE)

Extrapolation Experiments

Exp. [PenG], pH, pH vs. Time Additions
DE 1 30 6.0 Constant 3 %250 mL 60 mM PenG
DE2 35 8.0 Constant 3X250 mL 65 mM 6APA + PhAH
FE 1 87.5 8.5 Figure 13a —
FE 2 87.5 5.5 85-7.0-85 —
FE 3 375 7.0 65-85-80-85 -
FE 4 375 7.0 85-75-85 —
FEDE | 62.5 8.5 6.5-85-75-85 2x250 mL 100 mM PenG
FEDE 2 62.5 55 Figure 14a 2x250 mL 100 mM PenG

no possibilities to deal with the addition of PenG or
6APA-PhAH. In contrast, for the frequency-extrapolation
experiments, the BBM contained all the necessary inputs and
even no extrapolation in the amplitude domain of these in-
puts was needed. However, using the BBM in the frequency-
extrapolation experiments in fact means that the extrapola-
tive nature of these experiments is not recognized. Evidently,
this results in a bad performance, as can be seen in Table 7
[high SSE(base) for FE 1-4]. Consequently, the performance
of the BBM for the FE experiments should be regarded as an
absolute minimum performance that should be improved sig-
nificantly by a model with good frequency-extrapolation
properties. The performance of the SGBM, WBM, and BBM
for the FE, DE, and FEDE experiments is given in Table 7.
Indeed, the SGBM and the WBM did have a significantly
better performance for the frequency extrapolation experi-
ments than the BBM. For the SGBM Figure 13 visualizes the
performance on experiment DE 1, Figure 11 visualizes the
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Figure 11. Performance of the SGBM for frequency-ex-
trapolation experiment FE 1.

(a) The dynamic behavior of the pH that was used as input
for the model; (b) Base addition predicted by the SGBM
(+) compared with the measured base addition (—).
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performance on experiments FE 1, and Figure 12 visualizes
the performance on experiment FEDE 2. In these figures,
the experiment with the worst performance for that type of
experiment is displayed. Given the reasonable performance
of the SGBM on experiments DE 1, FE 1, and FEDE 2 (Fig-
ures 11-13), and given the fact that it had a significantly bet-
ter performance for the other experiment (Table 7), it can be
concluded that the SGBM had reasonably good extrapolation
properties. However, it is noticed that the extrapolation ex-
periments are not predicted with the same accuracy as the
interpolation experiments.

Discussion

For the presented case the serial gray-box modeling strat-
egy was successful, especially showing reliable dimensional
and frequency extrapolation to regions far outside the do-
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Figure 12. Performance of the SGBM for combined fre-

quency/dimensional-extrapolation experi-
ment FEDE 2.

(a) The dynamic behavior of the pH that was used as input
of the model; (b) Base addition predicted by the SGBM
(+) compared with the measured base addition ().
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Figure 13. Performance of the SGBM for dimensional-
extrapolation experiment DE 1.

(a) Base addition predicted by the SGBM (+) compared
with the measured base addition (- ); (b) The “measured”
7. calculated from the base addition (O), compared with
the r, , predicted by the ncural network (+ ).

main of the identification data. Of course, the correctness of
the structure of the white-box part in the serial gray-box
model is of key importance. The question for the more gen-
eral case is whether or not suitable white-box knowledge is
available. It has already been argued that the serial gray-box
modeling strategy can be easily combined with the concept of
macroscopic balances in (bio)chemical processes. These bal-
ances specify the dynamics of the relevant state variables and
contain different rate terms that are associated with mecha-
nisms such as transport and conversion. Some of these terms
can be associated reliably with directly manipulated or mea-
sured variables (such as in- and outgoing flows) and, conse-
quently, their mathematical relation with these variables is
straightforward and no effort is needed to specify these rela-
tions. In that case these terms can be considered to be accu-
rately known terms. In contrast, some rate terms (e.g., con-
version kinetics) have a mathematical relation with one or
more system variables that should be modeled in order to
obtain a fully specified model. If these relations are modeled
in a black-box way, for example, with a neural network, one
obtains quite naturally the SGBM configuration. In such a
configuration the identification data only have to cover the
amplitude domain of the input—output space of the inaccu-
rately known terms without taking into account the complete
dimension and frequencies of the future application domain,
which considerably reduces the number of identification cx-
periments. The dimensional extrapolation relies on the accu-
rately known term in the macroscopic balances, and the fre-
quency extrapolation relies on the correct specification of the
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set of macroscopic balances, which means that all relevant
rate terms should be static (time-independent).

The case prescnted here is a good example of this ap-
proach. The used macroscopic balances contained five inac-
curately known terms (the four ¥ terms and the conversion
kinetics r,). The complex static relation between the kinetic
term and the state variables ([PenG], [BAPA], and pH) was
modeled by a neural network and the F_ terms were mod-
eled in a simple black-box way (linear interpolation). The
limited set of identification data covered the input-output
space of the inaccurately known terms sufficiently so that no
extrapolation on these terms was needed in the application
phase of the model. In the dimensional-extrapolation experi-
ments, the addition of PenG or 6APA-PhAH resulted in ad-
ditional terms in the macroscopic balance (terms with sub-
scripts added in Egs. 4-9). Although the input—output range
of these terms was not covered by the identification experi-
ments, they could be used for reliable dimensional extrapola-
tion, because they could be considered as accurately known
terms.

In the identification experiments the pH was used at only
one frequency because in each experiment the pH was con-
stant at a value between 5.5 and 8.5, whereas in the fre-
quency-extrapolation experiments it was used at other fre-
quencies because the pH changed dynamically between 5.5
and 8.5 in each experiment. Nevertheless, the model could be
used for reliable frequency extrapolation, because the set of
macroscopic balances was specified correctly (all relevant rate
terms incorporated) and the identification data covered the
amplitude domain of the inaccurately known rate terms suffi-
ciently. If, however, the set of macroscopic balances is not
specified correctly, frequency extrapolation will be unreli-
able. For example, an ill-specified set of macroscopic bal-
ances in which one F_ term is neglected will not result in
accurate frequency extrapolation, although this knowledge is
not necessary to obtain good interpolation properties (see
BBM).

It is believed that the here-presented serial gray-box mod-
eling strategy can be applied to a wide range of (bio)chemical
processes, because in (bio)chemical engineering dynamic
modecls are always based on macroscopic balances, and often
information is available to choose the inaccurately known
terms that should be modeled in the black-box way. How-
ever, two warnings are in place here, especially with respect
to frequency extrapolation. First, in the serial gray-box mod-
eling strategy, the correct specification of the set of macro-
scopic balances is essential, which means that all relevant rate
terms should be incorporated in the macroscopic balances,
and that the relations modeled by the neural network are
static (time-independent). Given only a limited amount of
knowledge about the application system, one might not be
able to specify the correct set of macroscopic balances. In
that case it might be necessary to model dynamic relations
with the neutral network in order to obtain an acceptable fit
to the identification data, which means that not only current
system states but also former system states are used as input
for the neural network. Although the resulting model can have
good interpolation and dimensional-extrapolation properties,
it becomes doubtful whether it has good frequency-extrapola-
tion properties. Second, in the serial gray-box modeling strat-
egy, the identification data have to cover the amplitude do-
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main of all relevant, inaccurately known rate terms. This
means that one should be careful with identification experi-
ments under mild dynamic conditions, if frequency extrapola-
tion is needed. Under mild dynamic conditions a mechanism
and its associated rate term in the macroscopic balances might
be neglected, whereas under more dynamic conditions (e.g.,
when frequency extrapolation is required) this mechanism and
its associated rate term cannot be neglected. Therefore, tak-
ing into account these two warnings, it is advisable to validate
potential frequency-extrapolation properties with at least one
or a few experiments in which dynamic conditions relevant
for the application of the model are present.

The performance of the SGBM in the range of extrapola-
tion experiments was worse than its performance on the in-
terpolation experiments, although its predictions were not
completely out of range. Moreover, its performance was com-
parable with the performance of the WBM (see Table 7). In
the serial gray-box modeling strategy the identification data
cover the input domain of the black-box part of the model.
Consequently, range extrapolation of an SGBM is always re-
lated to the black-box part of the model, and an SGBM should
therefore be applied only with great care in range-extrapola-
tion situations. It is believed that WBMs generally have good
range-extrapolation properties and are therefore potentially
advantageous in this respect. However, this is only true when
the parameters of the WBM are carefully identified, includ-
ing a thorough experimental design program. This is often
not the case. Moreover, valuable statistical information from
the identification phase (domain of the identification data,
confidence interval, correlation coefficients) is often absent
or gets lost when after a while the model and its parameters
are applied in situations that differ from the situations in the
identification phase. Therefore, in practice WBM:s should also
be applied with great care in range-extrapolation situations,
and compared to SGBMs they are not necessarily advanta-
geous in this respect.

In this article, the performance of the SGBM was com-
pared with the performance of a WBM. With respect to in-
terpolation properties, the SGBM was more accurate, and
with respect to extrapolation properties they had a more or
less comparable performance. Both models were identified
with the same data, but for the WBM significantly more
knowledge was needed to construct the model, such as com-
plicated kinetics (Eq. 12) and equilibrium thermodynamics
{Appendix A). Moreover, instead of relatively simple differ-
ential mode (used for the BBM and SGBM) the computa-
tionally more complex integral mode was needed to estimate
the parameters of the WBM. The performance of the WBM
might be improved by incorporating more detailed knowl-
edge about the system, for example, making the inhibition
parameters (K; (aps and K pyay) pH dependent or using
the concentration of charged PenG, 6APA, or PhAH compo-
nents that bind to the enzyme instead of overall concentra-
tions. However, this exactly indicates the advantages of an
SGBM: also in a situation where there is no detailed knowl-
edge of the system, the serial gray-box modeling strategy can
lead efficiently to a model with a good performance. Of
course, this does not mean that a priori WBMs should be
neglected when a model is required. In practice, it is often
possible to construct a first version of a WBM with relatively
limited effort. If this simple first version is sufficiently accu-
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rate for the intended purpose, no alternative modeling ap-
proaches have to be considered. However, if this first version
is not accurate enough, a serial gray-box modeling strategy is
an attractive alternative to a white-box strategy.

In this article, the performance of the SGBM was also
compared with the performance of a BBM. With respect to
interpolation properties, the two models had a comparable
performance, but for dimensional and frequency extrapola-
tion, the BBM could not be used, whereas the SGBM had a
good performance. Only four additional experiments (four
titration curves) were needed to obtain these extrapolation
properties. The BBM structure provided no possibility of
dealing with additions of PenG or 6APA-PhAH, and there-
fore the BBM had no dimensional extrapolation properties.
Many identification experiments with all kinds of additions
would be needed to identify a BBM that could deal with ad-
ditions as in the dimensional-extrapolation experiments.
Moreover, the BBM structure provided no possibility of using
the information of the titration curves, and therefore the
BBM was not reliable for frequency extrapolation. Many
identification experiments with many pH profiles would be
needed to identify a BBM that could deal with pH profiles as
used in the frequency-extrapolation experiments.

The lack of good extrapolation properties of BBMs means
that a black-box modeling strategy is only advantageous when
the application domain of the model can be restricted a priori
and when the input variables can be varied freely to generate
identification data that cover the application domain suffi-
ciently. Typically, an advantageous situation for black-box
modeling will occur for already existing processes at the low-
est level of process operation, which is mainly concerned with
accurate setpoint tracking. At this level the domain is re-
stricted by the situation at hand (given equipment and oper-
ating ranges) and process input variations are allowed, be-
cause these also happen when the process has to be con-
trolled. At the medium level of process operation, which is
mainly concerned with determination of optimal setpoint tra-
jectories, an advantageous situation for black-box modeling
will only occur when the routine data acquisition of daily pro-
cesses provides sufficiently rich identification sets.

More typically, at the medium level of process operation
an advantageous situation for black-box modeling will not oc-
cur and many experiments with many variations at the actual
(large-scale) process are needed to generate the necessary
data for black-box modeling. This might be unwanted or even
impossible in a production environment. However, for
SGBMs the experiments at the actual full scale might not be
needed (or be reduced considerably) because of the reliable
dimensional extrapolation properties of SGBMs, or the num-
ber of experiments at the actual full-scale process, and espe-
cially the variations to be applied in these experiments might
be reduced considerably because of the reliable frequency-
extrapolation properties of SGBMs. In conclusion, especially
at the medium level of process operation the properties of
serial gray-box modeling strategy are expected to show to full
advantage.

Conclusions

For the presented case of an enzymatically catalyzed reac-
tion, it was shown that in the serial gray-box strategy a model
could be constructed efficiently by using a straightforward
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balance equation in which the inaccurately known terms could
be modeled in a black-box way. Neural networks provided a
convenient tool to model the complex relation between the
system variables and conversion kinetics. The identification
data only had to cover the input space of the inaccurately
known terms in the macroscopic balances. The accurately
known terms could be used for reliable dimensional extrapo-
lation, and the correct balance equations provided a good
basis for reliable frequency extrapolation. Therefore, the
SGBM had a short development time and showed good inter-
polation, and frequency and dimensional extrapolation prop-
erties, which were tested in several experiments.

Compared to a more knowledge-driven white-box strategy,
the SGBM structure is only based on readily available or eas-
ily obtainable knowledge, so that the development time of
SGBMs will also be short in a situation where there is no
detailed knowledge of the system available. Compared to a
more data-driven black-box strategy, the serial gray-box strat-
egy leads to models with good frequency and dimensional-
extrapolation properties, so that with the same number of
identification experiments the model can be applied to a much
wider range of conditions. Especially at the medium level of
process operation, which is concerned with the calculation of
optimal setpoint trajectories for the process, the properties of
the SGBM are expected to show to full advantage.
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Notation

add = subscript denoting external addition
[Buf] = concentration buffer, mol/L
f, =fraction of a charged species of component X (Appendix A)
[H* )= concentration H*
ks =last time instant of an experiment
K, , =dissociation constant of component X, mol/L
K, =Michaelis Menten coefficient, mol/L
Jmax = Maximum enzyme-specific conversion rate, mol/L/s
At =time interval, s
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Table Al. Dissociation Constants (at 310 K) for all Relevant

Components
Species This Article Literature
Phosphate 6.7 6.7 (Van der Wielen, 1997)
(Buf)
PhAH 42 4.2 (Van der Wielen, 1997)
4.3 (Smoyakov et al., 1966)
PenG 2.7 2.6 (Van der Wielen, 1997)
2.6 (Tewari et al., 1988)
6APA, 44 4.4 (Van der Wielen, 1997)
5.4 (Tewari and Goldberg, 1988)
4.6 (Berezin et al., 1976)
6APA , 1.8 2.6 (Van der Wielen, 1996)

2.6 (Tewari et al., 1988)

Appendix A: Application of Equilibrium Thermody-
namics to the PenG Conversion

In this appendix equilibria thermodynamics are applied to
the PenG conversion. Only the resulting equations are pre-
sented. For a more comprehensive description, refer to
Tewari and Goldberg (1988) and to Van der Wielen (1997).

For the system under consideration the following acid—base
equilibria are involved:

Ku.Pan

HPenG €2 PenG~ +H"

Kal,APA

6APAH* €2 6APA- +H*

Ka15ara

6APAH; €2 6APAH*+H*

Ka,PhAH

PhAH €> PhA~ +H*

Ka,Buf
H,PO; H,PO;2 €2 HPO; ? +H". (A1)
The overall negative fraction (F, ) of PenG, 6APA, PhAH,
and Buf is calculated from the fraction of the individual
species (f,) of those components that have a charge, result-
ing in the following equations:

1
Freng = frenc-= (] (A2)
1+
Ka,PenG
Foapa = foapa- — foAPAH;
1
[H*T [H]
1+
K, apan 'Ka,APAHz Ka,APAH
! (A3)
- K, ‘K, K
,APAH ,APAH2 14 a,APAH2

(H* P [H*]

1
Fonan = fona- = "—TH_+]— (A4)
1+
Ka,PhAH
Fguf = Z'szPO;Z + fH-_,PO,{
2 ! ! (A5)
=2- + .
1+ [H+] 1 Ka,Buf
Ka,Buf [H+]

If PenG ™~ < 6APA~ +PhA~ +H™" is taken as the reference
reaction, the apparent equilibrium constant can be calculated
as:

KPP = Keq'fPenG7
€q

= } (A6)
[H* ] foapa- " frna-

Appendix B: Calculation of r, , and Concentra-
tions from the Measured Base Addition

Starting with the known initial condition (V, [ E]y, [PenG],,
[6APA],, and [PhAH],) and the measured base addition (B,),
the state of the system could be reconstructed based on the
stoichiometry of PenG:6APA:PhAH ™ = 1:1:1:1 and the OH-
stoichiometry that is pH-dependent (Table 2):

Vi1 =Vo+ B, (B1)
My B,
PenGlo+Vy — ———— o
PenGlo-Vo = S Stoich (oD
[PenGl,, = (B2)
Vk
[6APA], -V My B
. + ———— e
070" OH-stoich(pH)
[6APA]k+ 1= (B3)
Vk
[PhAH], -V, My B
. + e —
o 70" OH-stoich(pH)
[PhAH],, = (B4)
Vk
[ElV,
[Elisr= - (B5)
Vk+1

The conversion rate at each time instant k was calculated as

B Mg ([PenGl, ., — [PenG],)
Tek = [E), -V, Af

(B6)
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