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Accurate models of the reaction kinetics of enzymatic reactions are essential for the design of biocatalytic
processes. While many experimental studies still build on initial slope analysis, progress curve analysis offers the
potential for modelling enzymatic reactions with a significantly lower experimental effort in terms of time and
costs, but requires the solution of a dynamic nonlinear optimization problem. There are many different ap-
proaches for solving this problem for parameter regression, building on the experimental progress curve data. In
order to provide some guidance for selecting an appropriate approach, this study presents a detailed comparison
of two analytical and two numerical approaches analysing their strengths and weaknesses on the basis of three
case studies. The analytical approaches build on the implicit and explicit integrals of the respective reaction rate
equations, while the numerical approaches consider the direct numerical integration of the differential mass
balance equations as well as the transformation of the dynamic problem to an algebraic problem by means of
spline interpolation of the reaction data. In particular, the dependence of the results on the initial parameter
estimates is evaluated, showcasing that the numerical solution with spline interpolation shows a lower depen-
dence on the initial values providing parameter estimates comparable to the analytical approaches, which are
however limited in applicability.

1. Introduction

Enzymes, frequently referred to as nature’s catalysts, have been a
fundamental component in many industries for a considerable time
[1-3]: The food industry, for instance, utilizes these biocatalysts
extensively to boost the production of beverages, bread, cheese, and
other products. Enzymes are also critical to analytical laboratories,
playing a crucial role in precise assays to maintain the accuracy of
diagnostic tests and quality control for various products. The pharma-
ceutical industry employs enzymes to produce intricate molecules,
hastening the discovery and development of drugs. Enzymes exhibit
unmatched proficiency in hastening chemical reactions under mild
conditions, which has the potential to revolutionize the effectiveness of
commercial chemical processes and lead to environmentally sustainable
practices [1-5].

Nonlinear differential equations are essential for realistically
modelling the behaviour of enzymatic reactions, as they can describe
complex interactions and time-dependent processes. They make it
possible to describe substrate and product concentrations over time,

taking into account effects such as substrate inhibition, feedback or
allosteric regulation. This is particularly useful in systems with multiple
reaction steps or dynamic environments such as bioreactors. The use of
such equations makes it possible to analyse enzyme behaviour in order
to gain deeper insights into reaction process and make more precise
predictions for biotechnological applications. Understanding the
mechanism of the individual reactions is crucial to unlock the full po-
tential of enzymes, which is of particular important for commercial
applications. This understanding is expressed mathematically through
the concept of reaction kinetic models, which describe the rate at which
the reactions occur depending on the individual composition and
operating conditions such as pH and temperature, as well as intrinsic
parameters of the enzyme itself. These intrinsic parameters, often in the
form of affinity constants for substrates and products, play a critical role
in shaping the enzyme’s activity [6-9].

The most basic of all kinetic models is the MicHaELIS-MENTEN equation
for the reaction rate

e
dt maxKM + Cs(t)
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which describes an irreversible uni-uni reaction with the maximal re-
action rate vy, the MicHaELIS constant Ky and substrate concentration
cg. Starting from this basic form, the equation can be extended in terms
of other reaction mechanisms, including more substrates and/or prod-
ucts, different types of inhibitions, reversible or irreversible reaction
steps, etc. [8]. Most enzymatic reactions exhibit complex and nonlinear
behaviour that mandate complex nonlinear kinetic models to capture
the true behaviour of these processes. The formulation of such models
often involves numerous parameters that must be estimated from
experimental data. Two commonly used methods for parameter esti-
mation of enzyme kinetic models are the initial slope analysis and
progress curve analysis (PCA). The former was already used by MicHAELIS
and MenteN themselves more than a century ago to determine the kinetic
reaction parameters of invertase [10,11]. The initial slope method is
simple to apply and the mathematical solution can be performed by
means of a spreadsheet, which is one of the reasons why it is still used in
many studies today [8,12-14]. A major strength of the initial slope
approach is that for a simple reaction according Eq. (1) the results for
Vmax and Ky can be extracted very well from a graphical analysis.
However, it is experimentally demanding to generate enough and
dedicated data for parameter regression, as the initial slope method
generates a single datapoint in an individual experiment. The approach
in PCA seeks to track the concentration of substrate and/or product with
time, providing a much larger set of data for an individual experiment
compared to traditional initial slope experiments. The experiment is
therefore not cancelled after leaving a linear range, but continued until
equilibrium or full conversion is reached. Classically, this method also
involves an integration of the dynamic mass balances with the reaction
kinetic model, which describes the current change in concentrations at a
single point in time, based on the local conditions, i.e. concentrations
and temperature. Although the possibilities and advantages of PCA over
the initial slope method have been pointed out since the 1970s [15-17],
many studies of enzyme kinetics still avoid its use and build on the
mathematically simpler initial slope method [14,18-20].

The parameter estimation problem for PCA constitutes a dynamic
nonlinear regression problem, the solution of which can be a challenging
[6]. While nonlinear regression problems are frequently solved to
determine accurate parameter estimates, by minimizing the difference
between model predictions and experimental data, it is important to
note, that a sufficiently rich and reliable set of data is a prerequisite to
identify the correct parameter values [21]. Furthermore, correlation of
the individual model parameters can significantly limit the identifi-
ability of the individual parameters and prevent the reliable solution for
any parameter regression problem. Yet, parameter correlation is a
common challenge for enzyme kinetic models [22]. However, even if the
parameters of the individual model are structurally identifiable and the
kinetic data is sufficiently rich and reliable the resulting optimization
problem for parameter regression is usually nonconvex for enzyme ki-
netic models, making it difficult to find the best solution that corre-
sponds to the best-fit parameters, as multiple local minima may exist.
Consequently, good initial values for the parameters are critical to the
success of nonlinear regression, when using local solvers. Depending on
the specific solver, poor initial values can lead to convergence problems
[23], instability, or parameter estimates that do not reflect the under-
lying biology [24]. As a consequence the solution to the nonlinear
regression problem for enzyme kinetic models is a complex task, as the
model may have multiple interconnected parameters [23-26].

To overcome these challenges several strategies have been proposed.
Data preparation and smoothing can significantly improve the results of
the subsequent parameter estimation. Furthermore, differentiation of
the dynamic data allows for the transformation of the original dynamic
nonlinear regression problem to an algebraic problem, avoiding the
need for an additional integration and significantly reducing the
computational load for the solution of the optimization problem. How-
ever, small errors in noisy data can be significantly amplified when
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numerical differentiation is used on the raw data. The use of smoothing
splines that are first fitted to the experimental data as a surrogate model
do not only provide a regularization of the raw data, but also allow for a
direct symbolic computation of the respective derivatives to subse-
quently solve an algebraic nonlinear regression problem [27,28]. These
techniques are quite popular in chemical reaction modelling, but can
also be applied for the identification of enzyme kinetic models [29,30].
In addition, alternative methods can be applied to improve the data
analysis implementing e.g. reconvolution [12,13] to improve the iden-
tifiability for a limited resolution of the available experimental data.

The dependence of the initial values for nonlinear regression can be
overcome in various ways, using global deterministic optimization or
global search methods [25]. E.g., multi-start grid search is a simple, yet
oftentimes effective global search strategy, which systematically ex-
plores a range of initial values to identify a set of candidates that yield
reasonable fits [31,32]. Sensitivity analysis further helps to assess the
impact of parameter variations on model predictions, guiding the se-
lection of initial values that are less sensitive [33,34]. The significant
effect that different solvers and solution methods can have on the results
of a parameter estimation on the basis of PCA has been nicely illustrated
by Zavrer et al. [22] for an irreversible hydrolysis reaction catalysed by
enzyme penicillin amidase using in-silico data as well as experimental
data.

The current work provides an extended analysis of the different ap-
proaches for modelling enzyme kinetics, focussing on the PCA approach.
Three different methods are compared, considering either a direct
integration of the differential mass balances based on an analytical or
numerical integration approach, as well as the transformation of the
dynamic problem to an algebraic problem, making use of smoothing
splines. The different methods for parameter estimation are described in
detail in Section 2. The analysis of the different methods is performed on
the basis of three case studies, including irreversible and reversible uni-
uni and uni-bi reactions, as well as the evaluation of in-silico data and
real noisy experimental data. The fundamental models and the specific
case studies are described in detail in Section 3, while the specific results
are described and analysed in Section 4. Finally, Section 5 provides a
summary and conclusions.

2. Methods for parameter regression of enzyme kinetics

Fig. 1 provides an overview of the different methods for parameter
estimation of enzyme kinetic models, applied in literature, as well as
those in specific considered in the current study. The initial slope
method seeks the identification of individual parameters through dedi-
cated experiments, using only the linear segment at the very beginning
of the experimental progress curve for a nonlinear regression on the
basis of the rate equation or a linear regression to a linearized form of the
rate equation [35,36]. This approach is well-established and straight-
forward, yet it requires a substantial number of experiments to capture
each of the initial rates [37,38]. It is also based on the assumption that
the concentrations during the linear phase do not change considerably,
which requires quick and accurate process analytics and may not always
be valid. Recently, Frere et al. [39] gave a good overview of why the
initial slope method should be applied with great caution.

The focus of the current work is on PCA, for which such assumptions
are not necessary. In PCA, the individual concentrations of substrates
and/or products are tracked over time, providing a sampling of the
dynamic data representing the reaction progress. This dynamic data is
further used for nonlinear regression, building either on the integration
of the reaction rate equations, or fitting the kinetic model to further
processed data derived from a differentiation of the PCA data. For the
former, either an analytical or a numerical integration approach can be
used. The mentioned methods have already been used by different au-
thors for the analysis of progress curves and have been investigated but
have rarely compared with each other regarding their strengths and
weaknesses. DEoGraTiAs et al. [40] have studied in-silico experiments for a
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Fig. 1. Overview of methods and approaches for parameter estimation of enzymatic reaction models.
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uni-uni reaction without and with different inhibitions. Artificial noise
with up to 4 % was added to the data and it was found that the pa-
rameters could still be identified with high accuracy based on the least
squares estimation for the analytical explicit form of the kinetics. A
comparison with other methods or higher noise levels was not per-
formed. Goucnik [41] compared the results of a nonlinear regression
based on in-silico initial slope experimental data and in-silico PCA data
performing nonlinear regression of the explicit integral of the kinetics
without adding additional noise and with 2 % and 4 % added noise for a
uni-uni reaction without inhibition. As expected, the calculated un-
certainties with the explicit integral were significantly smaller than with
the initial slope method. Paar et al. [42] used a PCA dataset with con-
stant error for the evaluation of the explicit integral compared to the
application of an implicit integral as well as a numerical integration
based on initial slope experiments as well as different linearizations for
an uni-uni reaction without inhibition. As expected, the calculated
standard errors of the explicit integral were smaller than for the nu-
merical integration as well as the linearizations. Unfortunately, no
standard errors were calculated for the implicit integral. ZavreL et al
[22] compared five different computer programs with different solvers
for the analysis of an uni-uni reaction with competitive inhibition with a
normally distributed standard deviation of 0.002 mM at starting con-
centrations of 0.075 mM - 0.1 mM. The analysis was performed using
initial slope experiments and PCA. For the former, it was found that
smoothing splines improved parameter estimation results considerably.
For the second, it was found that as the number of data points increased,
the deviation decreased - although the computer programs studied
performed differently depending on the number of data points. The re-
ported advantages and disadvantages of the mentioned methods for
progress curve analysis are summarized in Table 1.

Since previous studies have only focussed on a partial comparison of
the individual methods [22,40-42], the current study seeks a compre-
hensive comparison of the analytical and numerical approaches. The
overall study builds on a common PCA dataset for all methods, facili-
tating a direct comparison of resulting parameter estimates. Through
this analysis, we aim to shed light on the strengths and limitations of
each approach, providing researchers with valuable insights into
choosing an appropriate method for enzymatic reaction kinetic param-
eter determination.

2.1. Nonlinear regression for an analytical integration

If the differential mass balance that is defined by the reaction rates
can be integrated analytically, an algebraic optimization problem can be
solved for parameter regression, by minimizing the least squares func-
tion for the concentration data. Depending on the type of reaction ki-
netic model, analytical integration can either yield an implicit
relationship between time t and concentration c in the form of t = f(c)
[8,43], or an explicit form by transforming the implicit form into c=f(t),
by a series expansion using the Lambert W function [44]. FERNANDES et al.
[45] demonstrated the superiority of the implicit analytical approach
over the initial slope method for in-silico data for simple reactions with
inhibition. However, the implicit form is not intuitive to use and the
objective function for nonlinear regression must be chosen with care as

Table 1
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at standard regression usually the deviation in y-error is minimized: For
the implicit approach this ends up in a minimization the deviation in
time, which usually is quite accurate. However, it is generally advisable
to minimize the deviation in concentration, as this can usually be
measured less accurately. These may be parts of the reason why this
method has not been adopted to a larger extend, even though it has been
known for over 50 years [46,47]. The explicit form has the advantage of
a simpler fit, however there seems a lack of usable software. It was also
successfully applied for reversible inhibition kinetics [40], but cannot be
effectively used if only data from initial slopes are available [18]. Yet,
the complexity of the implicit equation and the lack of analytic integrals
for general rate equations limit the broad applicability of analytical
integration.

2.2. Numerical integration

As an alternative to the analytical integration, the differential mass
balance can be integrated by numerical integration, for which various
integration methods, such as the forward or backward Eurer method, or
different Runge-Kurta methods are available, as e.g., Matlab does pro-
vide a range of ode solvers combining Runce-Kurra methods of different
order to automatically adjust the step size. The parameter regression
problem for the numerical integration approach is mostly solved as a
single (or multiple) shooting problem, for which the objective function is
evaluated in each iteration, by performing the numerical integration of
the differential mass balance on the basis of the kinetic model with the
current parameter estimates and calculating the least squares functional
for the measured composition data [48]. For such nonlinear regression
problems, the objective is typically formulated as minimisation of the
least squares function for the difference between the measured data and
the model predictions. The challenge of parameter identifiability arises
when different parameter sets provide similar model predictions, which
is particularly problematic with so-called ‘sloppy models’. These models
either have parameters which show low sensitivity in the objective, i.e.
some parameters hardly influence the model and can therefore not be
determined uniquely from the data, or parameters that are strongly
correlated. To handle these problems, regularisation [22,49] or
Bayesian approaches [50] are often used to introduce additional infor-
mation or prior knowledge. Alternatively, sensitivity analyses can help
to identify critical parameters and reduce the model to a manageable
number of relevant parameters [51] [Ref]. Also model-based design of
experiments provides a systematic tool for the discrimination between
competing model candidates with minimum experimental effort [52].
This method of least squares minimization is e.g. implemented in the
software tool Encora. It offers the advantage of general applicability to
all kinds of kinetic models, but optimization of the parameters is more
complex as the parameter sensitivities are not easily derived. Using
Encora and in-silico data StraatHor [48] reports that for progress curve
data with an added 2 % noise, the deviation of the reaction parameter
was 5-25 %. Similar results were reported for other software tools
employing numerical integration where a Gaussian noise of 0.002 was
considered for a fluorescence signal in the range of 0-0.15 [53].

For the current investigations the numerical integration approach
implemented in the software Encora and published by StraatHor [48], is

Advantages and disadvantages of analytical and numerical approaches for progress curve analysis.

Advantages

Disadvantages

Implicit form

Analytical
approaches .. Accurate results due to the analytical integration.
Explicit form e o Lo .
Intuitive fit and more flexibility for objective function.
Numerical High flexibility, each kinetic equation can be applied.
Numerical integration Free and commercial computer programs available.
approaches Spline High flexibility, each kinetic equation can be applied.

interpolation Comparatively robust with poor initial values.

Accurate results due to the analytical integration.

Limited number of kinetics equations described in literature. Non-intuitive
form for the kinetic equation. Objective function must be chosen with care.
Lowest number of kinetics equations described in the literature. Available
equations are based on one component, e.g. no bi-bi reactions.

Results depends on initial values. Less accurate than analytical approach.

Not yet established as a standard approach in the biotech community. Less
accurate than analytical approach.
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used, which can also be seen as a benchmark for an established tool in
this study. Encora provides access to 204 enzyme kinetic models,
including those considered for the case studies in Section 3. The fitting
procedure starts with the definition of initial parameter estimates and
uses a fourth-order Runce-Kurra method for numerical integration [54].
The optimization is performed with the derivative-free NELDER-MEAD
simplex method, minimizing the sum of squared residuals, also
providing estimates of the variance [48]. For all calculations a maximum
of 2000 iterations were specified, so that the stop criterion, which was a
lack of adjustment in the parameter estimates beyond 1 % was generally
reached first [54]. For case study 2 the maximum step size was adapted
to 1, and the maximum number of iterations to 1000. Other options were
taken as default.

2.3. Spline interpolation

Another viable option to derive an algebraic optimization problem
for parameter regression builds on the differentiation of the measured
concentration data. However, doing this with numerical differentiation
directly on the basis of noisy experimental data is an ill-posed problem
[27]. TikHoNov regularization and smoothing splines have been used for
the estimation of reaction rates from concentration data in chemical
reactions for more than 50 years [55]. Cubic spline interpolation is used
to interpolate the course of the experimental data. The considered time
horizon is discretized by n knots into individual intervals in each of
which polynomials are defined [56-58], according to Eqgs. (2) and (3).

Cs spline,1

Cs sptine () = Csspine | i
CS\.S.p.lljne‘n

Cssplinei(t) = a; o £ +b; o  + ¢ o t+d;, (3)

The substrate concentration cg as function as well as its first two
derivates need to be continuous over the defined time t, here a, b and ¢
are factors that describe the polynomial. The spline polynomials are
twice continuously differentiable and continuity at the knots is assured
by means of additional boundary conditions in the fitting process. When
characterizing the substrate concentration cg two additional constraints
are considered in the fitting process, demanding a monotonous decrease
of cg over time (Eq. (4)) and a concave form of the curve (Eq. (5)):

dCs Spline

Lsspline 4
da - “)

d2 Cs spline

—2 <0 5
a2 — )

The spline interpolation is used not only to smooth the data, but also
to enable differentiation of the smoothed data to obtain the reaction
rates. The resulting spline interpolation can subsequently by differen-
tiated to derive an explicit function for the reaction rate which can
further be evaluated for discrete time points within the considered time
span. The parameter regression problem is thus posed as algebraic
optimization problem for the reaction rates as described by Eq. (6) [59].

dCS  Spline

dt

Previous studies have shown that the splines approach leads to a
higher possibility of convergence than the implicit approach, when
using poor initial guesses [60]. The spline approach is advantageous in
its versatile application for different reaction kinetics. While the spline
interpolation may distort the experimental data in case of perfect
experimental data, real experimental data is almost never perfect and
smoothing splines have demonstrated the capability for an effective
regularization of noisy data. Noisy data can further complicate

= Vs spline(t), ©
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parameter estimation and lead to overfitting if the data is not smoothed
sufficiently, while sparse data can make interpolation inaccurate [22,
61]. In addition, the choice of node density and degree of smoothing
requires careful manual tuning, which is often difficult with limited
data. These manual adjustments makes it in general less attractive to use
at present.

2.4. Further information on applying the methods in Matlab

Based on the specific function derived by analytical integration an
algebraic nonlinear least squares regression problem is posed for the
concentration data and solved with the help of the Isqcurvefit function in
Matlab. All kinetic parameters are considered as positive variables
without upper bound and different initial values are tested for each case
study. The specific options used for Isqcurvefit can be found in the Gitlab
repository. For the current study total least square (TLS) regression was
performed with the Matlab toolbox by Petras and Bebnarova [62], where
the errors in x- and y-direction are equally weighted. For the spline
interpolation the shape modeling language toolbox by D’Errico [63] was
used. The subsequent regression analysis was conducted using the
Isqcurvefit function, again. For calculation of the error bars the nlparci
function was used.

3. Case studies

Three case studies with increasing complexity are considered to
evaluate the different PCA-based parameter estimation methods. First,
the analytical approaches are compared with the numerical integration
and spline interpolation for an irreversible uni-uni reaction without and
with different inhibitions. The performance of the different methods is
compared on the basis of in-silico experimental data in the presence of
different noise levels. The second case study evaluates the performance
of the different methods for the original experimental data of MicHAELIS
and Menten [10], who have investigated an irreversible uni-bi reaction.
The third case study considers a full reversible uni-uni reaction for
which the different methods are compared on the basis of own experi-
mental data.

3.1. Irreversible uni-uni reaction with and without inhibition

In the irreversible uni-uni reaction an enzyme (E) and a substrate (S)
react to form an enzyme-substrate complex (ES), which then dissociates
into enzyme (E) and product (P). The underlying reaction mechanism is
given in Scheme (1), where the corresponding reaction rate for a non-
inhibited reaction is given by Eq. (1).

E+S=ES—E+P (Scheme 1)

This reaction mechanism provides the basic framework for the study
of enzyme reactions. In addition, different types of inhibition, as
described by CornisH-Bowpen  [8], such as uncompetitive,
non-competitive, and competitive inhibition can be considered to obtain
a comprehensive picture of different enzymatic reactions. A key
assumption is that the inhibitor is not converted and the inhibition is
fully reversible. Also partial inhibition is neglected.

In competitive inhibition (cf. Eq. (7a)), an inhibitor molecule com-
petes with the substrate for binding to the active site of the enzyme. This
means that the inhibitor and substrate cannot bind to the enzyme at the
same time. The addition of a competitive inhibitor results in a decrease
in reaction rate because less substrate can bind to the enzyme. However,
the maximum reaction rate can be restored by adding more substrate.
Non-competitive inhibition (cf. Eq. (7b)) is a special case of mixed in-
hibition, were the inhibitor binds to both the enzyme and the enzyme-
substrate complex. This results in less efficient conversion to a prod-
uct. For non-competitive inhibition the affinity constants of the inhibitor
for the enzyme (K;) and enzyme-substrate complex (Kjy) are the same.
As they are the same here, both are referred as K;. In uncompetitive
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inhibition (cf. Eq. (7¢)), the inhibitor binds only to the enzyme-substrate
complex, defined by the constant Ky. This prevents the release of
products from the enzyme-substrate complex, effectively inhibiting
enzyme activity. Unlike competitive inhibition, the addition of more
substrate further enhances inhibition by promoting the formation of
more enzyme-substrate complexes to which the inhibitor can bind.

Cs(e)

V=Vnaxo—— 7a
maXKM(]. + I%) -+ CS([) ( )
Cs(1)
V= Vmax——— (7b)
"1+ &) (Ku + cs0)
V = Vinax £s0 (70)

KM + Cg(t)(l + 1%/)

The analytical integration of the original MicHAELIS-MENTEN equation
(Eq. (1)) with respect to cg results in the implicit expression in Eq. (8a)
[8]. Assuming that the terms for inhibition represent constants, since the
inhibitors are not converted to by-products by the enzyme, Eq. (8b-d)
are obtained as analytical integrals for competitive inhibition,
non-competitive inhibition as well as uncompetitive inhibition, with cg,
o as initial substrate concentration. Accordingly, these equations do not
apply, for example, to product inhibition, since in this case the product
concentration does not represent a constant.

1 C
t= —— (KMIH& + (CS(t) — Cg_o)) (8a)
max Cso
Cr Cs(r)
t= — Ku(1+—)ln—= — 8b
_— ( m( +K1) n o + (cs Cs.o)> (8b)
+ ICTI Cr Cs(t)
t= ——(Ky(1+—)ln—> — 8
. ( M( +KI) n cso + (Cs(t) Cso)) (8c)
& C,
t= — S (KMlnﬂ + (Cs(t) - Cs‘0)> (8d)
Vmax Cso

The implicit form can be transformed to an explicit form as was first
described in 1997 by ScuneLL and Menpoza [64] by the use of the Lambert
W function. Further extensions to different kinds of inhibitions and ap-
plications have been presented by various authors [38,40,65]. Yet, these
analytical integrals of enzyme kinetics are only used by few specialist
[66,67]. For further details on the use of the Lambert W function and its
application in enzyme catalysis the interested reader is referred to
relevant works [41,43,44,64,65,67]. The resulting explicit forms for the
reaction rate without inhibition, as well as competitive inhibition,
non-competitive inhibition and uncompetitive inhibition are listed in
Eq. (9a-d), with W representing the Lambert W function.

Cs, —Vmaxt + Cs,
Cs(n) = KMW(KS—; exp(%so)) (9a)
Cr Cso —Vmaxt + Cspo
csoy =Kul1+—|W : ex : 9b
so =R )W 5™ 1+ 9) ) ©b)
—Tmt + Cs
[o (1+8) '
Csit) = KMW KS—;ex (}71” (9(:)
— 2%t 4 g
Ky Cso (1+gh) ’
Cse) = A+9 Wl <, exP(KUT) 9d)
Ky 5 (1+5)
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3.2. Irreversible uni-bi reaction with product inhibition

As irreversible uni-bi reaction the original MicHaELs-MeNTEN kinetic
with data by Micuaeis and Menten [11] is selected. The reaction mech-
anism is given by Scheme (2).

E+S=ES—E+P; +P;
E + P;=EP;
E + P,=EP,

(Scheme 2)

According to Gouicnik [43] the reaction rate v for the reaction ac-
cording to Scheme (2) is given by Eq. (10a), while the integrated explicit
form is given by Eq. (5b). As the experimental data from MicuaeLis and
MEenTEN were given as ratio of product and initial substrate concentra-
tion, Eqg. (10b) is reformulated to Eq. (10c). The model has four kinetic
parameters, with vy, and Ks, Kp; and Kp, representing the affinity
constant of the substrate, product 1 and product 2, respectively. Kp
represents the general product inhibition constant and can be calculated
from the individual product inhibition constants.

V= VmaxCs _ VmaxCs (10a)
Ks(l +Cp1/Kp1 +Cp2/Kp2 +Cs) Ks(]. +Cp/Kp)+Cs
. Cs, —Viaxt + Cs,
Cs) = KSW<I§£ exp(m"TSO)) (10b)
Ch(y) K (cso —Vixt+Cso )
—=1-—W|( —exp(—& —— (10c)
Cso Cso K Pl K )
with
” v/Ks

max = 7Kg — 1/Kp

K= 1 + Cs‘o/Kp
5 1/Ks —1/Kp
Kp1Kp2
Kp=———"—-—
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3.3. Reversible uni-uni reaction

A reversible uni-uni reaction can be described as a two-step reaction
following Scheme (3a), or as a three-step reaction, assuming either a
rapid equilibrium with a rate-limiting second step (Scheme 3b), or a
steady state where the change in concentration of ES and EP over time is
assumed to be zero (Scheme 3¢) [8].

k] k2
E+S = X=E+P (Scheme 3a)
ki, ko
ky ko ks
E+S = ES = EP = E + P, rapid equil., ks << (k.2 +k3), k2 <
k,l k,z k,3
< (k-1 +ko)
(Scheme 3b)
k] k2 k3
E+S = ES = EP=E + P, steady state (Scheme 3c¢)
k,l k,z k3

All three mechanisms result in the same kinetic model, stated in Eq.
(6a). The analytical integral in explicit form is given in Eq. (6b) [44].
However, it should be noted that the definitions of the parameters K¢, K,
vg, and v; as composite factors of different rate constants (k values) are
different for each reaction mechanism [8]. Index f represents the for-
ward reaction, index r represents the backward reaction. While for
Schemes (3a) and (3c) the K values are represented as different affinity
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constants, for Scheme (3b) the K values are dissociation constants.

Ve — ¥
& Cs TP

y=">—"- (6a)
T+g+2
ACs o —vi t+ ACs
Cs(t) = Cs0 — ACs 0 +K’,‘V,W( Ki exp(masz)) (6b)
M M
with
VsCso /K
ACse = Cso — Csoo = — ot so/Ks
ve/Ks + v /K,
. /K +v/K
vm X~ 1 /. 17
= 1/K - 1/K,
1+ c¢s0/K
+ s,o/ ‘a Acsa

M7 1K - 1/K,
4. Results

The following subsections discuss the results obtained by the
different methods for the three case studies. For all case studies the
confidence intervals are calculated by the use of nlparci function in
Matlab.

4.1. Case study 1: irreversible uni-uni reaction

Despite its simplicity, this reaction mechanism is frequently
described in the literature with or without inhibition [68-73]. In order
to avoid a bias the in-silico data for parameter estimation, data are not
generated with the analytical integrals described in (Scheme 3a).
(4a)-(4d). Instead, a numerical integration with the ode45 solver in
Matlab is used to generate 1.000 data points over a time horizon of
30-minutes, using Ky = 1 mM, vipax = 1 mM min’l, and K; = 5 mM.
Random noise is further added to the concentration data, considering a
normal distribution 0-10 % by the use of Matlab’s randn function. For
parameter estimation 50 evenly spaced data points are extracted for
testing the different approaches. An initial substrate concentration of
10 mM, and three different inhibitor concentrations of 1 mM, 10 mM
and 20 mM are considered. Data are listed in the Gitlab repository.

As the experimental data were noisy up to 10 % and an irreversible
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reaction was considered, it occurs that some substrate concentrations
are negative. Respectively, the product concentrations occur higher than
the initial concentration of the substrate. The authors are aware that this
fact is physically impossible. Usually this can be avoided by accurate
analysis of the concentrations. However, for the implicit approach, an
In-term is applied, cf. (Scheme 3a). If a concertation is zero or smaller,
these data cannot be analysed. Therefore, we have set the substrate
concentration to 10~1% mM if a value was below zero.

To test the capability of the different methods to cope with the noisy
data, the “true” parameter values used for data generation are provided
as initial guess. Thus, each method should in principle be able to
maintain the true values if the data represents the model accurately
enough. Fig. 2 illustrates the normalized results for the individual
parameter estimation with the different methods for perfect data
without noise, as well as 5 % and 10 % noise, without inhibition (left)
and with competitive inhibition (right). Data with other noise levels and
other inhibition mechanisms show similar behaviour, are omitted from
further discussion here, but are provided in the Gitlab repository. The
error bars represent the 95 % confidence intervals for the estimated
parameters.

All methods effectively maintain the true parameter values when
provided perfect data without noise, furthermore showing high preci-
sion in the estimates, for both models. In case of added noise, the
parameter estimates of the different methods deviate to different de-
grees, with the implicit form showing the highest deviation and the
spline interpolation showing in average the best results. The latter
highlights the benefits of the regularization that comes with the spline
interpolation, effectively attenuating the random noise. While the im-
plicit form of the analytical integration results in larger distortion of the
parameter estimates, the explicit approach maintains values quite close
to the true parameter.

The difference can in this case be explained by the effect of the noise
on the objective function. As the noise was introduced to the concen-
tration, the error was introduced on the x-axis for the implicit form (t = f
(c)). As such the objective function in the ordinary least square (OLS)
minimization aims at a modulation of the measurement times. This
problem is e.g. overcome when considering the total least square (TLS)
minimization instead, which considers the residuals in t and c equally.

Fig. 3 shows the results of the parameter estimation with all methods
for the reaction without inhibition and 10 % noise. Comparing the exact
course of the curve (cf. zoom-in at the right Fig. 3), all methods un-
derestimate the true kinetics. This is to be expected, as the scattering in
the late course of the reaction only considers positive deviations due to
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Fig. 2. Normalized values for estimates with different approaches for uni-uni reaction without inhibition (left) and competitive inhibition (right) at different

noise levels.
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Fig. 3. Experimental data for an irreversible uni-uni reaction without inhibition and 10 % noise. Lines represent different approaches for parameter estimation. Left:
total view of all approaches and experimental data as c. Right: Zoom in to 15 — 30 minutes.

the noise, whereas the negative deviations were set to 107 mM. The
implicit approaches both show very poor agreement. This is due to the
fact that the deviation in the x-direction is minimized and therefore the
values in the late course of the reaction in particular significantly in-
fluence the result in the wrong direction. If only values from the first
20 minutes are considered for the regression, both implicit models show
better agreement.

This can also be conducted from Fig. 4, which shows the simulated
progress curve with all methods for the reaction with competitive in-
hibition (c¢; = 20 mM) and 10 % noise. Due to the inhibition the overall
reaction rate is decreased and therefore the reaction time expands.
While for the reaction without inhibition a nearly full conversion is
reached after 15 minutes, it takes up to 25 minutes for the inhibited
reaction. Furthermore, the numerical methods and the explicit integral
in particular are able to describe the true kinetics very well. It is
noticeable that the TLS method of the implicit function performs
particularly well, because even in the late course several data points are
still clearly above zero and thus the deviation in x- and y- direction can
be minimized well. In contrast, the implicit OLS method continues to
perform very poorly. As the algorithm minimizes the deviation in the x-
direction, the present data points lead to an uneven distribution along
the y-axis and thus to a weighting of the values at low y-values. This

10 T T T
Implicit OLS
9 Implicit TLS b
Explicit
8 Numerical Integration |
% Spline Interpolsation
- 7r True parameter b
s * expData
g of ]
<
8 st .
c
o
[5)
o 4r b
©
2 3t 1
3
w
2+ 4
1F 1
0 | | | i kX 3
0 5 10 15 20 25 30

time / min

Fig. 4. Experimental data for an irreversible uni-uni reaction with competitive

estimation. Left: total view. Right: Zoom in to 10 — 15 minutes.

leads to a distortion of the estimated parameters.

While the previous analysis evaluated the capability of the different
methods to maintain the true parameters during the regression to noisy
data, it is also important to evaluate the capability to identify the true
parameters when using different initial values. Therefore, a grid search
was performed to identify the ranges of initial estimates for which the
individual methods perform well. Fig. 5 provides an illustration of these
ranges, given that the initial guess for the vy,,x and Ky parameter are
changed simultaneously.

Interestingly, only the numerical integration is able to calculate the
true parameter from a low initial value for the parameters, while the
spline interpolation performs well for the largest range of initial values,
covering rather higher initial values for the parameters. The analytical
approaches are more sensitive to poor initial guesses. It needs to be
noted that the local optimization methods applied in the current work
did actually fail to converge for initial values below 0.1.

Overall, the analytical integration with the implicit equation shows
several weaknesses. A remedy could be to reformulate the regression
problem as t-f(c)= 0. However, this increases the already unintuitive
nature of the implicit function. Also, when applying the implicit
approach, a boundary condition would be that the concentrations must
be evenly distributed over the measuring points. However, this
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inhibition and 10 % noise. Lines represent different approaches for parameter



T. Waluga et al.

1
1
I
|
i
I
1
1
i
1
1
1
|
1
Implicit 1
'
1
1
:
10710 10° 1010

initial guess value

Fig. 5. Range of initial values from which the true parameter values are
identified within one order of magnitude.

condition cannot be met as well during real experiments as a uniform
distribution of the sampling intervals. Consequently, the implicit equa-
tion will not be considered in the following discussion. So far, the spline
interpolation shows the best performance.

4.2. Case study 2: irreversible bi-uni reaction

Micuaeus and MenTen investigated the hydrolysis of sucrose to fruc-
tose and glucose as an example of an irreversible bi-uni reation. Of
course, hydrolysis is a bi-bi mechanism as water molecules are a sub-
strate. However, water is present in excess in biological systems, so the
water concentration is considered constant [10,11,74-76].

The original work of MicuatLis and Menten has been translated by
Jounson and Goopy [10]. Beside the fact, that they used the initial slope
method, the data cover the full range of a progress curve. A total of seven
experiments were performed, but in agreement with Jonnson and Gooby
[10], we only use five experiments with 5-7 data points each. Four of the
five experiments lasted until equilibrium was reached.

Based on their data, MicuaeLis and MenTEN determined the kinetic
parameters by the use of initial slopes, with vpax = 0.76 mM min~}, Kg
= 16.7 mM and Kp = 35.1 mM. These are again used as initial guess for
parameter estimation with the different methods. Goli¢nik [43] used
analytical integration with the explicit equation for parameter regres-
sion and found a very good agreement with data by MicrarLis and MENTEN
(cf. Table 2). The same results are obtained in the current work for the
analytical integration approach, with only minor variation for the Kp
value. This small difference may be caused by the different algorithms
for nonlinear regression, since Goricnik used Mathematica with auto-
matic selection of the optimization algorithm and the current work used
Matlab with the Trust-Region-Reflective-algorithm.

Since parameter estimates with the same accuracy are also deter-
mined with the spline interpolation approach, the precision of the
parameter estimates is evaluated on the basis of the confidence intervals.
However, both methods do also show comparable parameter precision

Table 2
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for this case. Only the parameter estimates of the numerical integration
approach show a lower accuracy and precision. It also shows a high
sensitivity for settings of integration steps used in Encora. In this study
the number of integration steps was increased to 20. Beside the nu-
merical integration, the Kp value is the most unsecure one, which may be
due to the fact, that this value is a lump value of K and Ky but was
individually addressed by Encora.

As mentioned in the introduction section the values for vy and Kg
can be roughly extracted from the graphical analysis of MicHaeLis and
Menten’s diagram. If the results of Micuarus and Menten for the initial
rates are presented in a classical MicuatLis and MenTeN’s diagram, we can
assume for further analysis that especially vma,x =0.76 and Kg
=16.5 mM represents the true parameters quite well, reflecting the
correct biochemical mechanism. For complex reactions, however, a
graphical analysis is much more complex. In order to evaluate the
dependence of the different PCA methods for parameter estimation the
results are again evaluated for different initial values, resulting in the
data listed in Table 3. While the spline interpolation approach calculates
the same values for the kinetic parameters with high accuracy and
precision, independent from the set of initial values, the results of both,
the analytic and numerical integration approach fluctuate largely with
the initial values. Even with initial values quite close to the true values,
the results of these methods may already deviate from the “true” values.

Based on 35 data points and three parameters to estimate, the critical
t value for a level of 95 % significance is 2.036. For the explicit method,
the t-values are very high, especially for vpax, which indicates a
consistent significance of this parameter across most initial sets. This
indicates that vpax has a strong influence in this model. The t-values for
Ks and Kp are also high, but not as pronounced as for vyay, suggesting
somewhat more variable influence of these parameters on the model.
With the numerical integration method, the significance of vy is also
striking, especially with higher values assumed at the initial guess,
which indicates possible numerical instabilities. The high t-value in
certain initial sets shows that the effect may not be captured linearly or
is amplified by numerical artefacts. The low t-values of Kg and Kp in
certain initial sets show that these are not considered significant in these
cases, which could indicate an insufficient fit in the initial values or
model limits. The spline interpolation method provides consistent t-
values between the parameters, although vp,x also shows quite consis-
tently high t-values, which confirms its significant role. From a meth-
odological point of view, the spline method indicates a stronger stability
of the parameter evaluation. Overall, the analysis shows that different
methods and initial values can significantly influence the statistical
significance of the model parameters, with v,y consistently appearing
as the most significant parameter, while Kg and especially Kp vary more
depending on the initial setup.

Already for this slightly more complex second case study, the
analytical integration with the explicit equation and the numerical
integration do not show a robust performance for varying initial values
in the nonlinear regression. Yet, the spline interpolation shows a good
agreement with the true parameters, for a wide range of initial values.
While good initial values can be evaluated on the basis of initial slope
experiments, these cause additional experimental effort and cost.
Remarkable is the size of the confidence intervals, which suggest a good
agreement with the model in all cases, even it is assumed not to be true.

Kinetic parameters according to Eq. 10a-c for a simultaneous multiple progress curve fitting with original data by MicHaeLis and MenTen [11].

Original work by MicHAELIS
MenTeN (also used as initial
values in this work)

Reanalyzed results using
the explicit approach by
GoLICNIK [43]

Reanalyzed results using
the explicit approach
(this work)

Reanalyzed results using the
numerical integration
approach (this work)

Reanalyzed results using the
spline interpolation approach
(this work)

Vmax [MM

.1 0.76 0.76 + 0.03 0.76 + 0.01
min ]
Ks [mM] 16.7 16.5+ 1.4 16.5+ 0.8
Kp [mM] 35.1 36.7 £ 6.5 36.5+ 4.3

0.76 £+ 0.01 0.78 £ 0.02
19.7 £1.0 16.9+1.3
51.8+72 31.2+5.4




T. Waluga et al.

Process Biochemistry 151 (2025) 1-13

Table 3
Kinetic parameters for the hydrolysis of sucrose calculated with varying initial values and different methods.
Initial values sets Explicit t-value %\Iumeru{al t-value Spline interpolation t-value
integration

Vmax = 0.76 [mM min~] 0.76 £+ 0.01 29.35 0.76 + 0.01 29.26 0.78 £+ 0.02 30.03
Ks = 16.7 [mM] 16.5+0.8 12.44 19.7 £ 0.96 14.84 169+ 1.3 12.74
Kp = 35.1 [mM] 36.5+ 4.3 5.98 51.8 +£7.17 8.49 31.2+5.4 5.11

Vmax = 1 [MM min~1] 0.76 + 0.01 29.26 0.72 +£1.48 27.72 0.78 £+ 0.02 30.03
Ks =1 [mM] 16.5+0.8 12.43 23.55 +131.31 17.75 169+ 1.3 12.74
Kp =1 [mM] 36.7 £ 4.3 6.01 0.35 £ 2.54 0.06 31.2+5.4 5.11

Viax = 10 [mM min~"] 0.74 £ 0.02 29.49 13.25 + 0.69 510.14 0.78 £+ 0.02 30.03
Ks =1 [mM] 147 £ 1.7 11.08 1.61 +0.52 1.2136 169+ 1.3 12.74
Kp = 0.01* [mM] 26.55 + 6.3 4.35 0.01 £+ 0.00 0.2638 31.2+5.4 5.11

Vimax = 10 [mM min~"] 0.67 £+ 0.09 25.60 NA 0.78 £+ 0.02 30.03
Ks =1 [mM] 1.04 £ 0.6 0.78 Approach does not converge with these initial values NA 16.9 £ 1.3 12.74
Kp = 0.001* [mM] 0.94 £+ 0.6 0.15 NA 31.2+5.4 5.11

Viax = 1000 [mM min ] 1000 + 0.3 38501 NA 0.78 £+ 0.02 30.03
Ks =1 [mM] 1+0.0 0.75 Approach does not converge with these initial values NA 16.9 £ 1.3 12.74
Kp = 1000* [mM] 1000 + 36.1 163.88 31.2+5.4 5.11

Viax = 100 [mM min~'] 14.6 + 0.68 562.12 117.17 £ 0.33 4511 0.78 £+ 0.02 30.03
Ks =1 [mM] 255.3 +£16.7 192.43 1.93 +0.03 1.45 169+ 1.3 12.74
Kp = 10* [mM] 4.98 + 0.6 0.8161 6.6 +0.012 1.08 31.2+5.4 5.11

* In Encora, the values K, rru and Ky gic are given, from which Kp can be calculated. Here too, the results are strongly dependent on the initial values and settings. In
this study, Kp was calculated as follows 0.01 = 1000 ¢ 0.01/(1000 +0.01); 0.001 = 1000 ¢ 0.001/(1000 +0.001); 1000 = 1111 ¢ 10000/(1111 +10000); 10 = 10000

© 10/(10000 +10). Settings were used as described above.
4.3. Case study 3: reversible uni-uni reaction

In the last case study, a reversible reaction is investigated, repre-
sented by the isomerization of glucose to fructose by an isomerase. Since
the results for the true parameters have been known in case studies 1 and
2, we now assume no information about the kinetic parameters to see,
how the different approaches perform. The reaction is catalysed by an
isomerase, which is well known [12,77-80] and kinetic parameters for
isomerase have been widely described in literature, as it is used on an
industrial tons per year scale [81], e.g. for the production of sweeting
syrup [20,82]. Here, we focus on the performance of the different ap-
proaches for poorly planned experiments for the example of Sweetzyme
IT, a commercial isomerase from Streptomyces murinus.

For data of an isomerase, we performed experiments as follows: the
reaction took place in a 150 mL glass reactor at 60°C in 0.01 M MgCl,
(by Bernd Kraft) and 0.05 M TRIS (>99.3 % by Carl Roth) HCI buffer
(pH 7.5) as ideal stirred tank reactor. Glucose (>99.5 % by Carl Roth)
was added for the desired concentration (75 mM or 15 mM). 1.3 g 1t
Sweetzyme IT extra (from Streptomyces murinus by Novozymes) was
used. Samples were collected and measured at defined sampling time.
The samples were centrifuged (1 min, 700 rpm) before analysis. The
product concentration was analyzed based on SELWANOFF’s test, as
described before [12]. Error bars for experimental data points represents
the accuracy of analysis, in terms of manual errors during dilution, error
of balance and calibration line of SeLiwaNOFF’s test. As the Ky gic value
for glucose as substrate for Sweetzyme IT extra for similar reaction
conditions (60°C, additional Mg?") is in the range of 408 mM to 700 mM
[12,79,80] we performed experiments below these values, to see which
approach is able to calculate parameters according to literature values.
In the literature, it is quite common to estimate the parameters of the
reverse reaction only from the progress curve of the forward reaction,
although the information for the parameters of the reverse reaction is
not directly available experimentally. As initial values we defined four
sets: the first one is the poorest, as it uses randomly 1 as initial value.
Please note, that the initial values of Ky grc and Ky,rry must differ ac-
cording to the definition of v*pax and K*y (cf. equation (11)) otherwise
the denominator would be 0. Therefore, we use 1.1. The second set bases
on the initial rate of the 75 mM experiment of the forward reaction and
10 % of the value for the backward reaction as well as on the used
concentrations for the Ky values. The third and the fourth sets base on
literature data. Please note, that for set three [80] vgic < Very and Ky,
GLc < KM,FRU, while for set four [79] VFRU < CGLC and KM,FRU < KM,GLC~

10

The results for the calculated kinetic parameters with different ap-
proaches are shown in Table 4.

As in case studies 1 and 2, the splines approach again shows no de-
pendency of initial values. For all sets vgc = 0.27 mM min~? g’l, VERU
=0.32mM min! g’1 where Ky gic = 219 mM and Ky pry = 86 mM.
The explicit approach also shows the same qualitative results, where
VgLc < VFRU and KM,GLC > KM,FRU» independent of the initial values. As
the confidence intervals of the explicit approach are smaller, these re-
sults seem more precisely. A comparison of the two approaches shows
that the calculated parameters partly coincide within the limits of ac-
curacy or are at least not far apart. However, as was shown in case study
2 we cannot really state, which approach is better based on the confi-
dence intervals. Just slightly higher confidence intervals than the
explicit approach shows the numerical integration. However, as in both
other case studies, the calculated values highly depend on the initial
parameters. Especially for the first set the results are poor, compared to
the other approaches. For the initial values sets 2—-4 the parameter for
glucose are quite similar, but for fructose the results differ more and are
not within the different confidence intervals. The numerical integration
approach does show a good agreement for the forward reaction with the
explicit approach but no quantitative overlap with the other approaches
for the backward reaction. Please note that for the explicit and spline
approaches calculate vgic < very and Kygrc > Kmrru, while for the
numerical integration vgic < very but Kygrc < Kmrru are calculated.
However, the proportion of these values reported in literature [79,80,
83,84] also show that there is disagreement on this point. In all cases the
relatively high Ky values for glucose and fructose were not estimated by
any approach.

Fig. 6 shows the experimental data as well as simulation and confi-
dence intervals with calculated parameters according to initial value set
2 for all approaches. As can be seen, for all approaches experimental
data are covered in the range of accuracy. It can also be seen, that the
deviation of the simulation of all approaches is quite small even the
calculated parameters differ from each other.

Neither based on a graphical analysis of the progress curve nor on the
basis of the confidence intervals can a statement be made as to which
approach reflects the true parameters. However, the qualitative state-
ments from case studies 1 and 2 can also be found here.

Based on 22 data points and 4 parameters to estimate, the critical t
value for a level of significance 95 % is 2.101. In the explicit approach,
the t-values are consistently low, particularly for the parameters vgic,
vrru, and Ky pry. This suggests that these parameters may not have a
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Table 4
Kinetic parameters and well as absolute and relative 95 % confidence intervals for sweetzyme IT at 60°C, calculated with different approaches and varying initial
values.
Initial values sets Explicit t-value Numerical integration t-value Spline interpolation t-value
Veic = 1 mmol min~! g* 0.23 + 0.02 (6.5 %) 0.0781 1.00 + 0.1 (10.2 %) 0.3372 0.27 + 0.02 (7.2 %) 0.0911
Kmcic = 1 mM 168 + 12 (6.9 %) 1.7932 1002 + 103 (10.3 %) 10.7124 219 + 17 (7.6 %) 2.3413
vpry = 1 mmol min~t g~! 0.47 + 0.04 (9.0 %) 0.0609 0.01 + 0.01 (64.2 %) 0.0013 0.32 £ 0.04 (11.3 %) 0.0411
Ky pry = 1.1 mM 103 + 9 (9.2 %) 0.9197 9+ 4 (42.9 %) 0.0807 86 + 10 (11.7 %) 0.7713
Vic = 0.5 mmol min ! g~* 0.23 + 0.02 (6.5 %) 0.0781 0.22 + 0.02 (6.7 %) 0.0741 0.27 £ 0.02 (7.2 %) 0.0911
Kmcic = 15 mM 168 + 12 (6.9 %) 1.7932 165 + 12 (7.0 %) 1.7540 219 + 17 (7.6 %) 2.3413
vpry = 0.05 mmol min ' g~! 0.47 + 0.04 (9.0 %) 0.0609 1.45 + 0.13 (9.1 %) 0.1861 0.32 + 0.04 (11.3 %) 0.0411
K pry = 75 mM 103 + 9 (9.2 %) 0.9197 324 + 30 (9.2 %) 2.9058 86 + 10 (11.7 %) 0.7713
Veic = 0.486 mmol min ! g~ ! 0.23 + 0.02 (6.5 %) 0.0781 0.23 + 0.02 (6.7 %) 0.0776 0.27 £ 0.02 (7.2 %) 0.0911
Kwmcic = 497 mM 168 + 12 (6.9 %) 1.7932 167 + 12 (7.0 %) 1.7854 219 +17 (7.6 %) 2.3413
Very = 0.804 mmol min~* g~* 0.47 + 0.04 (9.0 %) 0.0609 1.06 + 0.10 (9.1 %) 0.1360 0.32 + 0.04 (11.3 %) 0.0411
K, pry = 822 mM 103 + 9 (9.2 %) 0.9197 236 + 23 (9.2 %) 2.1166 86 + 10 (11.7 %) 0.7713
Verc = 0.292 mmol min ! g~! 0.23 + 0.02 (6.5 %) 0.0781 0.22 + 0.02 (6.7 %) 0.0742 0.27 £ 0.02 (7.2 %) 0.0911
Kwmcic = 700 mM 168 + 12 (6.9 %) 1.7932 165 + 12 (7.0 %) 1.7640 219 + 17 (7.6 %) 2.3413
very = 0.187 mmol min ! g~* 0.47 + 0.04 (9.0 %) 0.0609 1.51 + 0.14 (9.1 %) 0.1938 0.32 + 0.04 (11.3 %) 0.0411
Ky pru = 450 mM 103 + 9 (9.2 %) 0.9197 335 + 31 (9.2 %) 3.0044 86 + 10 (11.7 %) 0.7713
10 changes in reaction conditions, which can influence the results
= immensely [21].
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3] Y- - o ==1 considered [17]. However, with modern computer tools, the imple-
B 31 el =T 4_’____..—1; mentation of a simultaneous enzyme decay is not a big challenge. Based
Q - - - . . . P . .
5l P P =] on the results in this study the implicit approach is not well compatible
) S = == with a standard regression, as the objective function minimizing the
1t  E ~—F " . y-error does not fit to an experimental error in concentration measure-
ment. The analytical explicit approach shows a good performance
0 - L L L L ciles . . . . .
o 20 40 60 80 100 120 w1th}n .thls study. .But currently it seems “unnoticed outside of the
time / min specialist community” [66]. This may be due to the fact, that only a

Fig. 6. Experimental data of sweetzyme IT at 60°C in 0.01 M MgCl,, 0.05M
TRIS, pH 7.5 for ¢co =75 mM and 15 mM. Solid lines represent regression
curves with different approaches, dashed lines represent 95 % confidence in-
tervals. Error bars represent experimental error.

strong statistical influence in this model, which could indicate that the
model or the data do not effectively capture the effects of these pa-
rameters. The parameter Ky grc shows slightly more significance. For
the numerical integration, the t-values vary somewhat. Ky grc occa-
sionally shows higher t-values, but none of the parameters consistently
achieve high values. This also indicates limited significance for the pa-
rameters with this method, although the values seem to be more sensi-
tive to the initial guess. The spline interpolation consistently shows
lower t-values for most parameters. Again, Ky gic exhibits slightly
higher t-values, but the overall significance remains questionable. The
relatively high uncertainties in the estimated parameters, especially for
extreme initial guesses, highlight the challenges associated with the
estimation process.

The mathematical analysis of the progress curve with unknown true
parameter shows an unclear result. As in case studies 1 and 2 the splines
approach shows one of the highest reproducibility of calculated pa-
rameters in respect to different initial values. Also, the explicit approach
shows highest reproducibility. Again, numerical integration has a high
dependency of calculated parameters. However, none of the results
shows an agreement with literature values but is has to be mentioned,
that also literature values show high differences [12,79,80]. This could
be explained e.g. by different batches of enzyme from supplier or small
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limited number of integrals are available and especially integrals for
industrial relevant two-substrate kinetics are not known to our best
knowledge. Therefore, numerical approaches represent a good and
flexible to all kind of kinetics alternative as they are able to be used
directly on the differentiated form of the reaction rate. The numerical
integration is widely used and available in diverse software tools.
However, results based on this approach shows a high dependency on
initial values in this study. Therefore, this approach needs some
fundamental knowledge about the underlying biochemistry. The spline
approach, also known for decades, seems to leads an unknown existence
for the use of enzyme kinetic modelling. This approach is only found in a
very small number of publications. However, based on our findings, it
could be a promising alternative, when it comes to parameter estimation
based on progress curve analysis. Unlike the numerical integration,
spline integration also bears the potential to apply gradient-based global
optimization solvers for the nonlinear regression, such as BARON [85]
or Antigone [86], which can in principle extend the range for conver-
gence to the whole design space for the parameters. Yet, these algo-
rithms are computationally more demanding and the computational
effort increases with problem size, which scales with the number of data
points.

As this study has shown, the estimated kinetic parameters of a
progress curve analysis highly depend on the procedure used. However,
in most of the current studies detailed information about exact pro-
cedure are unmentioned, namely: used regression function, used algo-
rithm, initial values, abort criterion, etc. In future, this information
needs to have the same importance as it is stated for experimental
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procedures, were (mostly) all information is given in respect to used
buffer composition, pH, temperature, reactants, etc. For reproducibility
and transparency this information is mandatory.

All details about the used modelling procedures can be found in our
Gitlab repository.
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