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Least squares estimation of unknown parameters from measurement data is a well-established standard
method in chromatography modeling but can suffer from critical disadvantages. The description of real-
world systems is generally prone to unaccounted mechanisms, such as dispersion in external holdup vol-
umes, and systematic measurement errors, such as caused by pump delays. In this scenario, matching
the shape between simulated and measured chromatograms has been found to be more important than
the exact peak positions. We have therefore developed a new score system that separately accounts for
the shape, position and height of individual peaks. A genetic algorithm is used for optimizing these
multiple objectives. Even for non-conflicting objectives, this approach shows superior convergence in
comparison to single-objective gradient search, while conflicting objectives indicate incomplete models
or inconsistent data. In the latter case, Pareto optima provide important information for understanding
the system and improving experiments. The proposed method is demonstrated with synthetic and ex-
perimental case studies of increasing complexity. All software is freely available as open source code
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1. Introduction

Chromatography models can aid the rational design and robust
operation of separation processes. However, before a model can be
used it must first be calibrated and validated. Some of the param-
eters involved in chromatography models are not directly measur-
able, and empirical correlations exist for some but not all of them.
This naturally leads to a procedure where the parameters are esti-
mated based on chromatogram data. In this paper parameter es-
timation is broken up into goals and search strategies. Different
combinations of proposed goals and search strategies are intro-
duced and tested on synthetic and industrial data sets. For indus-
trial application, the entire estimation procedure must be mostly
automated and robust, which is the major focus of this contri-
bution. We introduce a procedure that is designed to get good-
enough answers in reasonable time while dealing with systematic
errors and random noise in the data. The presented procedure is
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general purpose so that it can solve a wide range of problems and
is flexible enough to adapt to future needs. It is implemented in
the open source software CADET-Match that is freely available on
GitHub (https://github.com/modsim/CADET-Match).

The goal of the parameter estimation procedure can be com-
posed of one or more metrics, i.e. specific features that quantify
how good or bad a simulated chromatogram matches the corre-
sponding experimental data. Note that the terms goal, metric and
objective are used with distinct meaning that will be formally de-
fined in the respective sections of this paper. Each metric math-
ematically formalizes the goodness of an objective. Typical met-
rics are based on the sum of squared differences between sim-
ulation and measurement data or the shape similarity between
these curves independent of a time offset. Optimization problems
are usually formulated such as to minimize the metrics. Hence, a
suitable metric must have a low value when the objective is good,
a high value when the objective is bad, and provide a path from
bad to good where increasingly better objectives are indicated by
monotonically decreasing values of the metric. These statements
might seem simple but can be problematic in practice, as will be
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illustrated in Section 7. Ideally the path between high and low
metric values is smooth. Some metrics are easier to compute gra-
dients for and this can influence the choice of an adequate search
strategy.

Search strategies are all about tradeoffs. From the no free lunch
theorem [1] “any algorithm, any elevated performance over one
class of problems is offset by performance over another class.” This
means that there is no general-purpose best search strategy for all
kinds of problems and a proper choice depends on the nature of
the goal as well as the starting points. Search strategies that are
based on gradient descent can be very efficient for some problems
but poorly suited for others. Search strategies that are based on
evolution do generally work on a wider class of problems but con-
verge typically much slower than more specialized strategies such
as gradient descent. Evolutionary search strategies are black-box
algorithms that have very few requirements to function compared
to other search strategies. They are often a good first choice when
little is known about the goal before more efficient strategies are
applied. This paper focuses on gradient descent and evolutionary
algorithms.

2. Literature review

Parameter estimation is not an end to itself. A calibrated model
only matters to the extent it can add value to its defined purpose.
Once a model has been calibrated it can be used to design an op-
timal separation process [2,3]. A model can also be used to see the
tradeoffs between productivity and yield to design processes op-
timized for previously defined goals [4]. Additionally, models can
be used to understand the underlying physics and the impact of
effects, such as surface diffusion [5].

Early methods for calibrating models used algebraic approxima-
tions and frontal experiments in 1983 for the mass transfer and
binding [6,7]. As more complex binding models like steric mass-
action (SMA) [8] where published the calibration approaches be-
came more complex and a combination of breakthrough and pulse
experiments were integrated into the calibration process [9]. Early
methods still tended to assume systems are always in equilib-
rium for computational reasons but did start to integrate non-pore
penetrating pulses and pore-penetrating but non-binding pulses to
find the interstitial and particle porosities [10]. However, due to
the coarse nature of the models used, rate models were mostly in-
sensitive to diffusion parameters, which can be explained by high
numerical diffusion.

The next stage of calibrating models used rate-based models
with decreased numerical diffusion more frequently and mostly
manual fitting with some computer assistance. Early rate-based
models for the mass transfer were implemented with equilibrium
binding models and while most parameters where still manually
calculated some numerical fitting started to be used [11]. As sys-
tems became more complicated the fitting process started to be-
come more complex with it, such as handling multi-component
competitive binding using Lagrange multipliers [12]. Other meth-
ods continued to try to efficiently solve problems given the com-
puter resources of the time, such as using the perturbation method
[13].

As computing power further increased fewer assumptions had
to be made and it was possible to fit multiple experiments simul-
taneously with overlapping components [14]. This marked a ma-
jor change because it showed that directly fitting to experimental
data gave superior results to previous methods using breakthrough
curves. Direct fitting allowed removing assumptions, for example
that the binding capacity for each component was the same. It be-
came more common to use a combination of breakthrough and
pulse experiments with rate-based binding and transport models
[3,15]. While it appears methods get more effective and efficient in
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terms of fitting models to data, the fact remains that they require
good starting points for the gradient descent algorithms used in
the fitting and the models are still quite coarsely discretized due
to limited computing resources available.

As more computing power became available it drove the de-
velopment of other methods to find suitable model parameters. A
data-based approach using a support vector machine (SVM) and
quantitative-structure-property-relationship (QSPR) is used to pre-
dict binding properties [16]. Other methods use batch experiments
to directly measure film diffusion and binding parameters instead
of having to rely on parameter estimation [17].

Computing power continued to rapidly advance to the point
that finer grained models can be used for single column systems.
One of the drawbacks of gradient descent is that accurate gradi-
ents are needed which can be computationally expensive to ap-
proximate or the entire model needs to have analytical derivatives.
An iterative approach was used with finite difference using com-
plex numbers. This approach requires modifying a model such that
complex numbers can be used [18]. As solvers get more accurate
and computers get more efficient, fitting diffusion parameters is
used to better understand diffusion inside beads with fitted pore
diffusion in the range we measure today [19]. Even as solvers get
more accurate for single column systems, for multi-column sys-
tems with multiple components older methods of model calibra-
tion using algebraic assumptions again are used [20].

With increasing compute power, activities in development of
the parameter estimation methods increased. While inverse fitting
is difficult and gets more complex as model complexity increases,
the results are superior to older methods that use empirical cor-
relations and are also shown to be insensitive to UV noise but
extremely sensitive to time offsets [21]. Often sum of squared er-
rors are used as an estimation objective. The drawback of sum of
squared errors is that it is extremely sensitive to time offsets of
peaks and not as sensitive to the shape of the chromatograms. One
way to deal with this is to use a weighted sum of mean, stan-
dard deviation, and skewness of the chromatograms which pro-
vides more sensitivity to the overall shape and more tolerance of
non-overlapping starting points and is an important stepping point
towards the methods presented in this paper [22].

Variable transforms for parameter estimation are missing from
earlier papers. Parameters of different scales slow optimizer perfor-
mance. A major step forward was combining variable transforms,
fitting simultaneous experiments using a combination of break-
through and pulses, modeling the external column effects using
a combination of PFR and CSTR, and using gradient descent [23].
However, even with all these advances fitting of many models re-
mains difficult [24,25].

Finally, we move towards more advanced and robust but com-
putationally expensive methods. With more computing power
available using a global optimization algorithm like a genetic al-
gorithm and using gradients for local refinement further improves
parameter estimation by removing the need to have a good initial
starting point [26,27]. An alternative way to solve parameter esti-
mation problems that is still in its infancy is using neural networks
[28]. The basic idea is to use a model to sample the space and then
train a neural network using the model output chromatogram as
the input and the output of the network as the parameters. An un-
known chromatogram based on the same model can then be pro-
vided as input for the neural network and the parameters directly
obtained as output without any estimation. Depending on the data
used to train the network and the quality of the network this ap-
proach has the potential to dramatically shorten estimation times
or provide good starting points for refinement.

A common thread that weaves through all the history here is
that creating calibrated models is complex but necessary. Many
of the parameters are correlated and not intuitively disentangled
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from each other and from extra column effects and necessitated
not only multiple experiments but also a stagewise estimation pro-
cess [29]. This is what sets the stage for a robust and automated
parameter estimation process.

3. Chromatography modelling

This paper addresses packed bed liquid chromatography at
preparative scale. Such systems can be described in-silico by com-
bining different models of the governing transport and binding
processes. The general rate model (GRM), Egs. (1), (2), with suit-
able boundary conditions, Eqs. (3)-(6), and non-equilibrium SMA
binding, Eqgs. (7)-(10), is a common choice. The GRM describes
convection and dispersion in the interstitial column volume, dif-
fusion in the porous particles, and binding to the inner surfaces of
these particles.
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The concentrations ¢ with « e {b,p,s} refer to the inter-
stitial column or bulk liquid (b), particle pores (p) and station-
ary phase (s) of the system. Chromatography models depend on
many parameters, several of which need to be estimated by fit-
ting simulated chromatograms to experimental data. In Eqs. (1)-(6)
the column porosity, &, particle porosity, €p, axial dispersion, D,
film diffusion, k¢, pore diffusion, Dp, adsorption rate, kg ;, desorp-
tion rate, kg ;, shielding coefficient, o; and characteristic charge, v;,
of component i =1, ..., N, are typically estimated from measured
chromatograms. Film and pore diffusion can generally differ be-
tween components but are assumed to be identical for the specific
molecules used in this study. Other parameters such as the col-
umn length, L, particle radius, rp, interstitial velocity, uc, and ionic
capacity, A, can be controlled or measured in advance of the sim-
ulation. The same is true for the initial concentrations, cf (t = 0),
and inlet concentration profiles, c::".

The SMA model, as originally introduced by Brooks and Cramer
[8], becomes numerically unstable for molecules with high charac-
teristic charge, v, such as monoclonal antibodies on high capacity
resins. This critically important problem is effectively avoided by
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scaling the rate constants by the vt power of reference concen-
trations ¢? and ¢§ [30]. Recommended values are the highest salt
concentration in the feed during elution for ¢?, and the ionic bind-
ing capacity of the resin for ¢ . This ensures both terms raised
to the vth power in Eq. (7) range between 0 and 1, while without
scaling they can become extremely large and consequently cause
accuracy loss and instability of the numerical solver. Moreover, the
units of the scaled rate constants are independent of the charac-
teristic charge, which is beneficial for the physical interpretation of
these values and for the performance of search algorithms during
parameter estimation.

The tubing is modeled using a dispersive plug flow reactor
(DPFR), Eq. (11). The tubing model is solved with the same inlet
and outlet boundary conditions, as the column model, Eqs. (3) and
(4), with the tubing length, L;, in place of the column length, L.
act act a%ct
87['1 ——Ufaizl-FDta?zl (11)

In the tubing, clf denotes concentration, u; velocity and D; ax-
ial dispersion. A continuously stirred tank reactor (CSTR) is used to
model mixers and mixing effects. In addition to the model equa-
tions presented here, CADET-Match works with any combination of
transport and binding models that is covered by the CADET solver,
which is an independent and continuously extended open-source
project (https://github.com/modsim/CADET).

4. Parameter estimation

Many parameters in chromatography models are highly corre-
lated in the sense that small changes in different parameters im-
pact on the simulated chromatogram in similar ways. This could
technically be neglected when accurate model predictions are re-
quired only for the exact same column dimensions and operating
conditions that were used for parameter estimation. However, this
is not the case when the calibrated model is to be applied for guid-
ing rational process design and scale-up.

In these applications it is crucially important that the estimated
parameter values correctly represent and accurately quantify the
impact of the respective underlying physical mechanism described
by the model. Parameter correlations can be avoided by a staged
estimation procedure that isolates these parameters using specific
experiments whose design and order depends on the mathemati-
cal structure of the model equations [11]. Typically, four types of
experiments are required with 1) detached column to determine
the band broadening effect of extra-column volumes, 2) a non-
binding tracer that does not penetrate the particle pores to deter-
mine column porosity and axial dispersion, 3) a non-binding but
pore-penetrating tracer to determine particle porosity, film diffu-
sion and pore diffusion, and 4) the target molecules to determine
the parameters of the binding model.

The first stage is increasingly recognized to be crucial for deter-
mining unbiased values of all other model parameters that can be
transferred across operating conditions, system configurations and
scales. Neglecting extra column effects or even small errors in ac-
counting for them can have a large impact on the binding param-
eters that are estimated at a later stage [31]. Extra column effects
have been previously accounted for by shifting the time scale [24].
More comprehensive models comprise a series or network of DPFR
and CSTR [23]. The respective model parameters are isolated by re-
moving the column from the simulated system.

In the second stage, model parameters for characterizing the
packed bed are isolated by setting the film diffusion coefficient
to zero, which effectively eliminates Eqs. (2)-(6) from the system.
Dextran is normally used as non-binding and non-pore penetrat-
ing tracer. However, this tracer often behaves non-ideally, which
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causes specific challenges in the parameter estimation procedure
as will be discussed in Section 7.3.

In the third stage, model parameters for characterizing the
porous particles are isolated by setting the adsorption constant
to zero, which effectively eliminates Eqs. (3)-(6) from the system.
Ideally, the target molecule is used as pore-penetrating tracer un-
der non-binding conditions, such as high salt in ion-exchange chro-
matography. Smaller tracers, such as acetone, are prone to overesti-
mate the film and pore diffusion coefficients. Occasionally, the film
and pore diffusion coefficients remain too correlated to be esti-
mated independent of each other. In these cases, the pore diffusion
can be determined from some other type of experiment, such as
using confocal laser scanning microscopy [19]. Alternatively, a sim-
pler transport model can be used, such as the lumped rate model
with pores.

In the fourth stage, the parameters of the binding model are
estimated. Due to inherent non-linearity of the more complex
binding models that are required for describing preparative chro-
matography, this is usually by far the most complicated and time-
consuming stage, in particular for complex multi-component sys-
tems with competitive binding. Base-line separation is typically
not achieved in experimental data available for calibrating such
models. Hence, the binding model parameters of multiple chem-
ical components cannot be completely isolated from each other.
However, correlations between the binding parameters can be re-
duced by estimating them from a set of several chromatograms
that are measured at specifically designed operating conditions.
For large molecules, such as monoclonal antibodies, this typically
includes a breakthrough and two or three gradient elution exper-
iments with varying slopes. The design of such experiments can
be optimized by evaluating different estimation strategies on syn-
thetic data that are generated using an initial guess of plausible
values for the sought model parameters. Similar components, such
as charge variants or high/ low molecular weight impurities, are
often lumped in groups to reduce model complexity and the num-
ber of estimated parameters.

Measurement data are generally prone to random and system-
atic errors that are in turn propagated to the estimated parame-
ters. In the proposed stagewise procedure, parameters estimated
in one stage are fixed in the next and, consequently, parameter er-
rors are carried over to subsequent stages. This can be avoided in
a Bayesian approach where the posterior parameter distribution of
one stage is used as prior information in the next stage, which will
be subject of a separate study. Without that, it is particularly im-
portant to be accurate in the early stages.

5. Materials and methods

Chromatographic cation exchange runs were conducted on Akta
Avant (GE Healthcare). Blue Dextran 2000 (GE Healthcare) was
used for non-pore penetrating pulse experiments. A volume of
1 mL Dextran solution with a concentration of 0.002 mM was in-
jected at a flow rate of 5 mL/min with and without column at-
tached. These experiments were carried out in duplicates. Dextran
chromatogram data was measured at UV 280 nm.

Pore-penetrating as well as load, wash and elution steps were
performed using a Fractogel SO; (EMD Millipore) resin in a packed
bed column with inner diameter 16 cm and length 25 cm at a flow
rate of 5 mL/min. The column was pre-equilibrated for 3 CV with
200 mM sodium acetate buffer containing 1 M NaCl at pH 5.0. The
column was equilibrated for 3 CV with 100 mM sodium acetate
buffer at pH 5.

Pulse injections under non-binding conditions were run using
previously purified monomeric antibody as tracer. The antibody
was prepared in a 100 mM sodium acetate buffer with 500 mM
NaCl at pH 5 to prevent adsorption.
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For elution experiments, the column was loaded with 152 mL
or 540 mlL, respectively, of Filtered Virus Inactivated Pool (FVIP) of
monoclonal antibody product. The material was obtained from a
previous capturing step. The antibody material was produced by
CHO cell culture. The FVIP material was conditioned with argi-
nine, targeting 50 mM arginine concentration in the FVIP material.
A wash step was conducted with 100 mM sodium acetate buffer
at pH 5. The elution step was conducted with a linear 1 mM/CV
gradient between two buffers with 100 mM sodium acetate and
100 mM sodium acetate plus 1 mM NaCl, respectively, at pH 5.0.
After elution the column was cleaned using 1 M NaOH solution.
Chromatogram data of the load, wash and elution experiments
were measured at UV 300 nm and UV 280 nm. For the 152 mL
load volume run, fractionation samples were taken at 8 mL frac-
tion volume starting at 0.1 AU of UV 280 signal.

6. Data smoothing

Experimental data is often noisy, and the goals introduced in
the next section are highly sensitive not only to the shape of the
chromatogram but also to such noise. In addition, most of these
goals and some search strategies also require a smooth first deriva-
tive. Hence, the data needs to be smoothed to reduce the noise. For
routine application in industrial workflows, the smoothing needs
to be automatic and work robustly, i.e. not attenuate relevant fea-
tures, without human involvement. This is complicated by the sit-
uation that an experiment with detached column typically results
in a signal length in the order of seconds, a non-binding but pore
penetrating tracer pulse in the order of minutes, and a gradient
elution experiment in the order of hours. Thus, the automated
smoothing method must work on data of very different time scales
and still reliably isolate a signal from the noise that retains all rele-
vant features and is smooth enough to obtain accurate first deriva-
tives.

Most high frequency noise removal strategies fall into a few
general categories. The Fast Fourier Transform (FFT) [32] converts
a signal to frequency space where high frequency ranges can be
removed before the signal is converted back to the original space.
FFT filters are fast and suitable for removing high frequency noise.
They can be robustly automated and include a simple method for
computing the first derivative. Moving average filters and win-
dowed polynomial regression, such as the Savitzky-Golay filter
[33], can also locally approximate the signal with reduced noise.
These methods depend on several parameters for controlling the
window width and smoothing factors. Such filters can work quite
well with humans choosing these parameters but are generally
more difficult to robustly automate as compared to splines with
only one parameter. Splines [34] are another alternative for recon-
structing signals from noisy observations, and they can also pro-
vide first derivatives. However, splines can become computation-
ally expensive due to an increased number of required knots for
signals with high frequency noise. The required knot number can
be automatically determined as will be detailed in the next para-
graph.

We now introduce an automated smoothing procedure for noisy
chromatograms that is implemented in CADET-Match. The pro-
cedure is illustrated using a previously published chromatogram
[30] shown in Fig. 1A. This example is typical for industrial data
and the signal contains particularly small and large features. Pre-
liminary tests have revealed that no single choice of the above de-
scribed methods can automatically and robustly remove measure-
ment noise from chromatograms without filtering out relevant fea-
tures over a wide range of time scales. However, satisfying results
were achieved by combining an FFT based filter with a spline. Prior
to the smoothing procedure, the chromatograms are normalized by
dividing the concentrations of each component by the maximum
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Fig. 1. Original and smoothed signal (A) and first derivative (B) of an example chromatogram taken from [30], critical frequency (C) and spline knots (D).

concentration of that component. This transformation is reversed
after the smoothing procedure.

First, a third-order Butterworth low pass filter [35] is applied
to the normalized chromatogram using the scipy.signal.butter func-
tion [36]. The Butterworth filter is as flat as possible in the pass-
band below the critical frequency and then dampens the sig-
nal with 20 decibel per decade. A suitable critical frequency for
smoothing a given chromatogram is automatically determined us-
ing the so-called elbow point method. Fig. 1C shows the loga-
rithm of the normalized root mean square difference (NRMSD) be-
tween the filtered and original signals over the critical frequency
of the filter. The elbow point maximizes the distance between that
curve and a straight line between the extreme points. It indicates
the best compromise between removing as much noise as possible
while approximating the signal as accurately as possible.

Second, a 5™ order spline with non-equidistant knots is
applied to the low pass filtered chromatogram using the
scipy.interpolate.UnivariateSpline function [36]. Cubic splines
would be sufficient for approximating the original signal, but

higher order splines are beneficial for computing derivatives. A
suitable number of knots is determined using the elbow point
method again. Fig. 1D shows the logarithm of the NRMSD be-
tween the approximated and original signals over the number of
knots. This elbow point indicates the best compromise between
using as few knots as possible while approximating the signal as
accurately as possible. To the left of the elbow point, the NRMSD
drops very quickly with an increasing number of knots. Then, the
spline switches from smoothing to interpolating and the NRMSD
decreases very slowly. Technically, a smoothness factor is passed
to the SciPy function instead of the number of knots. The function
internally computes the minimal number of knots for which the
NRMSD falls below the specified smoothness factor.

The presented smoothing procedure also allows computing
smooth first derivatives, Fig. 1B. It is routinely applied to every
chromatogram, measured or simulated. The latter allows saving
compute time by using rather coarse simulator tolerances in early
stages of the parameter estimation procedure that could otherwise
cause numerical problems with some of the applied search algo-
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rithms. The smoothing procedure is applied once to each mea-
sured chromatogram. Iterative search strategies can involve numer-
ous similar simulations with hardly varying elbow points for the
resulting chromatograms. Hence, these points are pre-determined
for a representative set of initial values and reused further on. Very
smooth input data might not show distinct elbow points for the
Butterworth filter and/ or the spline approximation. In these cases,
the respective methods are simply disabled.

7. Goal system

We introduce a new goal system for estimating chromatogra-
phy model parameters. Here, goal means a set of shape-sensitive
metrics. Each metric is a single scalar value such as the time dif-
ference between simulation and measurement at peak maximum,
the height difference at peak maximum, etc. Metrics are defined on
the basis of specific knowledge of the modeled process and of typ-
ical errors in the measurement data. The metrics in a goal can be
passed to a multi-objective search algorithm or they can be com-
bined into one objective and passed to a single-objective search
algorithm.

Multiple metrics can guide (multi-objective) search strategies
much better to the desired optimum than the commonly ap-
plied sum of squared differences (SSD) can guide (single objec-
tive) search strategies, as will be demonstrated in the results sec-
tion. The metrics are grouped into scores to organize the speci-
fication of goals for different parameter estimation procedures in
CADET-Match. A suitable goal must have the property that as the
fit quality improves the value of at least one metric must de-
crease and as the fit quality worsens, the value of at least one
metric must increase. A goal that does not have this property can
guide search algorithms in the wrong direction. This might ap-
pear trivial but is critically important and at the core of why new
goals were designed. Due to competitive binding and other com-
plex mechanisms, many model parameters influence the simulated
chromatograms in non-linearly coupled ways. Therefore, some cus-
tomarily applied metrics such as SSD can increase while the model
parameters move closer to their correct values.

In addition, measured chromatograms from industrial large-
scale applications are often affected by systematic errors such as
pump delays that can cause a time offset between the measured
and simulated signals, unless the model captures the cause of the
delay which is often not possible in practice. Pump delays occur
when there is a difference between when a pump is given the sig-
nal to start and when it starts. This data is usually not available
and thus can’t be modeled. To further complicate matters pump
delays may not be consistent between runs or within a run. A good
goal needs to account for this, since otherwise the simulated peaks
end up in the correct location but with the wrong shape. Wrong
shapes generally indicate errors in the underlying physics of the
model. Hence, good metrics should prefer peaks with nearly fitting
shape but small offsets rather than peaks without offset but with
wrong shapes.

7.1. Sum of square difference

For the SSD, the squared differences between simulated and
measured chromatograms are summed up over the time points,
Eq. (12). For the NRMSD, the SSD is divided by the number of time
points before taking the square root and dividing the result by the
maximum of the measurement data, Eq. (13). Due to the mono-
tonicity of this transformation, SSD and NRMSD have the same
minima. These metrics can be applied to the entire chromatogram,
J={1;...; Ny}, or a subset of the data, J c {1;...; Ny}. The SSD is
most commonly applied with gradient descent search algorithms.
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Table 1
Synthetic data with resulting NRMSD for illustrating
alignment issue.

Ground Truth  Scenario 1 Scenario 2
kq 2.00 2.9e02 2.00
kq 10.0 3.7e03 10.0
v 7.00 9.60 6.00
o 50.0 99.0 50.0
SSD 4.3e+00 1.5e+01
NRMSD 4.2e-03 7.7e-03

Hence, it is included here for comparison. The theory is well es-
tablished in the framework of maximum likelihood estimation for
independent and identically distributed random measurement er-
rors. However, these preconditions are generally not valid for mod-
eling large-scale preparative chromatography where systematic er-
rors such as feed variations, pump delays and flow rate variations
typically dominate the detector noise. The NRMSD is better suited
than the SSD for interpreting the results, because the numerator
has the same unit as the data and is related to the maximum con-
centration by the denominator.

2
SSDO: Yoy = X (% = Yi) (12)
1 2
NRMSD(X;. Y;); = ST (13)
i

The SSD requires a sufficient overlap between the simulated
and measured chromatograms to be sensitive to parameter changes
and guide the search algorithm towards the optimum. This can
complicate the choice of suitable starting points, in particular for
sharp and/ or small peaks. A further disadvantage of the SSD is
illustrated in Fig. 2 using a synthetic example with parameters
shown in Table 1. The parameters of scenario 2 are much closer
to the ground truth, with only a relatively small deviation in the
characteristic charge, v, even though Scenario 1 has a smaller SSD
and would hence normally be considered a better fit. In addition,
the peak shape of Scenario 2 is more similar to the ground truth
but out of alignment.

In real experiments, such time offsets are often caused by pump
delays that cannot be explained by the mechanistic model. In this
case, the SSD favors peaks that are in the right position even
though it is obvious to the human eye that the peak shape is
wrong. The model can also reproduce the correct peak shape but
not in the right position with a much larger SSD. As the peak
shape is predominantly determined by the binding model parame-
ters, the SSD would lead to unphysical parameter values. Hence, we
will now introduce alternative metrics that favor peak shape over
position and are less demanding on the choice of suitable starting
points.

7.2. Alternative metrics

The shape and position of a chromatogram are determined by
mass transport through the entire system, including the column
and external volumes, and binding to the functionalized resin. The
disadvantages of the SSD are avoided by separately measuring the
shape, position, and height of individual peaks without requir-
ing base line separation. Metrics for peak position are sensitive
to changes of the respective model parameters, independent of
peak overlaps between simulation and measured data. This pro-
vides flexibility and robustness with respect to the choice of start-
ing points for the search algorithms, which is critically important
for automation in industrial applications. Focusing on individual
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Fig. 2. SSD chromatogram alignment issue illustrated by synthetic data.

peaks allows to reduce the impact of process variations and fur-
ther components that are not fully included in the model. For ex-
ample, pump washes or pressure alarms can cause spurious peaks,
and industrial feeds usually contain large numbers of more or less
uncharacterized impurities. In such cases, separate metrics can be
assigned to distinct but partially separated peaks of target com-
ponents and impurities of high and low molecular weight. Sep-
arate metrics also help to provide (multi-objective) search algo-
rithms with more precise information on which component im-
pacts which peak, as will be detailed in Section 9. All metrics are
designed for minimization and yield zero for a perfect match be-
tween simulation and experiment.

7.2.1. Peak shape

The shape metric is the most innovative of the new metrics
and a core component of nearly all scores. It is the difference be-
tween one and the maximum of the Pearson correlation [37] be-
tween measured and simulated chromatograms over a continuous
range of time offsets, Eq. (14). For evaluating this metric, the simu-
lated chromatogram is shifted in time, Y7 (t) = Y;(t — 7). The maxi-
mum in Eq. (14) is determined by an initial grid search followed by
Powell’s method. While it is advisable for the SSD to simulate the
chromatogram on the same grid as the measurement data, contin-
uous offsets require interpolating the simulated data. This is im-
plemented in CADET-Match using the 5th order spline from the
smoothing procedure described in Section 6. Allowing for continu-
ous time offsets that are independent of the discrete measurement
grid is crucial for creating a smooth metric. The shape metric is
typically applied to individual peaks that are sliced out of the chro-
matogram. By design, this metric only accounts for shape similar-
ity and requires two other metrics to measure the time offset and
height difference between simulation and measurement data.

Shape(X;, Y, =1- max (M) (14)

O'xi_jdyir\l
7.2.2. Peak position
The position metric can be more complex than it might first

appear. It is based on the time offset, t;, obtained from maximizing
Eq. (15).

8.y arg ()

0X,40V7

(15)

The standard position metric gives an immediate penalty for a
time offset with a linear ascent to one when out of alignment by
tr, Eq. (16). Here, t; is the length of the measurement time interval.

It can be replaced by the retention time of a non-binding tracer if
sufficient starting points are provided to the search algorithm. As
will be shown in the results section, this metric it a good choice for
estimating column and particle porosity. However, it requires great
care in running experiments to ensure there are as few delays as
possible and alarms are immediately canceled. Such delays affect
the chromatogram almost exactly like changes in the column and
particle porosities. As previously discussed, in the presence of such
delays it can be advantageous for the parameter estimation proce-
dure to compromise on the alignment of simulated and measured
peaks while matching their shape and height. Hence, an alternative
position metric is introduced that initially reduces the penalty by
1/2 in a range of less than 1/10 ¢; and then linearly ascends to one
when out of alignment by ¢t;, Eq. (17). Fig. 3 illustrates the differ-
ence between the standard and initially reduced position penalty
metrics. The initial reduction, 1/2, and range, 1/10, are chosen by
experience and can be changed by the user.

Position (X, Y;); = "tk (16)
1 (Y, XY, 1

Position” (X, Yi); = { e, 1 wobvy, _ 1 (17)
8 ¢ - 18 t 10

7.2.3. Peak height

The peak height metric relates the maximal concentration of
the simulated chromatogram to that of the measured data, Eq. (18).
This metric ascends to one when the difference in either direction
is larger than 100%.

maxy;

Height (X;. Y;); = ‘1 - g

maxX; ;
Jel

(18)

7.3. Combined scores

The previously introduced metrics serve as building blocks for
creating scores that quantify the difference between simulated
chromatograms and measurement data. Scores are defined for indi-
vidual components and can target the full chromatogram, individ-
ual peaks, or parts thereof, such as only the front of a peak. Each
score is a set of metrics that depend on the index of the com-
ponent, i, and on the set of considered time points, J. Goals will
be composed of one or several scores that can then be combined
into one objective or passed to a multi-objective search algorithm.
The following scores have been defined per component this may
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Fig. 3. Comparison of standard position penalty and initially reduced position penalty metrics.

include using a virtual component created by summing any com-
bination of components.

7.3.1. Sum of square difference

The SSD score is the set of differences between simulated and
measured chromatogram data, Eq. (19). For technical reasons, each
difference is interpreted as separate metric. In Section 8, a goal will
be defined as sum of squares of these metrics.

Sssp = { Xij — Yij|ieJ} (19)

7.3.2. Full peak

The most straightforward of the new scores is the combina-
tion of peak shape, position, and height, S¢q,ss. This score is usu-
ally applied to a time interval, specified by the index set, J, that
contains a single peak of nearly Gaussian shape. This time inter-
val is not automatically detected but needs to be specified by the
user. A more elaborated score, Sp,q, additionally accounts for the
shape, minimum and maximum of the time derivative and is bet-
ter suited for fitting non-Gaussian peaks. By combining the peak
shape with the shape of its derivative, this score is highly sensi-
tive to the curvature of the chromatogram. The time offsets in the
peak and in the slope are technically not constrained to be equal.
In practice they hardly differ, except for the very first iterations
of search algorithms with poor starting points. The scores S¢,, .
are analogously defined with Position*(X;, Y;); in place of
Position(X;, Y;);. As will be demonstrated in the results section, the
score Sp,qr With standard position penalty is particularly useful for
estimating transport parameters, while the score S, with initially
reduced position penalty is more suitable for estimating binding
parameters.

Sauss = {Shape(X;. Y;);: Position(X;. Y;),: Height (X;, ), } (20)

Ssiope = { Shape(X;. Vi) : Height (~X;. ;) : Height (X;. %) ]} 1)

SPeak = SGauss U SSIope (22)

7.3.3. Peak front

In some cases, only the front of a peak can be used for pa-
rameter estimation while other parts of the peak are deteriorated
by unspecific interactions of a tracer molecule with the column or

tubing. Dextran is a prominent example for such non-ideal behav-
ior that leads to strong tailing and a reduced peak height. On the
other hand, Dextran is commonly applied as tracer that does not
penetrate the particle pores. Errors in the execution of an exper-
iment can also render the back of a peak unusable for parame-
ter estimation. These situations are addressed by a score, Sgyont,
that considers shape and position but not height of the peak. This
score is typically used with rather short time intervals and few
data points.

Skront = {Shape(X;. Y;);: Position(X;. ;) } (23)

The peak front score is designed to extract as much usable in-
formation as possible from the chromatogram. Unsupervised appli-
cation of this score requires to automatically determine the usable
time interval while robustly removing the non-ideal parts with
high precision on the cut points. For dextran data, the back end
of this interval is chosen at the first inflection point of the mea-
sured chromatogram, i.e. the upper cut point is at the first max-
imum of the time derivative. By experience, this is a good choice
as non-ideal interactions mainly impact on the height and tailing
of the peak. The lower cut point is chosen where the measured
chromatogram starts to differ from the baseline by more than 0.1%
of the concentration at the upper cut point. By experience, 0.1%
is a robust choice for this threshold. The exact positions of these
cut points are determined using Powell’s method on the continu-
ous spline approximation from Section 5. The nearest time points
of the discrete measurement data are then used as boundaries of
the time interval specified by J.

7.3.4. Fractionation data

Optical detectors that are typically applied for measuring chro-
matograms can usually not distinguish between different chemical
components. Instead, they deliver a single sum signal where the
contributions of the individual components are weighted by their
extinction coefficients. Such signals alone cannot be used for pa-
rameter estimation unless the peaks of the relevant components
are sufficiently separated. For instance, the acidic, main, and ba-
sic components of a monoclonal antibody often completely overlap
in a single peak. This situation is normally addressed by fractiona-
tion, i.e. pooling the efflux of the column into a series of vials. Each
of these vials is then analyzed offline to quantify the components
of interest, which provides additional information for setting up a
dedicated parameter estimation score.
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The previously introduced metrics can generally be applied to
the concentrations in each vial using the centers of the corre-
sponding collection intervals as time points. For precise compar-
ison, the corresponding per component simulations are averaged
over the same collection intervals when a metric is applied to frac-
tionation data. The resulting information is often sparse, with 5
to 10 fractions per peak, and can be afflicted with additional er-
rors in the fractionation times and volumes. Small shifts in the
collection intervals can cause major changes in the distribution of
components between the analyzed fractions, particularly for sharp
peaks. A spline is applied to the original simulated data before it
is shifted and virtually fractionated to determine the time offset,
ts, in order to maintain sub-grid accuracy. Based on this offset, the
scores S, and Sp, . as well as their immediately penalized ver-
sions can be computed. Analogously, the SSD score can be applied
to fractionation data by averaging the simulations over the collec-
tion intervals.

8. Search strategies

CADET-Match uses two alternative search strategies, gradient
descent, and a multi-objective genetic algorithm. For gradient de-
scent, all metrics need to be combined into a single scalar value,
while the genetic algorithm can operate on multiple metrics.

8.1. Gradient descent

Gradient descent algorithms search for a local optimum of the
goal function using derivative information with respect to the
sought parameters [38]. Gradient descent has long been used for
parameter estimation in chromatography. It is very efficient near
the sought optimum but can fail if the goal function is not smooth
or the Jacobian becomes singular. Moreover, this algorithm is prone
to becoming trapped in local optima, which can be far from the
global optimum. This can be avoided by basin hopping or multi-
start strategies. The latter is often applied when refining the results
of population-based search strategies.

8.2. Genetic algorithm (GA)

Genetic algorithms (GA) where first published by Holland in
1975 [39] and are an example of biomimicry. At their core they
work like a colony of bacteria adapting to an outside environment
and share many of the same features. GAs are embarrassingly par-
allel. An initial population is created, often using quasi-random
methods such as Latin hypercube sampling [40] or Sobol sequences
[41]. Each member of the population is then evaluated based on
one or more objectives. At the end of each generation the fittest
members survive and reproduce to form the next generation. The
next generation is created by a combination of breeding and mu-
tation on the surviving members. There are variations in this pro-
cedure that maintain population diversity, choose members to be
included in the next generation and change how breeding and mu-
tation are implemented. These variations result in different algo-
rithms such as NSGA2 [42], NSGA3 [43] and SPEA2. In view of the
no free lunch theorem [1], different GA variants were tested and
optimized on a variety of problems before settling on NSGA2 for
single-objective problems and NSGA3 for multi-objective problems.

8.3. Progress monitoring

Building complex models correctly, properly processing experi-
mental data, and determining suitable starting points can be diffi-
cult and tedious tasks. Based on experience, new models or con-
cepts are unlikely to be correctly implemented on the first at-
tempt. However, such issues can only be tested by attempting to
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fit model to data. Since errors can often be identified in early
phases of the parameter estimation process, CADET-Match pro-
vides functionality to monitor the progress of specific indicators
such as peak height, shape, mass, etc. This allows observing if the
starting points yield reasonable results and if the search algorithm
continuously improves the goal. Online monitoring enables early
aborting if progress is poor or if results are already good enough.
This is essential for rapid testing of models, goals, starting points
and stopping criteria. Since suitable starting points can be hard to
determine, a GA with rather large population size is generally a
good choice for initial testing. Multi-start gradient search is not a
good alternative, as parallel iterative processes are more difficult to
monitor.

8.4. Parameter transformation

Most search strategies struggle when the parameters to be esti-
mated are spread over orders of magnitude or correlated with each
other. Parameter transformations can help to soften these chal-
lenges. CADET-Match provides several transformation rules, i.e. bi-
unique maps between model parameters, p, that are passed to the
chromatography simulator and estimated parameters, p/, that are
passed to the search algorithm. These transformations are based
on upper bounds, p, and lower bounds, p, of the model parame-
ters.

The linear transformation, Eq. (24), maps the original range
[P, ] to [0,1]. This is usually sufficient when the upper and lower
parameter bounds are less than three orders of magnitude apart
from each other. For wider ranges, a nonlinear transformation,
Eq. (25), is advisable. The latter automatically adapts the step
width of the search algorithm to the magnitude of the respective
model parameter. Otherwise, the same step could be huge for one
parameter but tiny for another.

p=(p-P) -P+p (24)

p=exp ((log (p) —log (p)) - p’'+log(p)) (25)

Nonlinear parameter correlations are hard to detect and need
to be specifically addressed. For instance, the adsorption and equi-
librium constants, ks and keg, are usually much less correlated
than the adsorption and desorption constants, k; and k4. The re-
lation keq = ka/ky allows to pass kq and ky to the simulator while
the search algorithm operates on k,; and keq. The corresponding
transformation, Eqs. (26) and 27, also accounts for large parame-
ter ranges. This decouples the binding rate from the concentration
equilibrium.

kq = exp ((log (IQH) —log (I?u)> -k, +log (Ea)) (26)

e ((log (I?ﬂ) —log (Eﬂ)) -k, +log (I:'ﬂ)) (27)

ky =
d ",

9. Practical application

The goal system and search strategy are first verified on syn-
thetic examples of increasing complexity (Section 10) and then val-
idated on experimental data (Section 11). The parameter estima-
tion procedure is highly automated and the same for all case stud-
ies.

Depending on the current stage in the parameter estimation
procedure (Section 4) and on the quality of the data, the goals
are based on one of the Spyone, Speak OF S, SCOTes and sepa-
rately on the Sgsp score for comparison. While SSD is used for
search, the results of different scores and search algorithms are
compared using NRMSD. The Sgsp scores are usually taken over
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the whole chromatogram, J = {1, ..., Ny}. For single-objective op-
timization, the scores of multiple components are simply merged
into one set. In case only a sum signal can be measured, the corre-
sponding simulations are also summed, weighted by the respective
extinction coefficients if necessary, and both sum signals are com-
pared as in the single-component case. The corresponding goal,
Gssp, is created by adding the squared metrics in this set, Eq. (28).
Single-objective goals for the alternative scores are similarly cre-
ated by merging the scores of different components and adding
the squared metrics in the resulting set. CADET-Match offers other
single objective goals, such as the average or the maximum of the
metrics, but they are not used in this study.

Ne Ny

Gssp=1. > (Xi,j - Yi,j)2

i=1j=1

(28)

Multi-objective optimization is more demanding on the search
strategy but can benefit from much richer information on the im-
pact of individual parameters or parameter groups on the path
from the starting points to the sought optimum. For example, col-
umn porosity affects the peak position metric more strongly than
the peak shape metric and column dispersion affects the peak
shape metric more strongly than the peak position metric. Pro-
viding these metrics to a multi-objective search algorithm practi-
cally decouples the parameters, i.e. progress can be made in the
objectives independent of each other. If these objectives are not in
conflict, which is most often the case, the search algorithm still
converges to a unique optimum. In more complex settings with
numerous parameters and metrics, progress can be made in sev-
eral objectives while other objectives are temporarily sacrificed
even when they are not conflicting in the global optimum. The
multi-objective approach improves the performance of genetic al-
gorithms, as these are population-based by nature, while gradient
search is more efficient on single objectives.

In addition, multi-objective search automatically detects con-
flicting metrics, in case they exist, and provides detailed informa-
tion on the resulting Pareto front [44]. This usually indicates a
tradeoff, e.g., between matching shape and position as illustrated
in Fig. 2. In such cases, the user can manually select the preferred
optimum. To fully automate this process, the Pareto optimal pa-
rameter set with lowest mean of the involved metrics is selected.
Eq. (29) defines the mean, S, of a given set, S, of metrics, M, with
|S| elements. The metrics range from O to 1 with O indicating a
perfect match and 1 a very poor match. This scale is reversed be-
fore and after taking the geometric mean, as otherwise one very
low metric could potentially dominate the entire mean. For com-
parison, the mean, S, is reported on the final result even when the
optimization was based on the Sgsp score.

1

s'=1<1‘[ (11\/1))'5
MeS

The search space is confined by box constraints that are speci-
fied in the case studies. A Sobol sequence is used to create a start-
ing population with 100 N, individuals, where Nj is the number
of concurrently estimated parameters. When gradient descent is
used with Segp, starting points with less than 5% peak overlap be-
tween simulation and experiment are removed from the popula-
tion without replacement to guarantee sufficient sensitivity of the
goal with respect to changes in the estimated parameters. This is
not required for the new scores Sgyone, Speqk and S, that include
the peak position metric. This metric is naturally sensitive to pa-
rameter changes, independent of the peak overlap.

For gradient descent, the scores are always combined into a sin-
gle objective. The trust-region reflective algorithm [45] from the
scipy.optimize.least_squares function [36] is started at each point
of the population. These searches are independent of each other

(29)

10
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Table 2
Fixed parameters for simulating syn-
thetic ground truth.

Parameter  Value Unit

Q 2.88e-08 m3/s
Ac 1.04e-04 m?

L 2.50e-01 m

p 4.50e-05 m

A 2.25e4+00  mol/m3

and run in parallel to save time. They are stopped with a toler-
ance of x,,; = 10710 or if the current simulation fails. Looser toler-
ances were tested on synthetic examples and found to terminate
too soon in some cases.

The non-dominated sorting genetic algorithm (NSGA) is used
with a single objective (NSGA2) for Sgsp and multiple objec-
tives (NSGA3) for Sgront, Speak and Sp,,,. Distributed Evolutionary
Algorithms in Python (DEAP) [46] is used for both algorithms.
Crossover and mutation rates of 1.0 are applied to ensure that in
every generation each member will mutate at least one parameter
and swap parameters with at least one other member. The GA ter-
minates after 30 generations without a new point being added to
the Pareto front. Each entry on the final Pareto front is locally op-
timized in parallel using the trust-region reflective algorithm from
above. This is a single-objective search, but the results are again
analyzed with respect to Pareto optimality based on the individual
metrics.

The reported wall clock times should be understood as approx-
imate due to the non-deterministic nature of the GA, and small
changes in stopping criteria can cause substantial differences in
runtime. Moreover, the GA utilizes the available compute cores
more efficiently than gradient search. All simulations where run on
a dual socket Intel(R) Xeon(R) CPU E5-2683 v4 @ 2.10 GHz with a
total of 32 cores and 64 threads with Ubuntu Linux 18.04.1, Python
3.7.7, Intel MKL 2019.3.199, CADET 4.0.1 and CADET-Match 0.6.13.
Version information on other used software packages is shown in
Table S1. CADET-Match can be installed from the Python Package
Index (PyPI). The full code, including the scripts for the follow-
ing case studies, is freely available on GitHub (https://github.com/
modsim/CADET-Match).

10. Synthetic case study

The synthetic case study was designed using the general rate
model, based on experience with experimental data so that the pa-
rameters are within plausible ranges. They have not been tuned to
make the output particularly easy or hard to match. All parameters
are reported to two decimal places. The fixed parameters for sim-
ulating the synthetic ground truth data are shown in Table 2. In
practice, these parameters are specified or separately determined
by other means. The ground truth of the estimated parameters is
reported in the following subsections. All synthetic data has a time
spacing of 1 value per second. The column and tubing start off
with a concentration of 0.0 except in the case of the SMA bind-
ing model where the column begins with bound salt equal to the
ionic capacity (Eq. (10)) and a liquid phase salt concentration equal
to the loading salt concentration. Independent and identically dis-
tributed Gaussian noise with mean 0.0 and standard deviation 0.1%
of peak maximum is added to the simulated chromatogram of each
component.

The synthetic cases are designed to verify the functioning of
the goal system and search strategies. They are presented in the
same staged order that the parameters are normally estimated in
(Section 4). However, the results of one stage are not carried over
to the next stage, but previously estimated parameters are fixed at
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Table 3
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Non-binding and non-pore penetrating tracer pulse experiment. Synthetic ground truth, parameter

bounds, estimated parameters and performance indicators.

Ground Truth ~ Bounds GA Gradient
Lower Upper  Serone Sssp SFront Sssp
& 0.40 0.20 0.50 0.40 0.40 0.40 0.40
D, 3.0e-07 1.0e-12  1.0e-5 3.0e-07  3.0e-07  3.0e-07  3.0e-07
NRMSD 9.2e-05 1.4e-07 7.6e-06  8.5e-08
S 3.5e-07 33e-06 3.3e-06  3.3e-06
Wall Time 0:03:10  0:03:37 0:04:44  0:02:24
their nominal values, to test all goal and search algorithm combi- 0.25
nations with a defined ground truth. In the synthetic case study, — Ground Truth
multiple objectives of the new scores are generally not in conflict. GA Shape
The mean of the involved metrics, S, is shown for comparison with 0.20 GA SSD
the experimental case study, where it is used to select a Pareto ’ —— Grad Shape
optimal parameter set, but not further discussed for the synthetic - —— Grad SSD
case study. A match is considered successful if the sought parame- £
ters are correctly estimated to two digits. E 0.15
The parameter transformations from Section 8.4 are automati- ~
cally applied. If the upper and lower bounds are less than 3 or- .S
ders of magnitude apart, the linear transformation is used, Eq. (24). E
Otherwise, the logarithmic transformation is used, Eq. (25), except = 0.10
for the custom transformation for k, and kg4, Eqs. (26) and (27). The §
reference concentrations of the SMA model are c$ =225 mol/m3 8
and c? = 450 mol/m3. 0.05
10.1. Non-Binding and non-pore penetrating tracer pulse
. . . . 0.00
The first parameter estimation stage is omitted here, as the
synthetic data is generated without tubing and other holdup vol- 280 300 320 340 360
umes that are external to the column. In the second stage, column time (s)

porosity, &, and axial dispersion, Dgy, are estimated from a pulse
experiment with a non-binding and non-pore penetrating tracer
molecule. In theory, these model parameters do hardly depend on
the chosen tracer molecule. In real experiments, dextran is typi-
cally used for this purpose. This can be problematic due to non-
ideal behavior of this tracer that often leads to strong tailing and
a reduced peak height, as has been introduced in Section 7.3. Only
the peak front is used because the rest of the peak is often de-
teriorated by unspecific interactions of dextran with the column.
Since this non-ideal behavior is not covered by the applied chro-
matography model, it cannot be reproduced in the peak tailing.
However, an idealized setting is used for verifying the respective
score, Sgront- The time interval J of this score is determined as de-
scribed in Section 7.3. It ranges from 269 to 359 s (Figure S1). For
comparison, the Sgsp score is applied to the same slice of the chro-
matogram. Table 3 shows the parameter bounds that were speci-
fied in the search algorithms. The parameter estimation results are
shown in Table 3 and Fig. 4. Any combination of tested search al-
gorithm and score were able to recover the estimated parameters
to prescribed accuracy in less than five minutes. The NRMSD is
about 0.01% of the peak maximum for GA and S, and lower in
the other cases. For the human eye, the fitted chromatograms in
Fig. 4 are practically indistinguishable from the synthetic ground
truth, even 100x magnified (Fig. S1).

10.2. Non-Binding but pore-penetrating tracer pulse

In the third stage, particle porosity, ¢p, film diffusion, k¢, and
pore diffusion, D), are estimated from a non-binding but pore pen-
etrating tracer pulse. These parameters depend on the size and
shape of the chosen tracer molecule more strongly than porosity
and axial dispersion in the column. Hence, it is advisable to use
the target protein under non-binding conditions, such as high salt

1

Fig. 4. Non-binding and non-pore penetrating tracer pulse experiment. Synthetic
ground truth and estimated chromatograms.

—— Ground Truth
0.12 GA Shape
—— GASSD
0.10 —— Grad Shape
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£
20.08
=
S
' 0.06
B
=
8
g 0.04
o
0.02
0.00
300 400 500 600 700 800 900
time (s)

Fig. 5. Non-binding but pore penetrating tracer pulse experiment. Synthetic ground
truth and estimated chromatograms.

in ion-exchange chromatography. This setting is used for verifying
the score Spegy, in comparison with Sgse. The time interval J. cov-
ers the whole peak (Fig. S2). Results are shown in Table 4 and
Fig. 5. Also in this case, any combination of tested search algo-
rithm and score were able to recover the sought parameters to pre-
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Table 4
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Non-binding but pore penetrating tracer pulse experiment. Synthetic ground truth, parameter bounds,
estimated parameters and performance indicators.

Ground Truth ~ Bounds GA Gradient
Lower Upper Skeak Sssp Speak Sssp
&p 0.30 0.2 0.5 0.30 0.30 0.30 0.30
ks 2.0e-07 1.0e-09  1.0e-05  2.0e-07 2.0e-07 2.0e-07 2.0e-07
D, 5.0e-11 1.0e-14  1.0e-06  5.0e-11 5.0e-11 6.0e-11 5.0e-11
NRMSD 7.5e-07 7.5e-07  4.7e-04 7.5e-07
S 2.2e-08 1.8e-08 2.3e-05 1.6e-08
Wall Time 0:04:08 0:04:16  0:05:06  0:07:48
0.25{ —— Ground Truth
0.12 ~a
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Fig. 6. Single component gradient elution experiments with different loading times and gradient slopes. Synthetic ground truth and estimated chromatograms.

scribed accuracy, now in under eight minutes. The NRMSD is 0.05%
of the peak maximum for gradient search and Sp.,, and lower in
the other cases. For the human eye, the fitted chromatograms in
Fig. 5 are practically indistinguishable from the synthetic ground
truth. When 100x magnified, a slight difference can be observed
for gradient search with Sp,q (Fig. S2).

10.3. Single component gradient elution

In the fourth stage, the parameters of the binding model are
estimated from gradient elution data. The parameters of the non-
equilibrium SMA binding model, i.e. scaled adsorption and desorp-
tion rates, k, and I~<d, characteristic charge, v, and shielding coeffi-
cient, o, are estimated from gradient elution data. Only the ionic
capacity, A, is set to the ground truth, as this parameter is usually
determined separately by titration. Estimating the binding parame-
ters is particularly difficult due to strong non-linearity of the SMA
model. Hence, synthetic data of three linear gradient elution ex-
periments with different gradient slopes are used, and the loading
phase of the first experiment is extended to a full breakthrough,
as shown in Fig. 6. The minor peaks in the other two experiments
indicate complete loading.

The column is loaded at inlet salt and protein concentrations
of ¢ = 180 mol/m* and ¢ = 0.10 mol/m? for 6500 s (Fig. S3) in
the first experiment and for 1800 s in the second (Fig. S4) and
third experiment (Figure S5). It is washed at an inlet salt con-
centration of cg’ =70 mol/m3 for 2000 s in all three experiments.
The elution gradients start at an inlet salt concentration of ci =
70 mol/m> and have slopes of 0.08 mol/(m3 -s), 0.06 mol/(m>-s)
and 0.04 mol/(m3 -s). They are applied for 6000 s, 7000 s and
11000 s. The time interval of the Sj, score on the full break-
through in the first experiment was chosen from 1000 s to 7300 s.
The minor peaks in the second and third experiments indicate
complete loading but are not utilized for parameter estimation. The
time intervals of the S, score on the elution peaks were chosen
from 8500 s to 14000 s, from 5000 s to 10000 s and from 6000 s
to 12000 s.

The sought parameters are estimated by fitting separate model
instances with respective boundary conditions simultaneously to
all synthetic experiments. The Sj, . score is applied to the four ma-
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jor peaks and is composed of six metrics, resulting in 4 - 6 = 24 ob-
jectives for the genetic algorithm. A single-objective goal for gradi-
ent search is created by adding the squared metrics. The Ssgz score
is applied to the same slices of the chromatograms. The parameter
transformation in Eqs. (26) and (27) is applied with l~<eq :I~<a/l~<d.
That is, the search algorithms operate on kj and k;, instead of kq

and k. Results are shown in Table 5 and Fig. 6. The values of k, are
reported for completeness. Search bounds are not needed for this
parameter. Any combination of search algorithm and score were
able to recover the sought parameters in less than 10 h. For the
Spear SCOTE, the GA was about two times faster than gradient search
and about three times faster for the Sssp score. The NRMSD is less
than 0.01% of the peak maximum for gradient search and S}, and

lower in the other cases.

eak

10.4. Multi component gradient elution

This case study is analogous to the previous one but with two
components. The synthetic ground truth mimics charge variants of
a protein without baseline separation. The transport parameters of
the first three stages are the same for both components. SMA bind-
ing parameters of both components are simultaneously estimated
from three gradient elution experiments, including one full break-
through. Full chromatogram data is assumed to be known for each
component. This is not normally given in practice but an important
intermediate step in verifying the goal system and search strate-
gies. The assumption will be dropped in the next case study. In
this case, the breakthrough peaks at the end of all three loading
phases are large enough to provide useful information. Hence, the
Shear SCOTE is applied to two components and six peaks, resulting
in 2.6-6 = 72 objectives.

The inlet concentrations and durations of the load, wash and
elution phases are the same as in the single component case (Figs.
S6-S8), with the same inlet concentrations for both proteins. The
time interval of the Sj,  ~ score on the full and partial break-
throughs were chosen from 0 s to 7300 s, from 0 s to 2500 s and
from 0 s to 2500 s. The time intervals of the Sy, . score on the
elution peaks were chosen from 9000 s to 14000 s, from 5000 s
to 10000 s and from 5000 s to 12000 s for the first protein and
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Table 5
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Single component gradient elution experiment. Synthetic ground truth, parameter bounds, estimated

parameters and performance indicators.

Ground Truth  Bounds GA Gradient
Lower Upper Sheak Sssp Speak Sssp
kq 0.30 1.0e-02  1.0e+02  0.30 0.30 0.30 0.30
kq 1.50 - - 1.50 1.50 1.50 1.50
Keq 0.20 1.0e-02  1.0e+02  0.20 0.20 0.20 0.20
v 7.00 1.00 50.0 7.00 7.00 7.00 7.00
o 50.0 1.00 100 50.0 50.0 50.0 50.0
NRMSD 1.8e-06 1.8e-06 6.5e-05 1.8e-06
S 1.4e-04 1.4e-04 1.7e-05 1.4e-04
Wall Time 5:58:09  3:29:55  9:29:12  9:00:45
Table 6
Two component gradient elution experiment. Synthetic ground truth, parameter bounds, estimated parameters and performance indicators.
Ground Truth  Bounds GA Gradient
Lower Upper Shoa Sssp Sheak Sssp
ka1 2.00 1.0e-02  1.0e+02  2.00 2.00 1.90 2.00
fq“ 10.0 - - 10.0 10.0 9.70 10.0
Keq.1 0.20 1.0e-02  1.0e+02  0.20 0.20 0.20 0.20
vy 7.00 1.00 50.0 7.00 7.00 7.00 7.00
oy 50.0 1.00 100 50.0 50.0 50.1 50.0
ka2 2.00 1.0e-02  1.0e+02  2.00 2.00 2.40 2.00
ka2 10.0 - - 10.0 10.0 12.0 10.0
Keq.2 0.20 1.0e-02  1.0e+02  0.20 0.20 0.20 0.20
vy 5.00 1.00 50.0 5.00 5.00 5.00 5.00
oy 50.0 1.00 100 50.0 50.0 49.8 50.0
NRMSD 3.3e-05 3.3e-05 1.8e-03 3.3e-05
S 9.9e-06 9.9e-06 6.1e-04 9.9e-06
Wall Time 2 days: 21:23:58 1 day: 20:08:52 5 days: 12:20:55 3 days: 23:09:31
Experiment 1 Experiment 2 Experiment 3
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Fig. 7. Two component gradient elution experiment with different loading times and gradient slopes. Synthetic ground truth and estimated chromatograms.

from 9000 s to 13000 s, from 4000 s to 9000 s and from 4000 s to
11000 s for the second protein.

Results are shown in Table 6 and Fig. 7. Any combination of
search algorithm and score were able to recover the estimated pa-
rameters, except for the scaled adsorption rates, kg, and shielding
coefficients, o, when estimated using Sj,,, and gradient search.
The shielding coefficients deviate from the ground truth by less
than 0.5%. Even though the scaled adsorption rates are off by 5%
and 20% for the first and second component, the corresponding
NRMSD is below 0.2% of the peak maximum, which is still hard to
observe by the human eye. This exemplifies that parameters with
little impact on the model prediction are harder to estimate, which
can be tolerated if accurate model predictions are sufficient for the
application. However, it becomes problematic when accurate pa-
rameter values are required, e.g., for tabulation and application in
scenarios with higher impact on model predictions.

The scaled desorption constants, I~<d, which are not directly esti-
mated but deduced from the respective recovered equilibrium con-
stants, I~<eq, are off by 3% and 20%. The increased compute time
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of more than 5 days also indicates a flat optimum which is more
challenging for gradient search than for the GA. We speculate that
the combination of S;,,, and gradient search is particularly sensi-
tive to the smoothing procedure, and this issue is subject of on-
going research. The other combinations improved the NRMSD by
about 2 orders of magnitude, and the same is true for the mean,
S, of the 72 metrics in the optimum. The other combinations ran

between 2 and 4 days with GA on Sgsp being the fastest.
10.5. Multi component gradient elution with fractionation

The last synthetic case is close to real experimental data, as the
assumption that the full chromatogram of each component can be
separately observed is dropped. Instead, only the sum signal and
fractionation data are available. The basic setup is parallel to the
previous section but with additional fractionation data. Fractiona-
tion is equivalent to an extremely coarse discretization of the sig-
nal and can yield less than 10 data points compared to thousands
in a normal chromatogram. In practice, the column efflux is parti-
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(top), fractionation data of component 1 (mid) and 2 (bottom).

tioned into a series of samples that are analyzed offline to deter-
mine the concentration of each component. In industrial settings,
parameter estimation is further complicated by additional sources
of error from the fractionation process. The impact of such errors
is currently studied but not in the scope of this publication.

Here, each fraction is approximately 1000 s in length. Precise
collection times and pool concentrations are shown in Tables S2-
S4. The parameters of the SMA binding model are estimated using
the S}, score on the sum chromatogram and the S¢ score on

Gauss
the fractionation data. Sy, with six metrics on six peaks and 5¢

with three metrics to three data sets and two components resGSi“E;
in1-6-6+2-3-3 =54 objectives. The Sgs¢ score is applied to the
sum chromatogram and to the fractionation data of each compo-
nent.

Results are shown in Table 7 and Fig. 8. Similar to the previ-
ous case, any combination of search algorithm and score were able
to recover the estimated parameters, except the combination of
Shear @nd gradient search. The shielding coefficients again deviate
from the ground truth by less than 0.5%, and the scaled adsorption
rates by 10% and 20% for the first and second component. Potential
reasons for this have been explained in the previous section. The
NRMSD is below 0.1% of the peak maximum. The NRMSD is more
than two orders of magnitude smaller for the other algorithm and
sore combinations. Differences are hardly visible to the human eye.
This is remarkable, since this case is based on much sparser ex-
perimental data than the previous one. However, systematic errors
that typically occur in real experiments are not considered here.
They will be present in the next case. The runtimes mainly dif-
fer between the algorithms and are similar between the scores,

14

with the GA needing less than 2.5 days and gradient search about
5 days.

11. Experimental case study

An experimental dataset for two charge variants of a mono-
clonal antibody has been measured at Amgen. Available are two
dextran pulses with detached column, two dextran pulses with at-
tached column, two protein pulses under non-binding conditions,
a gradient elution with fractionation and a gradient elution with
extended loading phase but without fractionation. Evaluating in-
dustrial data is more complicated than synthetic, since there is
no ground truth available. Moreover, the detector noise is typically
dominated by systematic errors such as feed variations, pump de-
lays and flow rate variations. These issues are addressed by our
new score system. The experimental case study comprises the four
parameter estimation stages described in Section 4. Parameters es-
timated in one stage are fixed in the next, with the results sepa-
rately passed on for each search algorithm and score combination
using the selected result shown in each stage’s table. Orthogonal-
ity in the applied models and procedures avoids lumping of fun-
damental mechanisms and minimizes parameter correlations. This
greatly improves predictivity of the calibrated model across oper-
ating conditions and scales. Modeling and propagation of errors is
actively researched but not in the scope of this publication.

In the experimental case study, multiple objectives of the new
scores happen to be in conflict due to imperfections in the model
and data. For a new optimum to be added to the Pareto front, at
least one parameter and at least one metric need to differ from
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Table 7
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Two component gradient elution experiment with fractionation. Synthetic ground truth, parameter bounds, estimated parameters and

performance indicators.

Ground Truth ~ Bounds GA Gradient
Lower Upper Sheak Sssp Speak Sssp
ka1 2.00 1.0e-02  1.0e+02  2.00 2.00 1.80 2.00
ka1 10.0 - - 10.0 10.0 8.80 10.0
I~<eq‘1 0.20 1.0e-02  1.0e+02  0.20 0.20 0.20 0.20
V1 7.00 1.00 50.0 7.00 7.00 7.00 7.00
o1 50.0 1.00 100 50.0 50.0 50.0 50.0
ka2 2.00 1.0e-02  1.0e+02  2.00 2.00 2.40 2.00
Ky 10.0 - - 10.0 10.0 12.0 10.0
l?eq‘z 0.20 1.0e-02  1.0e+02  0.20 0.20 0.20 0.20
Vy 5.00 1.00 50.0 5.00 5.00 5.00 5.00
0, 50.0 1.00 100 50.0 50.0 49.8 50.0
NRMSD 4.2e-06 4.2e-06 8.7e-04 4.2e-06
S 4.5e-05 4.5e-05 4.6e-04 4.5e-05
Wall Time 2 days: 9:38:44 2 days: 3:40:50 4 days: 15:23:18 5 days: 2:19:39
Table 8 Table 9
Fixed parameters for experimental case study. Dextran pulse experiment with detached column. Parameter bounds, estimated pa-
- rameters and performance indicators.
Parameter Value Unit
Q 3.336-08 s Bounds GA Gradient
Ac 2.01e-04 m? Lower Upper SFront Sssp SFront Sssp
ic i:ggijg; . A 15e-05 2.5¢-05 19e-05 19e-05 19e-05  1.9e-05
Lf 1.466-01 m Dy 1.0e-09  1.0e-05 2.7e-06  2.4e-06  2.5e-06  2.4e-06
A 2236400 mol/m3 NRMSD 3.8e-02 3.8e-02 3.8e-02 3.8e-02
S 4.6e-04  4.2e-04 4.1e-04  4.2e-04
Wall Time 0:02:43 0:01:07  0:01:10  0:00:55
Results 2 1

the existing optima by at least 1%. The mean of the involved met-
rics, S, is used to select the final result. The model parameters in
Table 8 are determined independently of the staged parameter es-
timation procedure. Parameter transformations are applied analo-
gously to the synthetic case study. Reference concentrations of the

SMA model are ¢§ = 225 mol/m3 and c? = 450 mol/m3.
11.1. Dextran pulses with detached column

A DPFR is used to describe the impact of the tubing and other
holdup volumes that are external to the chromatography column.
For this dataset, more complex models with multiple CSTR and
DPFR units were unable to better reproduce the observed behav-
ior but suffered from high parameter correlations and poor iden-
tifiability (data not shown). Hence, the external holdup volumes
are lumped, and the DPFR model parameters are not meant to re-
flect the real dimensions of the tubing. It was further observed
that the given tubing length, L;, can be used for the DPFR with-
out deteriorating the match between model and data. In the first
parameter estimation stage, the cross-section area, A;, and disper-
sion, Dy, of the DPFR are estimated from a dextran pulse experi-
ment with detached column, i.e. with the column replaced by a
zero-volume connector. The Sk, Score accounts for the non-ideal
behavior of dextran tracer. The model is simultaneously fitted to
two experimental replicates by combining the scores as described
in Section 9. The time intervals J are separately determined for
both chromatograms. They range from 19 to 32 s for the first ex-
periment and from 15 to 32 s for the second (Fig. S9). As in the
synthetic case study, the Sgsp score is applied to the same time in-
tervals for comparison.

Results are shown in Table 7 and Fig. 9. Obviously, the quality
of this real-world data is much worse than in the synthetic case
study. This is reflected in larger NRMSD values of about 4% of the
highest concentration in the selected time interval. Runtimes vary
between one and three minutes. The algorithm and score combina-
tions reach the same NRMSD and terminate at the same estimated
areas, A;, with two digits precision. The dispersion estimates de-
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viate 8% or less from the mean of the compared values, with the
largest deviation for Sg;o,; With the GA. It is important to under-
stand that these differences do not allow to assess the certainty
of the estimates. Measurement errors clearly exist and are propa-
gated to the estimated parameters. However, different methods are
required for quantifying their nature and impact.

Interestingly, the GA has found conflicts between the metrics in
the Sgyone Score, even though they are designed to be complemen-
tary to each other. Two different parameter sets are optimal in the
Pareto sense, i.e. one metric can only be improved at the cost of
deteriorating another. In this example, multiple optima are likely
caused by relatively large errors in the experimental data. How-
ever, Pareto optima should always be carefully analyzed, as they
indicate inconsistencies in the data that would remain undetected
with the Sssp score. In Table 9, the selection of a final result is
based on the mean, S, of the involved metrics. The parameters,
metrics and chromatograms of both Pareto optima are shown in
Table S5. The parameter estimates are identical within two digits
precision, and differences in the corresponding chromatograms are
hardly visible to the human eye without magnification. The mean
of the metrics is ca. 3x smaller for the selected optimum, while the
NRMSD ca. 8 times larger. However, the NRMSD can be misleading
as exemplified in Section 7.1.

11.2. Dextran pulses with attached column

In the second stage, column porosity, ., and column dispersion,
Dy, are estimated from a dextran pulse experiment with attached
column. The model is fitted to two experimental replicates follow-
ing the same procedure as above. The time intervals range from
52 to 218 s for the first experiment and from 24 to 218 s for the
second (Fig. S10). Results are shown in Table 10 and Fig. 10. The
NRMSD is similar and well below 1% for all algorithm and score
combinations. Runtimes vary between about two and nine minutes
with an advantage for the GA. The NRMSD values are slightly bet-
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Table 10

Dextran pulse experiment with attached column. Parameter bounds, estimated pa-

rameters and performance indicators.

Table 11
Protein pulse experiment under non-binding conditions. Parameter bounds, esti-
mated parameters and performance indicators.

Bounds GA

Gradient Bounds GA Gradient
Lower Upper SFront Sssp SFront Sssp Lower Upper Speak Sssp Speak Sssp
& 2.0e-01 4.0e-01 3.3e-01 3.4e-01 3.3e-01 3.3e-01 &p 2.0e-01 5.0e-01 3.3e-01 3.3e-01 3.3e-01 3.3e-01
D, 1.0e-12  1.0e-05  3.2e-07 3.8e-07 3.4e-07 3.4e-07 k¢ 1.0e-12 1.0e-05  2.6e-06 1.3e-06 2.0e-06 1.3e-06
NRMSD 7.0e-03 7.0e-03 6.6e-03 6.6e-03 D, 1.0e-12 1.0e-05  2.2e-11 3.1e-11 2.5e-11 3.0e-11
S 1.6e-03 1.6e-03 1.4e-03 1.5e-03 NRMSD 2.1e-02 1.9e-02 2.1e-02 1.9e-02
Wall Time 0:04:29 0:01:46 0:06:02 0:08:34 S 1.1e-02 1.6e-02 1.1e-02 1.5e-02
Results 1 2 Wall Time 0:21:16 0:06:16  0:16:02 0:14:08
Results 4 2

ter for gradient search with both scores. The porosity estimates are
almost identical, while the Dispersion estimates deviate 10% or less
from the mean of the compared values, with larger deviations for
the GA but in opposite directions for Sgyo, and Sgsp. Fig. 10 shows
a systematic mismatch between the slopes of model and data to-
wards the right end of the considered time intervals, i.e., the mech-
anistic model does not fully capture the observed process. This is
currently analyzed in detail. Uncertainty analysis and model exten-
sions will be subject of separate publications.

For this data set, gradient search has found two Pareto optima
for Sgone With details shown in Table S6 and Fig. S11. Here, NRMSD
and S agree on the best choice. Note that the applied multi-start
strategy for gradient search is not specifically designed for finding
Pareto optima, as the metrics are combined into one objective for
each optimizer run. However, Pareto optima can be found as a side
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effect when the results of several runs are compared at the level
of individual metrics.

11.3. Non-Binding protein pulses

In the third stage, particle porosity, ¢p, film diffusion, k¢, and
pore diffusion, Dy, are estimated from a protein pulse under non-
binding conditions, i.e. high salt. Using the target protein instead
of salt as non-binding but pore penetrating tracer is more reliable,
as salt diffuses faster and has a better pore accessibility. Parameter
estimation results are shown in Table 11 and Fig. 11. Runtimes are
between six and 22 min for GA and are about 15 min for gradient
search. The NRMSD is very similar for the compared methods. The
fitted chromatograms are also similar with the largest variations
around the peak maximum. The porosity estimates are identical.
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Fig. 11. Two replicates of protein pulse experiment under non-binding conditions. Experimental data and estimated chromatograms.

The estimates for particle porosity and pore diffusion show rel-
atively large differences between the scores, partly above 100%,
while similar results are obtained by both algorithms. Moreover,
both algorithms found multiple Pareto optima for the Sp,q, score.
Table S7 shows the Pareto optima found with GA and Sp,q. They
differ by more than 100% in some parameters, and the lowest
mean is in conflict with the lowest NRMSD. Table S8 shows the
Pareto optima found with gradient search and Sp,q. They are closer
to each other, and the lowest mean is not in conflict with the low-
est NRMSD. Fig. S12 compares the simulated chromatograms of the
four Pareto optima of GA and Sp,y, and the single optimum of gra-
dient search and Sssp, which is the standard method for param-
eter estimation in chromatography. One Pareto optimum matches
the peak position in one experiment better and one Pareto opti-
mum matches the peak position in the other experiment better,
while the other two Pareto optima have time offsets but describe
the peak shape in both experiments better. This inherent conflict
is caused by a 0.4 second signal offset between the two experi-
ments which is likely caused by slightly different pump delays in
each experiment. As introduced and comprehensively discussed in
Section 7, the Sssp cannot handle such inconsistencies in the data,
which was a major motivation for designing the new score sys-
tem. In Table S7, the Pareto optimum with the lowest NRMSD has
the largest mean, S. This Pareto optimum is very similar to single
optima found by both algorithms with Sgsp. Hence, the results of
the new score system include the result of the standard method,
but the standard method is not able to reveal deficiencies in the
model or data. Even when the final optimum is automatically se-
lected, the existence of several Pareto optima indicates potential is-
sues and should generally trigger manual inspection of the model
and data. Alternatively, a probability distribution could be passed
to the following stage. This is not in the scope of this publication,
but future work will address uncertainty propagation in the con-
text of Bayesian optimization.

11.4. Gradient elution with partial fractionation

In the fourth and last stage, the parameters of a two compo-
nent SMA model are estimated from two gradient elution experi-
ments with different loading times and gradient slopes. One exper-
iment has fractionation data available (Fig. S14) while the second
features an extended loading time (Fig. S15). Experimental details
are described in Section 5. Each fraction is 96 s in length. Precise
collection times and pool concentrations are shown in Table S9.
The scaled adsorption rates, l~<{1, the scaled equilibrium constant,
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I~<gq, characteristic charge, v, and shielding coefficient, o, are esti-
mated. The adsorption and desorption rates, k, and l~<d, are deter-
mined from the parameter transformation in Egs. (26), (27). The
ionic capacity, A, was separately determined by titration. The pa-
rameters are estimated using the S;,, score on the sum chro-
matogram and the Sg, .- score on the fractionation data. S, with
six metrics on three peaks and S with three metrics on two

peaks and two components resultscaiurisl -3.6+2-2-3=30 objec-
tives. The S¢sp score is applied to the sum chromatogram and to
the fractionation data of each component.

Results are shown in Table 12 and Fig. 12. The compute times
of the different algorithm and score combinations range from ca.
1 to 18 days. The GA appears slower than gradient search, but the
reported GA runtimes include local refinement by gradient search.
For the S}, USEq.s score, 3 days of GA runtime were followed by
5 days of local refinement, and for the Sgsp score, 5 h of GA run-
time were followed by 17 days of local refinement. In both cases,
local refinement hardly improved the final result, and the same has
been observed in previous stages. With synthetic data local refine-
ment can improve the solution up to the limits of numerical preci-
sion due to the model being able to perfectly explain the synthetic
data. With experimental data the model can’t perfectly explain the
data and many small steps are taken to make marginal improve-
ments to the results. The GA can quickly get close enough to an
optimal solution that local refinement is left with making small re-
finements to match an imperfect model to imperfect data. In con-
clusion, the total runtime can be substantially reduced by skipping
the local refinement.

The algorithm and score combinations differ not only in their
runtimes but also in the achieved parameter estimates. The
NRMSD is relatively low for all algorithm and score combinations.
Even though it is slightly smaller for Sgsp than for Sp,  USE, .. for
both algorithms, some alarming issues are observed for Sssp. For
GA, the characteristic charge of the second component, v,, is at
the lower bound, and for gradient search, the shielding factor of
the second component, o5, is at the upper bound. These values in-
dicate unrealistic parameter values, as wide search intervals were
chosen around typically observed values for monoclonal antibod-
ies. Despite the similar NRMSD, the scaled adsorption constants of
the first component, kg ;, differ by more than 5 orders of magni-
tude between the search algorithms, and the same is true for the
scaled equilibrium constant of the second component, I~<eq.2. This
indicates poor identifiability of the estimated parameters with the
Sssp score. Moreover, the corresponding chromatograms do not at
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Table 12
Gradient elution experiment with partial fractionation. Parameter bounds, estimated parameters and performance indi-
cators.
Bounds GA Gradient
Lower Upper Sf,mk Uszauss Sssp S;’enk Uszauss Sssp
ka1 1.0e-06 1.0e+06  5.1e+00 9.8e+06 1.2e+01 7.1e-01
T<d,1 - - 3.4e+04 7.6e+08 2.3e+05 1.7e+01
Keg.1 1.0e-06 1.0e+06  1.5e-04 1.3e-02 5.4e-05 4.1e-02
Vq 1.0e+00  2.0e+02 1.5e+01 8.2e+00 1.7e+01 6.7e+00
o1 1.0e+00  2.0e+02  5.0e+01 4.4e+01 5.1e+01 4.1e+01
ka2 1.0e-06 1.0e+06  7.4e-03 1.5e+04 8.9e-03 1.0e+06
T<d,2 - - 2.6e+03 1.6e+03 1.0e+03 1.0e+12
Keq.2 1.0e-06 1.0e+06  2.9e-06 9.6e+00 8.7e-06 1.0e-06
vy 1.0e+00  2.0e+02 2.3e+01 1.0e+00 2.1e+01 2.1e+01
oy 1.0e+00  2.0e+02  9.5e+01 1.0e+02 3.9e+01 2.0e+02
NRMSD 3.9e-01 3.7e-01 3.9e-01 3.4e-01
S 9.0e-02 1.9e-01 9.1e-02 1.0e+00
Wall Time 8 days 1:33:00 17 days 9:42:53 0 days 19:14:13 6 days 12:06:01
Results 13 3
—— Experiment 0.25
GA Shape
GA SSD
0:20 Grad Shape 0.20
- —— Grad SSD -
£ £
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Fig. 12. Gradient elution experiment with different loading times and gradient slopes. Experimental data and estimated chromatograms. Sum signal of first experiment (top
left) and second experiment (top right). Fractionation data of component 1 (bottom left) and component 2 (bottom right) in first experiment.

all match the fractionation data of the second component, as can
be seen in Fig. 12.

In stark contrast, the Sj,  USE, . score was able to guide both
search algorithms towards satisfying matches between simulation
and experiment for all peaks of both components in both experi-
ments. The corresponding parameter estimates of both search al-
gorithms are relatively similar. Again, rigorous uncertainty analy-
sis is not in the scope of this publication. Moreover, the GA with

Sheak Y Stauss Tesult even features an initial breakthrough peak in
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the first experiment, which is tiny but important, as it indicates
saturation of the column.

For the Sf, ., USE.. Score, 13 Pareto optima were found by
the GA, Table S10, and three by gradient search, Table S11. For
both search algorithms, the NRMSD of the Pareto optima are in
conflict with the respective mean, S. The GA results are compared
in Fig. S13. All Pareto optima, except one, match all peaks of both
components in both experiments. These twelve Pareto optima in-
dicate a tradeoff between the two experiments. However, none of
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them perfectly matches one experiment or the other. This indicates
that the mechanistic model does not fully capture all features of
the process. The observed deviations are likely caused by a com-
bination of non-ideal hydrodynamics, complex binding processes
and experimental errors. Fig. S13 provides rich information on the
Pareto optima that can be related to expert knowledge for select-
ing the most suitable parameters for specific applications of the
calibrated model. Specific applications of the model described here
can entail process robustness investigation. Simulations of scenar-
ios with varying process input parameters that are known to vary
between lots, such as total protein concentration in the feed solu-
tion or ionic strength of elution buffers, can inform decision mak-
ing in case of process performance deviations. Further applications
can range from screening process parameters, such as stop col-
lect criteria, to inform process optimization experiments, to risk-
analyses for technical transfer activities.

12. Conclusions

A novel score system for estimating chromatography model pa-
rameters has been introduced and demonstrated using both syn-
thetic as well as experimental case studies. In contrast to least
squares estimation, which is the de facto standard approach and
mostly combined with single-objective gradient search, the new
score system provides multiple objectives (metrics) that are si-
multaneously optimized. Typical objectives are the shape, position
and height of individual peaks. Even when these objectives are
not in conflict, which is typically the case for synthetic data, they
can help to improve convergence of the search algorithm, partic-
ularly for poor start values and in initial phases of the optimiza-
tion, by allowing progress in one objective while sacrificing an-
other. However, multiple Pareto optima are often found for exper-
imental data, indicating deficiencies in the model or data. For ex-
ample, peaks might be slightly shifted by pump delays or small
changes in the elution buffer that are unknown and hence not cov-
ered by the chromatography model. Least squares penalize position
offsets much stronger than peak shape variations and would con-
sequently lead to large errors in the estimated parameters of the
binding model. The proposed new score system is designed to han-
dle such situations better by allowing tradeoffs between conflicting
objectives. It has been found that the mean of involved metrics
provides a better measure for the quality of the match between
simulation and experiment than the least squares residual. At first,
the diversity and uncertainty that is introduced by multiple Pareto
optima might appear as a shortcoming in comparison to the sim-
plicity of the standard approach. However, this uncertainty is not
created but only revealed by the presented parameter estimation
approach. The ground truth is not changed but made accessible
to proper analysis and visualization. However, this cannot replace
a rigorous analysis of error sources and uncertainty propagation,
which will be subject of another publication. Multiple pareto op-
tima can also be post-processed by weighting different metrics or
experiments to select an optimum appropriate to the problem at
hand. The advantage of handling this in post-processing is that it
does not require a priori selection of weights and it does not neg-
atively impact the parameter estimation process.

Another advantage of the new score system is that multiple ex-
periments and fractionation data can be integrated without need-
ing to weight different objectives. The objectives can be combined
into one for a gradient search algorithm, but a multi-objective GA
has been observed to be much more robust for complex prob-
lems. Pareto optima can indicate inconsistencies between multi-
ple experiments, and the Pareto front carries rich information on
potential causes of failure, as demonstrated in the experimental
case study. This information is important for understanding the
system and designing better experiments. The genetic algorithm as
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well as the multi-start strategy for gradient search are parallelized
with progress monitoring for computational efficiency on compute
clusters but also on multi-core processors in personal computers.
Due to the modular nature of the new score system, new met-
rics can be merged into the existing framework without changing
the search algorithm. This can be particularly useful for real-world
and large-scale industrial data where increasing system complex-
ity might require consideration of additional features. The current
metrics have already been shown to properly address non-ideal
tracer retention and pump delays.

CADET-Match has been designed as a monolithic approach for
fully automated data processing with minimal human intervention.
Hence, pragmatic choices were made for some meta-parameters
such as approximation order in the smoothing procedure, concen-
tration thresholds for time interval selection or solver tolerances
in the chromatography simulation. Countless numerical tests were
performed, and much care has been taken to ensure robustness of
the presented algorithm on real-life industrial data. Even though
the meta-parameters can be changed, due to the open source na-
ture of the code, this is not recommended unless the implications
are fully understood. The open code provides full transparency of
the applied procedures and allows to adapt and integrate the soft-
ware in operational workflows. CADET-Match can be used with all
model variants that are available in the parent project, CADET, and
cover a wide range of transport and binding models. The scripts for
running all case studies in this publication are freely available and
can easily be adjusted to other scenarios. Moreover, some aspects
and code parts of the presented work are not even specific to chro-
matography or parameter estimation. For example, the smooth-
ing procedure was recently applied to radioactive tracer signals in
plant science.
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