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ARTICLE INFO ABSTRACT

Keywords: High-throughput screening (HTS) of chromatography partition coefficients (K;) is widely used in protein puri-
mAb fication process development, spanning applications with markedly different precision requirements. Despite this
IEX widespread use, quantitative guidance on how experimental uncertainty propagates through filter-plate-based K,

POROS XS P

assays and informs key design decisions has been lacking.

We present an experimentally calibrated Monte Carlo (MC) framework for uncertainty propagation in filter-
plate-based K, HTS, which quantifies overall uncertainty and identifies the dominant experimental error sour-
ces across purification-relevant equilibrium regimes. The model is parameterized by characterization of the
major sources of experimental errors in a monoclonal antibody (mAb) monomer case study on POROS XS cat-
ion-exchange media and accurately reproduces the magnitude, heteroscedasticity, and plate-to-plate variability
observed.

Variance decomposition identifies uncertainty in resin slurry distribution and supernatant concentration
measurements as the dominant contributors, accounting for ~ 97 % of total K, variance over the investigated
range of ideal partition coefficients (K jgeal). The framework further enables quantitative evaluation of design

Chromatography partition coefficient (Kp)
High-throughput screening

Uncertainty quantification

Monte Carlo

choices: analysis of the liquid-to-solid phase ratio (f) reveals a clear trade-off between measurement precision

and protein material demand, allowing derivation of application-specific phase ratio recommendations.
Overall, this work provides a quantitative basis for uncertainty-aware HTS design and more reliable K,, data
for purification process development decisions and modeling.

1. Introduction

In the early stages of biopharmaceutical purification process devel-
opment, typically only limited information is available regarding the
target protein, its impurity profile, and the concentrations of these
species. At the same time, initiatives such as Quality by Design (QbD)
[1] and Speed to Clinic [2] call for systematic and efficient development
strategies. The increasing complexity of emerging therapeutic modal-
ities further reduces the reliability of experience-based process design
alone [3]. To address these challenges, high-throughput techniques,
enabled by their high level of miniaturization, automation, and paral-
lelization, are widely employed to explore a broad range of process
conditions [4,5]. Since chromatographic unit operations remain pivotal
to biopharmaceutical manufacturing [6], high-throughput process
development (HTPD) commonly relies on batch partition experiments to
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assess the adsorptive behavior of product-impurity combinations with
respect to kinetics [7], separability [8] and capacity [9] under varying
buffer and resin conditions. High-throughput screening (HTS) of the
chromatography partition coefficient (Kp) offers an efficient way to
identify favorable separation conditions, making it a valuable criterion
for identifying promising purification strategies [10,11].

However, establishing HTS for Kp determination remains chal-
lenging due to the large number of available options in experimental
design and the highly application-dependent precision requirements
across different HTS use cases. The strengths and weaknesses of various
experimental designs have been reviewed extensively [5,12-15] and
therefore need to be considered in the context of equipment availability.
A foundational contribution in this regard is the publication by Coffman
et al. [16], which proposes the use of filter plates and discusses the in-
fluence of liquid pipetting, resin pipetting, binding kinetics, hold-up
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corrections, and analytical methods on the outcome of the HTS. Com-
plementary to the aspects highlighted by Coffman et al., literature also
places strong emphasis on the accurate definition of liquid-solid phase
ratios and the precision of analytical readouts. Lacki and Brekkan [17]
demonstrated the substantial impact that errors in dispensed chroma-
tography media and concentration measurements can have on calcu-
lated K}, values. In line with this, Bergander and Lacki [18] underline the
importance of correctly defined and controlled phase ratios to enable
meaningful comparisons across chromatography media and process
conditions. Consequently, substantial effort in the literature has focused
on ensuring accurate and consistent delivery of chromatography media
to every well. Building on a device introduced by Herrmann et al. [19] to
establish equally sized particle plaques, subsequent studies proposed
approaches for robust resin-slurry dispensing [20] and in-line resin
quantification [21]. Alternatively, Li et al. [22] demonstrated that
self-packed filter-plates can be prepared using a liquid-handling station
(LHS) instead of resin plaques, yielding ready-to-use formats suitable for
purification process development.

Although considerable effort has gone into identifying specific
sources of experimental variation, the rise of automated experimenta-
tion has intensified the need to understand how these sources jointly
propagate through HTS workflows. As highlighted by Wiechert et al.
[23], uncertainty quantification is essential for building trust in auto-
mated experimentation, since automation accelerates data generation
but simultaneously amplifies noise and complexity. Clarifying how
different factors influence experimental outcomes enables more robust
and efficient process-development decisions. Moreover, quantifying
uncertainty can help to reduce the need for experimental replicates,
thereby increasing throughput, conserving time and materials — re-
sources that are particularly limited in early development stages. Ulti-
mately, such methodological rigor strengthens data integrity, ensuring
that modeling-based approaches are grounded in trustworthy informa-
tion, paving the way towards Al-guided process development [24]. In
this context, recent studies establishing quantitative structure-property
relationship (QSPR) models for K, exemplify the strong potential of
high-quality HTS data to deepen mechanistic understanding of adsorp-
tion phenomena and accelerate chromatographic process development
[25,26].

General guidelines for the estimation of measurement uncertainty
are provided by the Joint Committee for Guides in Metrology (JCGM)
[27], and are increasingly applied in life sciences. Common approaches
include Gaussian error propagation, Bayesian inference, and Monte
Carlo (MC) methods [28-33]. MC sampling is particularly suitable for
automated workflows as it can handle nonlinearity and arbitrary dis-
tributions with conceptual simplicity, making it a robust choice for
high-throughput settings [23]. Osberghaus et al. [34] demonstrated that
MC sampling is an appropriate method for uncertainty quantification in
high-throughput workflows. In their study, MC-based simulations were
applied to 96-well plate experiments for isotherm determination under a
single condition, demonstrating the method’s robustness in propagating
errors arising from pipetting, plaque volume, and stock solution prep-
aration. Kittelmann et al. [21] extended the application of MC simula-
tions to a high-throughput batch screening process in 384-well plates for
isotherm determination. Their study showed that the accuracy of
Langmuir parameter estimation strongly depends on the number of data
points, thereby confirming that MC methods are an effective tool for
analyzing error propagation in miniaturized workflows. To date, no
experimentally calibrated and validated framework exists that simulta-
neously quantifies total uncertainty in filter-plate-based K, HTS and
resolves parameter-specific error contributions across the relevant
equilibrium range, which is a prerequisite for understanding and con-
trolling uncertainty in both process development decisions and
uncertainty-sensitive modeling applications.

In this study, we established an MC-based uncertainty modeling
framework for filter-plate-based K, high-throughput screening to
quantify measurement variability and distinguish the contributions of
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the dominant error sources across ideal partition equilibria relevant to
early purification process development. To provide realistic model in-
puts, we experimentally characterized the distributions of the dominant
variability drivers. The modeling framework was validated in a case
study using the cation-exchange (CEX) resin POROS XS and a mono-
clonal antibody (mAb) monomer, where simulated uncertainty was
compared directly to observed variability at plate and replicate levels.
Based on the validated model, we quantified the relative contribution of
individual parameters to total K, variance, and derived workflow-
specific guidance for improving precision. Finally, we examined phase
ratio design to quantify the trade-off between measurement precision
and protein demand, enabling actionable recommendations for the
rational design and optimization of filter-plate-based K, HTS.

2. Theory and model development
2.1. Determination of K, in filter-plate-based high-throughput screening

In protein liquid chromatography, adsorption isotherms provide
essential insight into the interactions of solutes with the stationary
phase. The initial slope of the isotherm defines K, and serves as an
important metric for comparing buffer conditions and chromatography
resins, thereby guiding early process design [8,11,35,36]. K}, is defined
as follows:

K, = lim )

c=0C

where g and c denote the equilibrium concentrations of the stationary
and mobile phase, respectively, with q expressed per settled bed volume.
The determination of K, from batch binding equilibria has a long history
and has significantly improved in throughput with the advent of auto-
mated LHS [37,38]. Furthermore, the use of filter-plates facilitates
removal of the liquid phase, enabling conditioning prior to protein
loading [12,16]. Measuring the concentration of the evacuated super-
natant, cg,p, enables the calculation of the stationary phase concentra-
tion via a mass balance over the working volume. Assuming no protein is
initially bound to the resin, Eq. (2). follows directly:

q= VLo — (VL + Vi) Cop

Ve (2)

Here, V|, denotes the pipetted liquid volume, c;, the load concentration,
Vi the hold-up volume after centrifugation following the equilibration
phase, and Vj the resin volume. In this study, the resin volume is defined
by measurement of the settled-bed volume. An overview of the experi-
mental workflow is presented in Fig. 1, with a detailed description
provided in Section 3.4. As recently demonstrated by Ram et al. [39], Vg
and Vy display a linear relationship, which can be expressed as Eq. (3):

Vu=¢, Vo + V¢ 3

where Vi denotes the liquid hold-up volume associated with the filter-
plate frit, and ¢, represents the fraction of the total settled bed volume
that accounts for liquid hold-up, hereafter referred to as batch hold-up
porosity. Consequently, ¢, is a fraction of the total porosity (¢;) in the
centrifuged resin bed depending on the centrifugation conditions
applied. Combining Eqgs. (1)—(3) yields the following expression, which
describes K}, as a function of the experimental design parameters and the
measured Cgoyp:

VL CL Ve
Ky=-t(21)- - 4
P VR (Csup > €p ( )

The ratio V;,/Vy is often expressed as the phase ratio g, but this
substitution is omitted here to maintain parameter independence in the
model.
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Fig. 1. Schematic overview of the experimental workflow for the filter-plate-based high-throughput screening of the chromatography partition coefficient.

2.2. Modeling measurement errors

This study introduces a method for modeling HTS-related uncer-
tainty for a given ideal partition coefficient K}, qeal, which denotes the
error-free equilibrium partition coefficient determined solely by the
protein, buffer, resin and phase ratio conditions specified in the exper-
imental design. Errors in key parameters are modeled as normally
distributed variables ¢, ~.77(0, ox), where o, corresponds to the stan-
dard deviation (SD) of the uncertainty associated with parameter x. The
assumption of normality is supported by the central limit theorem [40]
as well as empirical observations within this study. Accordingly,
parameter errors related to the uncertainty model are represented by
stochastic parameters X = X+ €. Given K jgeal, the stochastic equi-
librium supernatant concentration Cs, can be evaluated using the
following expression derived from Eq. (4):

~ EL
Coup == =

"‘/TR (Kp.ideal + zb) + 3 +1
Vi Vi

(5)

+ €

Here, ¢i, describes the total perturbed loading concentration, incorpo-
rating errors arising from preparation of the protein solution (o, ) and
concentration measurements (o, ). €, denotes the error in measuring
the supernatant concentration. The concentration characterization ex-
periments presented in Fig. 2 show that the SD of the concentration
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Fig. 2. Trend lines for the absolute (solid) and relative (dotted) standard de-
viation of protein concentration measurements for six solutions in the relevant
HTS range (n = 48 per solution). Black arrows indicate the associated y-axes.

measurement depends on the concentration. Accordingly, the following
parameterized function is applied:

©

0, =a; C+ay

where a; represents the relative contribution and a, the absolute
contribution to the concentration measurement uncertainty. The total
SD of ¢, is therefore defined as 6, = a; ¢.s + a. Finally, the HTS-
measured partition coefficient I~(p can be obtained by combining Egs.
(4) and (5), considering the assumed parameter values and the experi-
mental and analytical deviations reflected in Csp. A detailed derivation
of Eq. (7) is provided in the Supplementary Information. For improved
readability, the auxiliary quantity A is defined as

Vi ~ Vi
A= TR (Kp,ideal +8b) + TF + 1
VL VL

leading to

~ Vi I \%

Kp:V—L N—L -1 _VF_Sb (7)
R % + €cqp R

Since c;, is experimentally determined in each HTS run, its deter-
ministic value is replaced in the uncertainty model by the stochastic
parameter ¢;, which captures the associated uncertainty. Based on Eq.
(7), distributions of Kp are obtained for a given K} j¢ea using the cali-
brated parameter distributions and repeated sampling. This approach
avoids correlated input variables (e.g., Csp = f (KPideah c, Vi, Vg, Vg,
&) and closely reflects the experimental workflow presented in Fig. 1.

2.3. Monte Carlo uncertainty propagation and parameter contribution
analysis

MC sampling propagates uncertainty by replacing analytical proba-
bility distributions with large sets of random samples that are propa-
gated through the computational workflow to evaluate the resulting
output distribution. This approach is broadly applicable to arbitrary
input distributions and nonlinear models. The mathematical founda-
tions and performance characteristics of MC sampling are well docu-
mented in the literature [27,41,42]. A typical MC study assigns
probability density functions (PDFs) to all input quantities, draws
random samples from these distributions, evaluates the model function
for each sample, and uses the model outputs to construct a discrete
approximation of the output PDF. From this distribution, estimates,



J. Faessler et al.

standard uncertainties, and coverage intervals can be derived [27]. MC
sampling thus represents a valuable tool in high-throughput experi-
mentation [21,23] as demonstrated by Osberghaus et al. [34]. In this
study, stochastic deviations within the experimental procedure were
quantified and propagated together with an ideal partition coefficient
using MC sampling according to Eq. (7).

Beyond estimating total uncertainty, it is useful to quantify the
contribution of individual parameter uncertainties, particularly when
establishing or optimizing a new experimental setup or methodology of
a HTS workflow. Parameter-specific contributions can be examined
through local sensitivity analysis using one-factor-at-a-time (OFAT)
sampling. As the OFAT method assumes local linearity, parameter in-
dependence, and negligible interaction effects, its suitability must be
verified for the specific application [43]. Comparing the resulting
parameter-specific variances, either relative to one another or relative to
the total variance, enables assessment of the relative influence of each
parameter. Similar variance-based analyses are widely used across sci-
entific fields, for example in the uncertainty analysis of Penicillin V
production [44] and in environmental studies examining parameter
sensitivity and uncertainty in forest carbon flux models [45].

3. Material and methods
3.1. Chromatography resin, buffers, and protein

All chromatography-related experiments were performed using the
strong cation exchanger POROS XS (Thermo Fisher Scientific, Waltham,
MA, USA). The chemicals used in this study were purchased from Sigma-
Aldrich (St. Louis, MO, USA). High-purity water was used for buffer
preparation. Ten buffers containing 50 mM sodium acetate (pH 5.0) and
200-290 mM sodium chloride (NaCl) were used for resin equilibration
and protein buffer exchange during the HTS experiments. Each buffer
was prepared once as a single bulk batch and used consistently
throughout all experiments, so that variability in pH and NaCl concen-
tration between wells and plates was minimized and considered negli-
gible for the present workflow. The strip buffer consisted of 50 mM
sodium acetate (pH 5.0) and 2 M NaCl. For hold-up volume determi-
nation, the equilibration buffer consisted of 50 mM sodium acetate (pH
5.0) and 500 mM sodium nitrate (NaNOs), and the elution buffer con-
sisted of 50 mM sodium acetate (pH 5.0). 20% (v/v) ethanol with 50 mM
NaCl was used to adjust the solid-to-liquid ratio of the resin slurry prior
to pipetting. A human full-length immunoglobulin G1 (IgG1), provided
by Boehringer Ingelheim Pharma GmbH & Co. KG (Biberach, Germany),
was used in this study. The antibody was captured through Protein A
affinity chromatography, followed by neutralization, sterile filtration
through a 0.2 pm filter, and freezing at —70 °C. After thawing, the
sample was buffer exchanged into the respective equilibration buffer
using a 5 mL HiTrap Desalting column (Cytiva, Marlborough, MA, USA),
in accordance with the manufacturer’s instructions. The resulting solu-
tion was then adjusted with the respective buffer to a concentration of
0.53-0.60 g/L, as quantified using a microplate reader (Tecan Infinite M
Nano+; Tecan, Mannedorf, Switzerland). Product purity (monomer
content > 96.5%) was determined after freeze-thaw by size-exclusion
chromatography using an Acquity UPLC Protein BEH SEC column, 200
}o\, 4.6 mm x 300 mm (Waters Corporation, Milford, MA, USA).

3.2. Instruments and software

The automated high-throughput workflow and the corresponding
characterization experiments were performed on a Tecan Fluent liquid-
handling system (Tecan, Mannedorf, Switzerland). The station was
equipped with two Flexible Channel Arms (FCA) featuring air- and
liquid-displacement pipetting, one Robotic Gripper Arm (RGA), two
integrated plate shakers (BioShake 3000 elm; QINSTRUMENTS GmbH,
Jena, Germany), a microplate reader (Tecan Infinite M Nano+; Tecan,
Mannedorf, Switzerland), and a plate centrifuge (Rotanta 460 Robotic;
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Andreas Hettich GmbH & Co. KG, Tuttlingen, Germany). Processes were
controlled wusing FluentControl software (Tecan, Mannedorf,
Switzerland). For characterization of the pipetted target volume, an
analytical balance module (WXS205SDUV; Mettler Toledo, Nanikon,
Switzerland) was integrated into the robotic platform. To characterize
variations in the distributed dry resin mass, a vacuum centrifuge
(Concentrator plus; Eppendorf, Hamburg, Germany) and an analytical
balance (Excellence XS64; Mettler Toledo, Nanikon, Switzerland) were
used. All data preprocessing, calculations, and visualization were per-
formed using Python 3.12.8 and open-source packages available via the
Python Package Index (PyPI). Numerical computations and random
number generation for the Monte Carlo sampling were implemented
using NumPy (v2.2.2), while data handling was performed using pandas
(v2.2.3). Non-linear and linear regression (e.g., power-law and linear
fits) was carried out using the curve_fit routine of SciPy (v1.15.2), and
normality was assessed using the Shapiro-Wilk test (scipy.stats.shapiro)
and quantile-quantile diagnostics (scipy.stats.probplot). Goodness-of-fit
metrics (coefficient of determination and root-mean-square error) were
computed using scikit-learn (v1.6.1). Figures were generated using
Matplotlib (v3.10.0) and seaborn (v0.13.2). For all Monte Carlo simu-
lations, a fixed random seed was used to ensure reproducibility.

3.3. Characterization of experimental error sources

For each experimental error source, dedicated characterization ex-
periments were performed to determine the corresponding parameter
distributions under conditions matching the HTS workflow. The
normality of these distributions was evaluated using the Shapiro-Wilk
test [46], a formal hypothesis test that is particularly powerful for the
comparably small sample sizes typical of such characterization experi-
ments, in combination with quantile-quantile (Q-Q) plots [47], which
graphically compare the empirical against the theoretical normal
quantiles and thereby reveal the nature and location of any deviations.
This combination of a formal test and complementary graphical
assessment is a widely established method for assessing the normality of
experimental data [48,49]. A significance level of a = 0.05 was applied
throughout.

3.3.1. Protein stock preparation and concentration measurement

To characterize the variability in the load material concentration c,
two potential sources of error were examined. First, variability arising
from preparation of the load protein solution was assessed. The prepared
concentration of ¢;, was intentionally varied across three HTS plates to
evaluate contributions to potential plate-to-plate variability. To isolate
dilution precision from measurement variability, the concentration ¢, at
the start of each HTS run was defined as the average of eight measure-
ments. Second, the uncertainty associated with the concentration mea-
surement itself was quantified, as this error source also affects
determination of the protein concentration in the supernatant after
equilibration with the respective combinations of protein, buffer, and
resin. Concentrations were determined by blanked absorbance mea-
surements at 280 nm in UV-transparent microtiter plates (96 well UV-
STAR, Greiner Bio-One, Kremsmiinster, Austria), with optical path-
length corrections based on absorbance measurements at 900 and 977
nm, following McGown and Hafeman [50]. Six evenly spaced concen-
trations within the relevant HTS range were prepared and measured in
16 replicates on three plates, yielding 48 measurements per concentra-
tion level and enabling analysis of the SD as a function of concentration.

3.3.2. Liquid pipetting

To characterize the variability in the pipetted load volume, V;, high-
purity water with a target volume of 200 uL was pipetted using an air-
displacement LiHA equipped with 1000 pL disposable tips (DiTi) into
a reservoir placed on the integrated analytical balance module.
Assuming a constant density for high-purity water of 0.9982 g/cm?, 30
pipetting repetitions followed by weight determination enabled
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estimation of the pipetted load volume distribution.

3.3.3. Resin slurry dispensing

To characterize the variability in the pipetted chromatography resin
volume, Vg, a 25% (v/v) slurry of POROS XS was prepared by settling
the resin overnight. Five mL of the resuspended slurry was pipetted
manually into a 24 deep-well plate (Riplate SW, Avantor, Radnor, PA,
USA) placed on the orbital shaker operating at 450 rpm. After a pipette-
mixing sequence, the target slurry volume of 100 uL was aspirated from
the continuously agitated deep-well plate and dispensed into pre-
weighed 1.5 mL Eppendorf tubes using an optimized liquid handling
protocol for resin slurry aspiration and dispensing on the air-
displacement LiHA equipped with pre-wetted 1000 pL DiTis. Subse-
quently, the tubes were centrifuged under vacuum at 30 °C for 12 h to
remove residual liquid and were then weighed again. Assuming constant
density of the dried resin, relative variations in the measured resin mass
directly reflect relative variations in the dispensed resin volume.
Therefore, 30 pipetting repetitions and the corresponding weight mea-
surements were used to estimate the distribution of dispensed resin
volumes around the target value of 25 pL.

3.3.4. Hold-up correction

To characterize the variability in the hold-up volume associated with
the filter plate frit (Vg) and the batch hold-up porosity (ep), hold-up
volumes were determined in a dedicated characterization experiment
for five different resin quantities ranging from O to 50 pL. The tracer
NaNO3 was used specifically for this hold-up characterization, whereas
all subsequent K, experiments employed the NaCl-containing buffer
system described above. Resin slurry was distributed to the 96-well filter
plate (Multiscreen PVDF, Merck, Darmstadt, Germany) according to the
procedure described in Section 3.3.3. Initially, the ethanol storage so-
lution was removed by centrifugation of the filter plate stacked on a
microtiter plate for 30 s at 1500 rpm. Buffer equilibration of the resin
was performed in three cycles, each consisting of dispensing 200 uL of
NaNOjs equilibration buffer to each well, orbital shaking at 1100 rpm for
20 min, and subsequent evacuation by centrifugation as described in the
previous step. This equilibration and centrifugation cycle was kept
constant throughout the experiment and the standard HTS workflow
shown in Fig. 1. The NaNOs concentration in the supernatant of the third
cycle was measured at 302 nm, with optical path-length corrections
based on absorbance readings at 900 and 977 nm. Next, 200 uL of
elution buffer was dispensed, equilibrated, and evacuated, followed by
measurement of the final NaNO3 concentration. A mass balance over
each well was used to calculate the corresponding hold-up volume. Each
resin volume was tested 16 times on three plates, yielding 48 mea-
surements per resin volume level. The distribution of V¢ was estimated
from wells containing no added resin, while the distribution of ¢, was
determined by linear regression of hold-up volume against pipetted
resin volume.

3.4. Automated filter-plate-based high-throughput screening

The HTS workflow, as illustrated in Fig. 1, began with the distribu-
tion of 25% (v/v) POROS XS slurry into the filter plate to a target volume
Vg of 25 pL, as described in Section 3.3.3. Ethanol storage solution in
each well was removed by centrifugation, followed by three cycles of
equilibration with buffers containing the respective NaCl concentra-
tions. All orbital shaking and evacuation cycles throughout the work-
flow were carried out according to the procedure described in Section
3.3.4. The evacuated buffer from the third equilibration cycle was
used as a blank. Before loading each well, the protein concentration was
measured, according to the method given in Section 3.3.1. The targeted
load concentrations for the three repetitions of the workflow were
approximately 562.5 mg/L and intentionally varied between the runs.
Subsequently, 200 pL of the protein solution was dispensed into each
well, followed by 20 min of orbital shaking at 1100 rpm without plate
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cover, evacuation, and concentration measurement of the supernatant.
The incubation time of 20 min was selected based on preliminary
adsorption kinetic studies, which confirmed that equilibrium was
reached well within this period under the applied conditions (Supple-
mentary S1). These measurements enabled calculation of K, using Eq.
(4). Finally, two equilibration cycles with high-salt strip buffer were
performed to remove any bound protein from the resin, thereby
enabling closure of the total mass balance. The entire workflow was
repeated three times with freshly prepared filter plates and protein stock
solutions.

3.5. Monte Carlo simulation and analysis framework

3.5.1. Simulation algorithm

The simulation algorithm propagates the stochastic parameters
through the uncertainty model described in Section 2. These calcula-
tions were performed across the full range of relevant K gear values
(0-100) that span the transition between binding and non-binding
process regimes. For a given Kj, jgeal, Nnormally distributed random sam-
ples were generated for all relevant experimental parameters using the
mean and standard deviation obtained from the characterization ex-
periments. These sampled inputs were inserted into Eq. (7) to compute
simulated K, values. Each simulation consisted of 10,000 independent
samples to ensure stable estimation of distributional properties, with
convergence verified by assessing the predicted standard deviation as a
function of sample size.

3.5.2. Model validation

To validate the uncertainty model, the HTS workflow (Fig. 1) was
applied in a case study involving a mAb monomer, POROS XS, and 10
buffers with constant pH and increasing NaCl concentrations (cyqcr)
spanning the transition from binding to non-binding conditions. For
each condition, 24 replicates were measured across three independently
prepared plates. The model was validated by testing whether the
experimentally observed spread across the purification-relevant K, jgeal
range can be reproduced by the uncertainty model when supplied with
the experimentally characterized parameter distributions. Assuming
approximately normally distributed measurement variability, K jdeal
was defined as the mean of the corresponding experimental measure-
ments. The dependence of K geal ON Cnaci Was modeled using a pow-
er-law fit, Kjideal = b1 cnaci?. This selection is justified by the SMA
model, which exhibits an analogous power-law functional form under
linear-isotherm conditions [51]. The simulation algorithm described
above was used to predict the variability of I~<p over the full cy,c range.
Model validity was assessed by comparing the model-derived 95%
confidence interval (Clgs) with the experimentally observed variability,
complemented by a quantitative comparison of the predicted and

measured SD of K.

3.5.3. Parameter contributions to uncertainty and phase ratio perturbation

The contribution of each experimental error to the total measure-
ment uncertainty was evaluated by analysis of the variance contribu-
tions of the associated parameters. Using OFAT sensitivity analysis, each
parameter was sampled independently within its characterized distri-
bution, while all other parameters were fixed at their mean. The ratio of
the variance of I~<p induced by variation of a single parameter to the total
variance obtained by simultaneously varying all parameters yields the
relative contribution of each experimental error. This computationally
efficient approach is valid under the assumption of parameter inde-
pendence and negligible interaction effects. The adequacy of this
approach was assessed by evaluating the residual variance between the
total variance and the sum of the single-parameter variances.

To further assess sensitivity to changes in parameter uncertainty, the
SDs of the parameter distributions were systematically scaled and
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propagated through the same simulation framework. The SD of the
investigated parameter was perturbed by +£10%, +25%, and +50%.

Finally, the influence of experimental design on the I~<p distribution
was assessed by perturbing the phase ratio # = Vi /Vg. Assuming a
constant resin loading of 5 g/L, a fixed working volume per well given by
Vw = Vo + Vg = 225 uL, and constant relative standard deviations
(RSDs) for all parameters across the investigated f range, the impact of
varying phase ratios (1-50) across the full range of Kj,jqcal Was evalu-
ated. The resulting simulation outputs, including the corresponding
protein demand per 96-well plate for each f, were visualized in a single
response-surface representation (Fig. 7).

4. Results and discussion
4.1. Characterization of experimental errors

To characterize uncertainty in all model parameters and evaluate the
assumption of normality, the distributions of the following quantities
were experimentally determined: the prepared loading protein concen-
tration cy s, the dispensed load volume VL, the resin volume VR, the batch
hold-up porosity &, and the filter-plate frit-derived hold-up volume Vr.
In addition, the precision of concentration measurements (Csup & Cr.m)
across the relevant analytical range was assessed. All calibration ex-
periments were performed under conditions matching those of the HTS
workflow shown in Fig. 1, with a target replicate number of at least 30
found to be sufficient for a robust estimation of the parameter distri-
butions. The only exception was ¢y s, which was based on three inten-
tionally and widely varied stock solutions across the three plate runs.
The experimental results are summarized in Table 1. Because the
dominant uncertainty contributors are workflow- and equi-
pment-specific rather than protein-specific, the calibration experiments
only need to be performed once and can subsequently be applied to
other proteins under the same assay conditions on the same equipment.

4.1.1. Concentration measurement

Within the applied HTS workflow, protein concentrations were
measured both in the loading solution and in the evacuated supernatant
after equilibrium was established. Consequently, measurement preci-
sion had to be evaluated across the full concentration range from 0 mg/L
to cp. Fig. 2 shows the standard deviations (o.) of the six mean con-
centration levels (yi.; n = 48 per concentration), the corresponding linear
regression, and the resulting RSD curve. The data exhibited a linear
trend in 6. with a coefficient of determination (r> = 0.685), a slope of
0.00177, and an intercept of 3.31 mg/L. This behavior is expected, as the
uncertainty of absorbance measurements is known to increase approx-
imately proportionally with the absorbance value, which itself scales
linearly with protein concentration under the Beer-Lambert law [52].
For simplicity, the uncertainty analysis in this study focuses on
concentration-based errors. Alternatively, the error can also be
expressed in terms of absorbance, which allows a more direct compar-
ison across different proteins. The asymmetry in relative uncertainty is
reflected in the RSD profile: RSD values remain below 2% for concen-
trations above 186 mg/L but increase exponentially at lower

Table 1

Summary of the parameter-characterization results. Each distribution of n re-
peats is described by its mean (), standard deviation (¢), and relative standard
deviation (RSD).

Esup & CLm Cus Vy_ VR € Vp
[mg /L] [mg/L]  [uL) [uL] (-] [uL]
/] - 569.9 199.0 25.0 0.748 3.50
c 0.00177 % pu+ 3.31 26.33 2.31 1.10 0.0278 0.442
0,
RSD (%] 0177 + BHE 4.62 1.16 4.38 3.72 12.6
n 48 3 30 30 48 48
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concentrations, reaching 25.1% at 13 mg/L, consistent with previous
findings [53]. In terms of I~(p, this implies that the contribution of un-

certainty in the concentration measurement to the overall K, uncer-
tainty behaves inversely, being relatively small at low K}, jqca values and
increasing exponentially at high K, jgcal-

The normality of concentration measurement errors was assessed
using Q-Q plots and Shapiro-Wilk tests for each protein concentration. A
representative result is shown in Supplementary S2(a), with a full
overview for all six concentrations in Supplementary S3. Overall, sta-
tistical tests, diagnostic plots, and small residual deviations provide
strong evidence for approximate normality across five of six
concentrations.

4.1.2. Protein stock preparation

For reliable determination of K}, operation in the linear region of the
adsorption isotherm must be ensured. In this study, POROS XS was
operated at loadings below 5 g/L of resin, which exhibited linear
behavior in preliminary isotherm experiments (data not shown). Under
these conditions, variations in ¢, do not influence protein partitioning
[51]. Differences in the measurement uncertainty of Esup resulting from
variability in c. s are expected to be negligible. At a fixed K}, jqea1, changes
in ¢, s propagate to Cqyp, and its associated uncertainty oc,,, = f(Csup (EL,S,
Kp,ideal)). However, the resulting fluctuations in Cs,p are very small and
thus have only a marginal effect on o,,. Nevertheless, this effect is
explicitly included in the uncertainty model. Protein stock solutions
were prepared individually for the three validation plates with con-
centrations corresponding to loadings between 4.27-4.73 g/L of resin,
enabling assessment of their influence on the experimental outcome. To
incorporate ¢is variability into the uncertainty model, the mean con-
centration of 569 mg/L with a corresponding RSD of 4.62% (26.33
mg/L) was used. No extensive testing of normality was conducted for
this parameter, as the intentionally exaggerated variation serves to
confirm that ¢ s fluctuations do not significantly affect the outcome of
the HTS.

4.1.3. Liquid pipetting

Pipetting of the loading volume V| is another key parameter that
requires characterization. The distribution of Vy is shown in Supple-
mentary S2(b) (n = 30) and yields an average dispensed volume of 199.0
uL with a SD of 2.31 pL (Table 1). Normality was confirmed based on
graphical diagnostics and the Shapiro-Wilk test. The resulting RSD of
1.16% closely matches the RSDs reported by Osberghaus et al. for pro-
tein (1.3%) and buffer solutions (1.5%) [34], supporting the choice of
water as a practical surrogate for the representative HTS workflow
investigated here. While liquid-class settings and liquid properties may
influence pipetting performance [50], these effects were not investi-
gated separately. As the buffers used here span only a moderate salt
range (200-290 mM NaCl) and the load material was characterized
under representative conditions, concentration-dependent variations in
liquid properties were not expected to contribute substantially. Such
effects can nevertheless be incorporated into the framework through
workflow-specific characterization if required.

4.1.4. Resin slurry dispensing

A key topic in the literature on filter-plate-based HTS of K, is the
precise definition of the resin volume Vg, with multiple strategies
available for preparing plates [16,19,22,54]. In this study, we employed
overnight sedimentation to obtain a 25% (v/v) slurry concentration,
followed by LHS pipetting under orbital shaking. This approach requires
no specialized equipment and offers high flexibility with respect to
different chromatography resins and quantities. To quantify the SD of Vg
around the defined volume (25 uL), the pipetted slurry samples were
centrifuged under vacuum to remove all liquid, and the dry weight of
each sample was determined using an analytical balance (n = 30).
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Because the resin density can be assumed constant across samples, the
RSD of the measured masses directly reflects the RSD of the corre-
sponding volumes and is independent of how the volume is defined. As
summarized in Table 1, the resulting RSD was 4.38% (1.095 uL), and
both graphical diagnostics and the Shapiro-Wilk test indicate normality
(Supplementary S2(c)).

4.1.5. Hold-up correction

The final parameters of the uncertainty model, Vr and &, define the
hold-up volume correction, which reflects dilution of the protein load by
residual equilibration buffer remaining from resin conditioning in the
filter-plate-based HTS workflow. The linear trend obtained with the
NaNOs-based assay by Ram et al. [39] was successfully reproduced in
our characterization experiments (Fig. 3). In line with these observa-
tions, Vy is expressed as the sum of a filter-derived volume Vg and a term
scaling with resin volume Vg via the batch hold-up porosity ¢,. This
formulation isolates the Vg-dependent contribution and enables res-
in-specific hold-up volume quantification. The distribution of Vi (uy, =
3.50 pL, oy, = 0.442 pL) was obtained from measurements without
added resin, whereas the distribution of &, (4, = 0.748, 0., = 0.0278)
was determined by linear regression of the full dataset. Each value is
based on n = 48 replicates to ensure robust estimation of the parameter
distribution.

As shown in Supplementary S2(d), 'VF exhibits excellent agreement
with a normal distribution, supported by both the Shapiro-Wilk test and
graphical diagnostics. The assumption of normally distributed mea-
surement data of Vi across varying resin volumes is justified, as these
measurements are strongly influenced by Vi and V. Consequently, the
estimated slope ¢, is likewise expected to follow a normal distribution,
since it forms a linear combination of normally distributed variables.
Because variations in Vg systematically propagate into the measured Vy,
this relationship can conversely be exploited to estimate relative resin
volumes non-invasively. Accordingly, the NaNOs assay also offers a
simple and rapid method to compare resin volumes across wells in fil-
ter-plate-based HTS formats.

4.2. Uncertainty model validation

Model validation was performed in a case study using a mAb
monomer and POROS XS resin, tested at 10 increasing NaCl concen-
trations spanning the transition from binding to non-binding regimes.
For each condition, 24 replicates were conducted on three indepen-
dently prepared plates following the HTS routine shown in Fig. 1, which
provided a robust basis for validating the predicted variability. Model

50
—_ Vy =0748* Vg +3.5
= rr =0.902
=2 40 oy, = 0.442
N O, = 0.0278
@ 30
S
=
o
> 20
[oR
3
°©
S 10
T

0

0 10 20 30 40 50 60
Resin volume Vg [uL]

Fig. 3. Trend line for hold-up volume measurements (n = 48 per resin volume)
across five pipetted POROS XS resin volumes, obtained in the characterization
experiment using NaNOs; as a tracer. The intercept and slope correspond to the
mean hold-up filter volume yy, and mean batch hold-up porosity 4, , respec-
tively. Associated standard deviations are oy, and o, .
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validity was defined as the ability to reproduce the observed spread in
I~<p based on the characterized parameter uncertainties, with the mean of
each measurement series expected to match Kjdeal. The precision of
these means was confirmed by the relative standard error, i.e. the Type-
A standard uncertainty of the mean (¢/+/n; [27]) expressed relative to
the mean, which ranged from 1.2% to 3.8% across all conditions and
thus indicates a reliable estimation of Kj, jgeal-

All experimental data was captured successfully, with an average
mass balance of ~ 97% after the strip steps. As pronounced evaporation
would be expected to concentrate the supernatant and thereby inflate
the apparent recovery beyond 100%, the near-complete closure ob-
tained here indicates that evaporation did not contribute substantially
under the applied conditions. The experimental and model-derived I~<p
distributions are summarized in Table 2, displaying heteroscedastic
behavior. Lower cnaci values, corresponding to higher K jgea values in
CEX, exhibit higher absolute SD. Across the K, range between 3 and 100
(cnaa < 260 mM), the experimental RSD remains below 10%, while it
increases slightly for the remaining conditions down to K, = 0.48, but
stays below 20%. Notably, this level of precision indicates that uncer-
tainty is small relative to the separation between the operational re-
gimes. Toward low Kp, the absolute standard deviation of K, decreases
continuously, while only the relative uncertainty increases, so that the
absolute measurement uncertainty becomes very small in this region.
Consequently, the screening workflow can robustly discriminate be-
tween distinct operational regimes, including bind-and-elute behavior
(K, > 100) and weak partitioning (K, ~ 0.1-20). Although the inves-
tigated conditions do not extend into the true flowthrough regime (K, <
0.1), the lowest observed partition coefficient of K, = 0.48 already lies
within the onset of the non-binding regime, and the favorable absolute-
uncertainty trend toward low K}, indicates that such conditions can be
reliably distinguished from weak partitioning regime [36]. The high
precision observed across these regimes indicates excellent repeatability
of this filter-plate-based HTS workflow and provides a reliable quanti-
tative basis for describing resin adsorption behavior, justifying the wide
application of comparable HTS workflows in process development.

Fig. 4 displays the experimental I~<p values determined on three in-
dividual plates. A power-law function was fitted to the mean values of
each condition (r* = 0.999), providing a continuous trajectory of K, jdeal
across the investigated cy,c; range. Based on the fitted trajectory of
Kpideal, Clos was calculated and is shown as the surrounding shaded
region. The calibrated uncertainty model captures the experimental
variability observed in the data. The pronounced heteroscedastic trend
is accurately reproduced. Although the model underestimates the
experimental SD by up to =~ 22% at 210 mM and 270 mM, the agreement
between modeled and observed uncertainty remains strong, particularly
given the inherent complexity of HTS workflows. These findings provide
strong confidence that the established modeling framework reliably
captures the dominant contributors to experimental variability in the
filter-plate-based HTS. Consequently, the framework enables uncer-
tainty quantification even when only single replicates are available, and
supports the definition of objective acceptance criteria for conditions
evaluated in duplicate. As discussed above, additional characterization
experiments are only required following workflow- or equi-
pment-specific changes to the presented HTS, rendering this approach
readily transferable and enabling systematic identification of the pri-
mary uncertainty drivers.

Additionally, the distribution characteristics of the experimental and
model-derived results, as well as the plate-to-plate variability, were
analyzed in more detail. Fig. 5 shows histograms of the kp values for
each plate, together with kernel density estimates (KDEs) of the com-
bined plates and modeled data across all cy,g conditions. The model
output appears approximately normal based on graphical diagnostics,
and Shapiro-Wilk tests do not reject normality for the experimental data
in 8 of 10 cases. Together, these results support estimating the K, jgeal
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Table 2
Overview experimental and model-derived K, distributions.
[mM] 200 210 220 230 240 250 260 270 280 290
Kp = Kpidear [] 90.98 49.40 25.85 13.10 7.16 3.96 2.29 1.35 0.80 0.48
Gexp [-] 7.931 4.461 1.52 0.828 0.514 0.228 0.181 0.175 0.097 0.0875
Gimodel [] 8.778 3.47 1.53 0.737 0.417 0.257 0.178 0.137 0.114 0.098
RSDexp [%] 8.72 9.03 5.88 6.32 7.18 5.76 7.90 12.98 12.14 18.42
RSDpmoder [%] 9.65 7.02 5.92 5.63 5.82 6.50 7.77 10.16 14.27 20.63
. atically varied, evaluating how changes ~in experimental precision
y =5.54e +32%x-134 translate into changes in the uncertainty of K, (Supplementary S6). This
T 12=0.999 enables risk-based method optimization, which is demonstrated for the
80 ‘ Clgs model present HTS workflow.
@ Measurement Fig. 6 summarizes the results, with subpanel (a) showing the SD of I~<p
e 60 induced by individual parameters and subpanel (b) presenting the cor-
= responding relative variance contributions of the individual error
40 sources as a percentage of the total variance. This representation was
chosen because SD conveys the absolute magnitude of uncertainty in I~<p,
20 whereas variance enables decomposition into parameter contributions
consistent with established variance-based sensitivity analysis methods
0 o [43]. As reflected by the trend of the SD in I~<p, the total uncertainty

180 200 220 240 260 280 300
Cnact [MM]

Fig. 4. Validation of model uncertainty. Experimental I~(P values from the case
study (n = 24 per solution) showing the spread of the measured partition co-
efficient across 10 NaCl concentrations (cyacy). The mean I~<p is fitted with an
exponential function to represent the trajectory of Kjjdea; the shaded band
denotes the model-derived 95% confidence interval.

trajectory from experimental means under the assumption of normality.
Regarding plate-to-plate variability, small plate-specific shifts are visible
under identical conditions, with the second plate generally showing
higher values. However, the distributions overlap strongly and fall well
within the model-predicted variability. Therefore, the observed plate-to-
plate variability can be attributed to the modeled parameter variability
and motivates further investigation of the underlying error sources in
the following section.

Lastly, sufficient convergence of the MC sampling was assessed by
monitoring the SD of K, and the relative residuals as a function of
sample size, using the maximum sample size as a reference. As shown in
Supplementary S4, the SD and relative residuals stabilized at approxi-
mately 5000 samples, indicating robust convergence of the MC esti-
mates (10,000 samples) and further supporting the reliability of the
generated results. The customary log transformation of I~<p values and
the resulting linearization were omitted in this study to preserve the
heteroscedastic trend and to facilitate identification of individual
parameter contributions.

4.3. Dominant experimental error sources contributing to uncertainty

The absolute and relative contributions of individual parameters to
the uncertainty in I~<p within the presented workflow were quantified
using an OFAT sensitivity analysis. This approach enables identification
of the dominant sources of uncertainty, providing insight into the
propagation of experimental errors and improving confidence in the
HTS-derived data. The validity of the OFAT approach relies on the
assumption of parameter independence and negligible interaction ef-
fects, supported by the close agreement between the total variance and
the sum of the single-parameter variances (£ 2% across most of the
Kjideat Tange; Supplementary S5). To connect the variance decomposi-
tion to actionable experimental refinement, we further performed
perturbation analyses in which the SD of each parameter was system-

exhibits heteroscedastic behavior. This behavior follows directly from
Eq. (7): although the parameter variances are constant, their contribu-
tions scale with K}, deal, leading to an increase in the propagated variance
of I~<p.

Two experimental error sources dominate the uncertainty across
nearly the entire range of K}, qea1: (i) uncertainty in the dispensed resin

volume Vi and (ii) uncertainty in the measured supernatant concen-
tration Cg,p. Together, these sources account for > 97% of the total
variance across most conditions in the investigated K jqcal Tange (Sup-

plementary S5). Variability in Vi causes a linear rise in the SD of I~<p with
increasing Kjjqeal, as a larger fraction of the equilibrium uptake is
inferred from the mass balance. In contrast, variability in Cs,p, leads to an
exponential increase in the SD of I?p across Kj, jgeal- This behavior arises
because Cqyp decreases with rising Kj, jqeal and, consequently, the relative
uncertainty of low-concentration measurements increases sharply as
shown in Fig. 2. These findings provide a physical explanation of the
observed heteroscedasticity and are in line with the hypothetical effects
described by Bergander and Lacki [18].

Based on these findings, resin slurry preparation and dispensing,
together with plate-specific biases in UV-based concentration mea-
surements, emerge as the primary drivers of plate-to-plate variability.
This interpretation is consistent with reported challenges associated
with self-prepared filter-plates [22,54] and with known micro-
plate-specific optical and geometric effects, as well as the intrinsic sus-
ceptibility of UV absorbance measurements to systematic inter-plate
variability [55,56]. In addition, operator-to-operator differences during
HTS execution may contribute to plate-level offsets, but are not
explicitly captured in the current model.

Importantly, the presented framework not only identifies these two
dominant error sources but also places them in relation to other error
sources and quantifies how their relative contributions evolve with
Kpideat- The variance contributions of Vg and Ceup exhibit symmetric,
opposing trends and intersect twice, thereby delineating distinct domi-
nance regimes. Cqyp dominates at very low Kpigear (< 1.44), where the
mobile phase concentration governs the measurement, and again at
higher Kjigea (>38.26), where Cqp approaches the lower limit of

quantification and measurement RSD increases markedly. Vz dominates
in the intermediate regime, where the stationary phase becomes
increasingly important, while concentrations remain sufficiently above
the quantification limit for concentration measurements. Consequently,
this regime-dependent dominance provides a rational basis for
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Fig. 5. Histograms of the experimental I~(p measurements from the three individual plates (n = 8 per solution per plate) are shown for all 10 NaCl concentrations.
Each panel overlays the KDE of the combined experimental dataset (dashed; n = 24) and the corresponding model prediction (solid). Shapiro-Wilk test results (W, p)
are reported for each combined experimental distribution.
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Fig. 6. Parameter contributions to uncertainty in the partition coefficient I~<p as
a function of the ideal partition coefficient K} jqca- (2) Standard deviation of I~<p
obtained from Monte Carlo OFAT simulations (one parameter perturbed at a
time; n = 10,000) and from the total uncertainty model (all parameters per-
turbed; n = 10,000). (b) Relative variance contributions of each parameter
reported as a percentage of the total variance (100% * Var;/Varar).

prioritizing optimization efforts toward the experimentally most rele-
vant Kp jgeal Tange.

Although the workflow already provides high precision, perturba-
tion analyses of the experimentally estimated SD indicate that optimi-
zation of slurry dispensing and supernatant concentration measurement
can still substantially improve overall precision across the full K, jgeal
range (Supplementary S6(c)). Such analyses are particularly valuable for
less optimized HTS setups, as they enable targeted method optimization.
To improve precision in resin handling, published strategies such as
generation of equally sized particle plugs, gravimetric calibration of
slurry dispensing, and in-line resin quantification can be evaluated
within the model framework established here [19-21]. With respect to
Coup, the perturbation analysis (Supplementary S6(f)-(g)) identifies the
absolute error term ay as the primary lever. Varying a; has a substan-
tially larger effect on both the SD and variance contribution to I~<p than
comparable changes in the relative term a;. This effect is most pro-
nounced at high K, jqea, Where Cqyp is low and measurement uncertainty
drives error propagation. Consequently, the most effective routes to
improved I~<p precision are lowering the effective limit of quantification
or, if further instrumentation or method optimization is not feasible,
increasing Cgyp through phase-ratio and/or loading adjustments, as dis-
cussed in the next section.

Among the other investigated input parameters, the load volume V;,
is the only parameter that contributes significantly to the variability of
I~<p across the full range of Kjjdear. Its absolute contribution increases

10
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linearly with K igea1, analogous to the behavior observed for Vk. This
shared behavior follows from Eq. (4), which shows that the inverse
phase ratio (Vg /Vi, = 1/p) scales the propagated uncertainty in I~<p lin-
early. Accordingly, accurate establishment of the phase ratio is critical
for reliable calculation of the stationary phase concentration and
therefore for accurate determination of K}, consistent with the literature
[18,51]. The perturbation analysis further demonstrates that the SD of
I~<p induced by uncertainties in VL and VR scales linearly with the
respective parameter uncertainty (Supplementary S6(b)-(c)); thus,
halving the parameter SD results in a proportional reduction in the SD of
I~<p. This linear relationship provides an effective lever for experimental
optimization. Given the already high precision of the liquid-handling
step (RSD = 1.16%), further improvements should preferentially
target the precision of resin distribution as discussed above (RSD =
4.38%).

The remaining parameters fall into two categories. First, the batch
hold-up porosity ¢, and the liquid hold-up volume associated with the
filter-plate frit Vi, which both contribute constant absolute values to the
SD of IZ'F (0.028 and 0.018, respectively). As shown by Eq. (4), both
parameters enter the expression as additive correction terms indepen-
dent of the equilibrium partitioning, and consequently their contribu-
tions do not scale with increasing K, jqea1- Physically, both parameters
represent the hold-up correction term Vg, which dilutes the mobile
phase concentration. Their influence is therefore most pronounced at
low K, and high cgp, where dilution effects have the largest absolute
impact [16]. Nevertheless, their relative contribution to the overall
uncertainty of I~<p remains limited to 7.67% (&,) and 3.10% (171:)-
Accordingly, the proposed determination of hold-up volumes is suffi-
ciently robust, and their associated uncertainty can be regarded as
negligible.

Second, uncertainties in the prepared protein loading solution ¢y s
and its analytical determination ¢, were evaluated. Although both
parameters exhibit a linear dependence on Kj, j¢ca1, their contributions to
the overall uncertainty remain negligible. This outcome is a direct
consequence of operation within the linear regime of the adsorption
isotherm, which is inherently reflected in the model structure, since
equilibrium partitioning is independent of protein concentration.

For the filter-plate-based HTS workflow presented here, all dominant
sources of experimental uncertainty were experimentally characterized,
propagated, and validated on a Tecan Fluent LHS, with no further error
contributions required to reproduce the observed variability. Beyond
this specific workflow, the framework is not limited to the error sources
investigated in this study. Workflow- or equipment-specific factors that
may become relevant for other assay configurations, such as conditions
used during evacuation of the supernatant (e.g., centrifugation speed,
centrifugation time, or vacuum level), alternative resin dispensing
strategies, resin-specific properties, modifications of analytical proced-
ures, uncertainties from buffer preparation (pH, NaCl concentration), or
evaporation effects, can be readily incorporated through experimental
characterization of the corresponding parameter distributions and sub-
sequent uncertainty propagation. As these factors were either kept
constant or rendered negligible in the present workflow, their assess-
ment was not required here and was intentionally left outside the scope
of this study. The framework nevertheless provides a general basis for
evaluating the impact of such variations whenever they become rele-
vant. Accordingly, different liquid-handling systems and their respective
calibration states may yield different SD or RSD values and therefore
need to be characterized independently.

4.4. Effect of phase ratio on the trade-off between precision and protein
demand

Adjustments to the experimental design, particularly through
changes in the phase ratio (§ = Vi./Vg), provide an effective lever to
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modulate the overall uncertainty of K, measurements by systematically
altering the underlying parameter values that drive uncertainty propa-
gation. In contrast to heuristic phase ratio selection, the proposed un-
certainty model enables a quantitative assessment of how f influences
both the attainable precision of I?p and the associated protein demand
per 96-well plate. This analysis is performed under constant resin
loading (5 g/L resin), fixed working volume Vi (225 pL), and experi-
mentally observed constant RSDs, as illustrated in Fig. 7. The framework
thus demonstrates its ability to compare alternative experimental de-
signs and to guide the rational selection of $ values that balance material
constraints and precision requirements of the intended HTS application.

The calculated response surface reveals a consistent trend:
decreasing f leads to a pronounced reduction in the SD of fq, across the
entire K, jqca range. At constant loading and V., lowering f increases the
effective resin volume while reducing the liquid volume. This shift raises
the equilibrium supernatant concentration Cgy, at a given Kp jgeal. The
uncertainty in Cqyp plays a dominant role in I?p variability. As shown
previously, the RSD of concentration measurements increases expo-
nentially at low analyte levels. Consequently, the increase in ¢y, leads to
a significant reduction in the uncertainty of I~<p, particularly at high
Kp,ideal~

In contrast, uncertainties in Vg and V;, do not introduce an intrinsic
p-dependence in the SD of I~<p. According to Eq. (7), their contribution
arises primarily through the ratio Vg/Vy, which scales the propagated
uncertainty with K}, j¢eal. To make this relationship transparent, Gaussian
error propagation is applied here as a complementary closed-form check
and yields

_ I 2 2
Gy, =1/P \JRSD +RSD?,

This expression shows that the f-dependence of the SD of the phase
ratio is negligible, as the RSDs of V; and Vi are small and constant.
Consequently, the SD of Vy/V, remains approximately invariant with
respect to . Since the remaining input parameters contribute only
marginally to the overall variance, the observed trend in the SD of IZ'F is
dominated by f-dependent changes in the supernatant concentration
and the associated measurement precision.

A potential limitation of the present analysis is that p-dependent

changes in the RSD of VL, VR, €, and Vg are not considered, as their
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quantification would require additional calibration experiments. This
limitation is most relevant for the RSD of V;, and VR, whereas the dis-
tributions of &, and Vy are independent of §. Nonetheless, qualitative
considerations suggest that inclusion of such effects would likely rein-
force the observed trends. Within the investigated range of f, the
dispensed liquid volumes vary moderately (Vi 113-222 uL), a regime
in which automated LHS typically exhibit near-constant relative preci-
sion [34]. In contrast, increasing f8 necessarily reduces Vg to only a few
microliters, where accurate and reproducible dispensing of resin slurries
becomes increasingly challenging [21]. As a result, the RSD of Vg is
expected to increase with increasing f, introducing an additional
p-dependent contribution to the propagated uncertainty. Accounting for
this effect would further penalize large $ values and reinforce the pre-
dicted reduction in K, uncertainty at lower § values.

From a design perspective, these findings define phase ratio selection
as an optimization problem balancing measurement precision against
material consumption. Lower f values markedly improve analytical
precision but require increased protein mass, whereas higher g values
reduce material demand at the expense of elevated uncertainty. The
framework therefore enables direct visualization of this trade-off by
jointly reporting the predicted I~<p uncertainty and the corresponding
protein demand per 96-well plate for each g (Fig. 7). In the present HTS
case, protein requirements span more than an order of magnitude,
ranging from 2.12 mg (f = 50, Vg = 4.412 uL) to 54 mg (B =1, Vg =
112.5 pL). At the same time, the predicted SD of I~<p decreases by >50%
across the full range of K, jgeal-

On this basis, application-dependent recommendations for phase-r-
atio selection can be directly derived. For early-stage resin and condi-
tion screening, where relative ranking rather than absolute K;, accuracy
is required and protein availability is often severely limited, higher g
values in the range of ~ 20 offer a practical compromise for the pre-
sented HTS workflow. They combine low material demand and
acceptable precision, while avoiding impractically small resin volumes.
For applications requiring high quantitative fidelity (mechanistic
modeling and downstream column-scale predictions) the uncertainty
analysis strongly favors operating at low $ values to minimize propa-
gated error in kp. However, this preference must be balanced against
physicochemical feasibility constraints. As shown by Ram et al [39],
phase ratios below approximately # ~ 4 may violate the limit of detec-
tion or isotherm-linearity criteria, leading to systematic bias rather than

® & 3 I3 2 3
SD K, [-]

ES

N

Kp, ideal [']

Fig. 7. Response surface of the predicted standard deviation of I?p as a function of the ideal chromatographic partition coefficient K}, j3ca and the phase-ratio . Color

encodes the Monte-Carlo-derived standard deviation for each (K} jqeal, #) combination. The corresponding protein mass demand per 96-well plate is shown on the
secondary y-axis as a function of . The red dashed line indicates the § used in the POROS XS experimental case study.
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mere random error. Accordingly, optimal designs for high-precision
applications are found near the lower boundary of the feasible operating
regime, typically in the range  ~ 4-8, where measurement precision is
maximized without compromising validity. This corresponds to a

20-70% reduction in the SD of I~<p across the K, jqea range (=20 to f=5).

5. Conclusion

Filter-plate-based high-throughput screening of the chromatography
partition coefficient K}, is widely used in purification process develop-
ment, yet quantitative guidance on how experimental uncertainty
propagates across the relevant equilibrium range and how it can inform
assay design has been lacking.

Here, we developed and validated an experimentally calibrated
Monte Carlo uncertainty-propagation framework that quantifies total
uncertainty in a filter-plate-based K, screening on a Tecan Fluent LHS
and decomposes it into parameter-specific contributions. Parameter
distributions of all relevant inputs to the representative workflow (liquid
and slurry dispensing, hold-up parameters, and analytical readouts)
were obtained from targeted characterization experiments. The model
accurately reproduced the magnitude, K,-dependent heteroscedasticity,
and plate-to-plate variability observed in a mAb monomer case study on
POROS XS.

Variance decomposition showed that resin slurry distribution and
supernatant concentration measurements account for approximately
97% of the total variance across the investigated K, jqca1 range. Beyond
identifying dominant error sources, the framework resolves their
regime-dependent relevance across the Kj, jqca range. It further exposes a
clear trade-off between measurement precision and protein demand
governed by phase ratio f, enabling the derivation of application-
specific phase ratio recommendations.

Importantly, the calibration effort is largely workflow- and equi-
pment-specific. Once parameter distributions are established for a given
setup (and resin format), they can be reused for subsequent proteins
under identical assay conditions. Only minor adjustments are required
for the UV-based concentration conversion, which depends on the pro-
tein-specific extinction coefficient.

Beyond this representative workflow, additional workflow- or
equipment-specific error sources, such as pH and buffer variability, can
be readily integrated into the established framework through targeted
characterization when necessary. A particularly valuable extension
would be the application to multi-species systems, allowing uncertainty
quantification of separation factors between monomer and aggregates.

Overall, this approach transforms filter-plate-based HTS from an
empirical screening tool into a quantitatively guided and design-driven
methodology, providing a general basis for uncertainty-aware experi-
mental design in chromatographic process development.
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