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Polysorbate degradation by host cell-derived hydrolases presents a critical challenge in biopharmaceutical
formulations. It can lead to fatty acid release, particle formation and reduced product stability. Mass spec-
trometry-based host cell protein (HCP) analysis is widely used for HCP identification, but detection becomes
challenging in formulations where monoclonal antibodies are present in large excess. In such cases, hydro-
lases can remain undetected, despite being enzymatically active at trace levels.
In this study, we demonstrate that individual CHO-derived hydrolases generate distinct polysorbate degrada-
tion fingerprints that can be detected by reverse phase ultra performance liquid chromatography coupled to
mass spectrometry (RP-UPLC-MS) and classified using supervised machine learning. Models were trained on
single time point fingerprints comprising approximately 50 measurements for five hydrolases (CES1F,
CES2C, LPLA2, PPT1 and PAF-AH). Evaluated algorithms included Logistic Regression, Random Forest, Gradi-
ent Boosting, Support Vector Classifier, AdaBoost, and Artificial Neural Networks. Seven out of eight models
achieved 100 % accuracy on the test set, confirming that enzyme-specific information is preserved in single
measurements in the presence of individual enzymes, independent of enzyme concentration or degradation
time.
External validation using an independently prepared hydrolase spike sample confirmed the robustness of the
models. Prediction confidence was high at early degradation stages and decreased at late stages, as enzyme-
specific degradation fingerprints became more similar. This work presents an activity-based classification
framework for the functional identification of polysorbate degrading hydrolases. The approach supports
downstream monitoring and risk-based mitigation strategies by identifying the enzymes that drive polysor-
bate hydrolysis under formulation conditions.

© 2026 The Authors. Published by Elsevier Inc. on behalf of American Pharmacists Association®. This is an

open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)

Introduction

lead to the release of free fatty acids and the formation of visible and
subvisible particles.'? Notably, enzymatic degradation can occur even

Polysorbates, particularly polysorbate 20 (PS20) and polysorbate
80 (PS80), are widely used as non-ionic surfactants in monoclonal
antibody formulations.! Their primary function is to stabilise thera-
peutic proteins in the final drug product by preventing interfacial
stress, aggregation, and particle formation.® Polysorbates are chemi-
cally highly heterogeneous mixtures consisting of a sorbitan or iso-
sorbide core, polyoxyethylene (POE) chains and esterified fatty acids,
resulting in hundreds of distinct molecular species.*”

Despite their stabilising properties, polysorbates are susceptible
to chemical and enzymatic degradation.~'! Of particular concern is
the hydrolysis of polysorbates by host cell proteins (HCPs), which can
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at trace concentrations, highlighting the need for sensitive detection
methods.!*'*

The functional identification of hydrolases in complex formula-
tions remains a significant analytical challenge.!® Mass spectrometry
(MS)-based proteomics is widely used for HCP profiling in biophar-
maceutical development. However, its application to formulated
drug products is limited. High antibody concentrations (>100 g/L)
dominate the MS signal and can leave trace level impurities unde-
tected. Furthermore, not all HCPs are enzymatically active under for-
mulation conditions, and only a small subset contributes to
polysorbate degradation.'®~'” The lack of correlation between
enzyme abundance and functional activity further complicates risk
assessment and targeted mitigation.

0022-3549/© 2026 The Authors. Published by Elsevier Inc. on behalf of American Pharmacists Association®. This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/)


http://crossmark.crossref.org/dialog/?doi=10.1016/j.xphs.2026.104355&domain=pdf
http://creativecommons.org/licenses/by/4.0/
mailto:Patrick.Garidel@boehringer-ingelheim.com
https://doi.org/10.1016/j.xphs.2026.104355
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.xphs.2026.104355
http://www.ScienceDirect.com
http://www.jpharmsci.org

2 M. Maier et al. / Journal of Pharmaceutical Sciences 115 (2026) 104355

Several activity-based assays for assessing polysorbate degrada-
tion have been reported previously, including fluorescence-based
esterase assays and activity-based protein profiling probes.'®~2°
These approaches offer high sensitivity and throughput and are valu-
able for screening overall hydrolytic potential. However, because
they rely on indirect readouts, their results do not necessarily corre-
late quantitatively with actual polysorbate degradation under formu-
lation conditions.?!

Identifying which specific hydrolases are responsible for polysor-
bate degradation is therefore critical for risk-based process develop-
ment. Such knowledge can guide interventions during upstream and
downstream processing, for example by implementing targeted gene
knockouts in production cell lines or by targeted optimisation of puri-
fication steps.*?~%°

Previous studies have shown that individual hydrolases exhibit
distinct substrate preferences, resulting in characteristic degradation
patterns or ‘fingerprints’.?!?° These fingerprints reflect the enzyme’s
specificity towards different polysorbate species and can be captured
using reverse phase ultra performance liquid chromatography cou-
pled to mass spectrometry (RP-UPLC-MS). The RP-UPLC-MS finger-
printing approach directly measures polysorbate degradation using
polysorbate itself as the substrate. This allows enzyme-specific degra-
dation patterns and substrate selectivity to be resolved rather than
providing a generic activity readout.

Because these fingerprints are highly complex and contain a lot of
co-elution of PS species, manual integration is not feasible. Recent
advances in artificial intelligence and machine learning have shown
that algorithmic pattern recognition approaches significantly outper-
form manual evaluation in settings involving highly multidimen-
sional or co-eluting chromatographic and MS signals. Al-based
feature extraction methods have become widely used in analytical
chemistry to simplify complex datasets, reduce integration bias, and
enable consistent feature extraction.”””® Therefore, an in-house
developed generative model was employed to analyse the MS finger-
prints and extract the intensities of the individual PS species that are
the features later used for classification.?® Since there are 35 PS spe-
cies extracted, manual interpretation is cumbersome and not reliable.

As mentioned before, at a feature space of 35-dimension algorithmic
pattern recognition approaches outperform manual evaluation by
far. To address this challenge a comprehensive comparison across dif-
ferent model types, with divers learning paradigms, such as Logistic
Regression (logReg), Random Forest Classifier (RFC), and Artificial
Neural Networks (ANNs) to differentiate hydrolases based on their
degradation fingerprints. Machine learning algorithms have been
successfully applied in biopharmaceutical analytics. For example,
they can be used to predict product quality from LC-MS data, select
excipient for drug product formulations,*° or interpret UV-based
measurements for process monitoring and sub-visible particle
classification.>!*? They can also be used to determine whether a pro-
cess is running under normal or critical conditions.>!*? Their ability
to detect subtle, multidimensional patterns makes them suitable for
differentiating hydrolases based on degradation fingerprints.

In this work, we demonstrate an activity-based classification
approach that combines RP-UPLC-MS fingerprinting with supervised
machine learning algorithms to identify polysorbate degrading
hydrolases from single measurements.

Materials and methods

An overview of the experimental and computational workflow
from enzymatic degradation to model validation is illustrated in
Fig. 1. It comprises (i) enzymatic degradation of polysorbate-contain-
ing formulations, (ii) acquisition of degradation fingerprints by RP-
UPLC-MS, (iii) data preprocessing and normalisation, and (iv) super-
vised machine learning for hydrolase classification. The following
sections describe each step in detail.

Materials

Polysorbate 20 high purity (PS20 HP) was obtained from Croda
GmbH (Nettetal, Germany). Polysorbate hydrolases were produced
in-house at Boehringer Ingelheim Pharma GmbH & Co. KG (Biberach
an der Riss, Germany). Histidine and sodium chloride of parenteral
grade were purchased from Sigma-Aldrich (St. Louis, USA).

Machine learning Models

Feature importance | < ----

Extraction of PS species
and normalisation

Feature selection

Training set (80 %) Test set (20 %)

Model building Performance metrics

Final classification models

Fig. 1. Overview of the experimental and computational workflow. CHO-derived hydrolases were incubated with polysorbate 20 HP-containing formulations and analysed by RP-
UPLC-MS over hydrolase-specific time courses. Species were extracted via generative modelling, and intensities were normalised to the initial timepoint, with the data compiled
into a fingerprint dataset comprising five hydrolases, each with up to 50 timepoints and 23 polysorbate species. The dataset was split into training (80 %) and test (20 %) sets, and dif-
ferent classifiers were trained. The final models were then applied to external validation samples.
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Table 1
Expressed and purified polysorbate hydrolases with abbreviations and their Uniprot
accession numbers.

Uniprot Protein name Gene name

accession no.

AOA06117 x 9 CESTF (Liver carboxylesterase B-1-like protein) Ces1f

G3IIG1 CES2C (Carboxylic ester hydrolase 2C) Ces2c

G3HKV9 LPLA2 (Group XV phospholipase A2) Pla2g15

AOA8C2M2A7 PAF-AH (1-alkyl-2-acetylglycerophosphoch Pla2g7
oline esterase)

G3HN89 PPT1 (Palmitoyl-proteinthioesterase 1) Ppt1

Recombinant expression and purification of hydrolases

Recombinant hydrolases (Table 1) were recombinantly expressed
and purified as previously described.'” Each protein was produced
using a stably expressing Chinese Hamster Ovary CHO cell line, fol-
lowed by orthogonal affinity chromatography and polishing steps.

In addition to the five hydrolases included in this study (CES1F,
CES2C, LPLA2, PPT1 and PAF-AH), several other CHO-derived hydro-
lases previously reported to exhibit polysorbate-degrading activity
were initially evaluated under identical formulation-relevant condi-
tions. However, within the experimental time window, no measur-
able polysorbate degradation was observed for these candidates.
Prolonged incubation led to the onset of oxidative polysorbate degra-
dation in the corresponding blanks, which precluded a reliable
assessment of low enzymatic activity. Consequently, these hydrolases
were not included in the subsequent fingerprinting analyses.

Sample generation and degradation fingerprint acquisition

Each purified hydrolase was incubated individually in 10 mM his-
tidine pH 6 containing 0.4 gL' PS20 HP at room temperature in
Eppendorf tubes (Eppendorf, Hamburg, Germany). To closely reflect
actual conditions, a low hydrolase concentration of 20 ng-mL™! was
chosen (protein concentration determined by UV absorbance at
280 nm). Samples were collected over a total duration of up to
50 days. To capture both early and late degradation stages, a non-uni-
form sampling scheme was applied, with denser sampling at the
beginning of the incubation and wider intervals at later stages, result-
ing in up to 50 sampling time points per hydrolase.

Polysorbate blanks (no enzyme added) were monitored in parallel
under identical conditions. Oxidative degradation in the blank
became apparent after approximately two months of incubation, and
time points beyond the onset of measurable oxidative degradation
were therefore excluded for hydrolases that did not show enzymatic
activity within the initial monitoring period. At each time point, sam-
ples were analysed by RP-UPLC-MS and PS subspecies were extracted
via generative modelling to quantify the relative abundance of differ-
ent PS species accordingly to Roelants et al. 2025.%° Peak intensities
were normalised to the initial time point (ty) to generate degradation
fingerprints for each hydrolase.

Fingerprint dataset preprocessing and feature selection

The complete dataset comprised normalised intensity values for
up to 50 time points across 35 polysorbate (PS20) subspecies per
hydrolase. During initial data evaluation, particularly in strongly
degraded samples, outliers in PS subspecies were identified, suggest-
ing potential inaccuracies in the extraction process. The extraction
process was performed accordingly to Roelants at al. 2025.%° To
ensure data reliability, all polysorbate subspecies were manually
re-evaluated for the presence of outliers. Given the relatively large
feature space (35 PS20 subspecies) compared with the dataset size,
subspecies showing even a small number of outlier events were

excluded to obtain a clean input dataset and minimise potential bias
in the evaluated models.

It has been established that PS20 and PS80 hydrolysis invariably
yields free sorbitan, isosorbide, and POE species. Consequently, these
subspecies are consistently present at high levels. As they lack infor-
mative properties for distinguishing among hydrolases, they were
thus excluded from the classification. Furthermore, the feature
importance score of the Random Forest Classifier was also considered
during the reduction of the number of features.

This refinement reduced the number of subspecies from 35 to 23,
a step taken to minimise bias and enhance the performance and
interpretability of subsequent classification models.

To focus the classification exclusively on degradation patterns, all
sample profiles were normalised to the initial reference sample. This
normalisation strategy ensures that classification is based solely on
the relative ratio among the 23 selected subspecies at each sampling
time point. Consequently, metadata such as time, enzyme concentra-
tion, enzymatic activity, and overall PS concentration were excluded
from the classification input, as they are not required for capturing
the intrinsic degradation signature.

Model training and evaluation

All computational analysis were conducted in Python using Scikit-
Learn, Numpy, Pandas and Tensorflow. The processed fingerprint
dataset was randomly divided into training (80 %) and test (20 %) sub-
sets using stratified sampling to preserve class balance among the
five hydrolases (CES1F, CES2C, LPLA2, PPT1, and PAF-AH).

Eight supervised classification models were evaluated for their
ability to assign the correct hydrolase based on their individual deg-
radation fingerprint profile. Therefore, multiple model classes were
evaluated, including linear models (Logistic Regression), tree-based
ensemble models (Random Forest, Gradient Boosting, AdaBoost), ker-
nel-based classifiers (Support Vector Classifier), and Artificial Neural
Networks of varying depth (Tables 2 and 3). These model types were
selected to represent complementary learning paradigms and to
assess whether hydrolase-specific information is consistently cap-
tured across conceptually different algorithms.

The models were tested for the following parameters listed in
Tables 2 and 3. The models and the best performing parameters are
as followed: Logistic Regression (multi class: ovr, penalty: L2 regular-
ization, solver: 1bfgs), Random Forest (estimators: 120, bootstrap:
False, max features: 3), Gradient Boosting (learning rate: 1.5, max
depth = 3, 100 estimators), Support Vector Classifier (RBF kernel,
C = 1.0). Additionally, three Artificial Neural Networks were imple-
mented. Since the dataset is relatively small, drop out rates were

Table 2
Hyperparameters evaluated for supervised classification models during model training
and optimization.

Model Hyperparameter Values
Logistic Regression solver ['saga’, 'Ibfgs’]
(logReg) multi_class ['ovr’, ' multinomial’]
penalty ['12,°117]
C ['logspace(0,4,10), "logspace(0,4,15)’,
"logspace(0,4,20)']
Random Forest Classifier n_estimators [60, 90, 120, 150, 200]
(RFC) max_features [2,3,4,5,10]
bootstrap [True, False]
AdaBoost n_estimators [50, 100, 150, 200]
(AB) learning_rate [0.01,0.1,0.2,0.5]
Gradient Boosting n_estimators [5, 20, 40, 100]
(GB) max_depth [3,5,10, 20]
learning_rate [0.01,0.1,0.3, 0.6, 1.0, 1.5, 2.0]
Support Vector Classifier C [0.01,0.1,1]
(SVC) kernel ['rbf, 'sigmoid’]
degree [2,3,4]
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Table 3
Architecture and configuration details of Artificial Neural Networks (ANNs) for hydrolase classification.
Model Hidden layers Dropout Output activation Loss function Optimizer Classes Mutually exclusive
ANN-1 23 - 16 None Softmax Sparse categorical cross-entropy Adam 5 Yes
ANN-2 23> 64— 32— 16 30%,30%,20% Softmax Sparse categorical cross-entropy Adam 5 Yes
ANN-3 23 -64—-32—-16 30%,30%,20% Sigmoid Sparse categorical cross-entropy Adam 5 No

chosen with 20-30 % for the multi-layer neural networks (ANN-2
and ANN-3) to reduce the possibility of overfitting.>®> More detailed
specifications of the models are shown in Table 3. Hyperparameter
tuning was performed using five-fold cross-validation on the training
set. Performance metrics included accuracy, macro-averaged F1-
score, and class-wise precision and recall.

Feature importance scores were extracted from tree-based mod-
els, highlighting which polysorbate species contributed the most to
hydrolase differentiation.

External validation and application to unknown samples

To evaluate the performance of the trained classification models,
two types of external samples were analysed. For the first scenario
that was used for validation, a formulation containing polysorbate
was spiked with a known CHO-derived hydrolase, PAF-AH. Impor-
tantly, the PAF-AH used for this validation experiment originated
from an independent expression and purification campaign and was
therefore distinct from the enzyme material used to generate the
training dataset. This design ensured that the validation samples
were fully independent at the enzyme batch level and had not been
seen by the model during training. PAF-AH was spiked to a final con-
centration of 500 ng-mL!.

The spiked formulation was incubated in 10 mM Histidine at pH 6
and samples were collected at four incubation time points. Each sam-
ple was analysed by RP-UPLC-MS to generate a degradation finger-
print that was then submitted to the trained models. This approach
allowed assessment of whether the models could correctly identify
the responsible hydrolase from a single measurement. For the appli-
cation to an unknown sample, a purified monoclonal antibody formu-
lation containing polysorbate 20 was analysed. The antibody
concentration was 50 mg-mL™' and the initial PS20 concentration
was 0.4 mg-mL™.

The samples were subjected to RP-UPLC-MS analysis to generate a
degradation fingerprint. The host cell protein composition and

hydrolase content of this formulation were unknown. The fingerprint
was submitted to the trained model, and the model was used to
assign the most likely hydrolase class based on the learned degrada-
tion patterns.

Results and discussion
Overview of polysorbate hydrolase activity

To assess the activity of CHO-derived hydrolases under formula-
tion relevant conditions, enzymes were incubated in a 10 mM histi-
dine formulation (pH 6) at 0.4 mg-ml™' PS20 HP. To reflect realistic
levels that may occur in drug product formulations,'* 20 ng-ml! of
the respective hydrolases were added to the formulations. Degrada-
tion was monitored over several weeks at 25 °C, and the residual
PS20 content was quantified by RP-UPLC-MS (Fig. 2). Among the
tested enzymes, CES1F, CES2C, LPLA2, PAF-AH and PPT1 exhibited
clear hydrolytic activity. CES1F and LPLA2 showed the most rapid
degradation, while PAF-AH was the least active among the five
enzymes. These findings confirm previous reports that these hydro-
lases are capable of degrading polysorbates.'>!” Importantly, the
observed activity occurred at very low enzyme concentrations,
highlighting their potential relevance for product stability.

It has been demonstrated that a number of hydrolases, including
LPL, LIPA, CES1 and IAH1, are active against polysorbate.'>!” These
enzymes have also been tested here; however, at a concentration of
20 ng-mL!, no measurable PS degradation was observed within the
first weeks. Extended incubation of these samples led to oxidative
degradation in the polysorbate blank. This indicates that their activity
is lower compared to the five enzymes highlighted above. These
enzymes were therefore not spiked at artificially high concentrations
(in the wg-mL! range) and excluded from further fingerprinting and
classification analysis. Nevertheless, the presented framework can be
extended to incorporate additional enzymes as more data becomes
available.
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Fig. 2. Degradation of PS20 HP (0.4 mg-mL™') by CHO-derived hydrolases at 20 ng-mL™"

Time / Days

. PS content was quantified via RP-UPLC-MS and normalised to the initial PS concentration.

Each colour represents a different hydrolase: CES1F (purple), CES2C (blue), LPLA2 (orange), PAF-AH (red) and PPT1 (green). Please note that only selected time points are shown for

clarity.
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Distinct fingerprint patterns across hydrolases

To assess the separability of hydrolase-specific fingerprints, the
normalised intensities of polysorbate species were visualised using
pair plots. Each fingerprint corresponds to a single time point of a
hydrolase incubation and represents normalised intensities of indi-
vidual polysorbate species relative to the initial time point (tp). Pair
plots were generated using a subset of selected polysorbate species:
S08, S12, 108, S12/12/14, S12/12/16, S10 and POE10 (Fig. 2). These
species were chosen based on their high feature importance scores
(Fig. 5) and chemical diversity, including both short- and long-chain
esters. Each point represents the normalised intensities of two poly-
sorbate species at one time point, resulting from the activity of one
hydrolase. These visualisations allow the comparison of relative spe-
cies abundances between enzymes. The diagonal histograms show
the distribution of each species individually by hydrolase class. Nota-
bly, several species combinations exhibit well-separated clusters,
indicating class-specific degradation patterns.

CES2C and CES1F form compact and for some of the species non-
overlapping clusters. This suggests that, despite their shared classifi-
cation as carboxylesterases, the two enzymes generate distinct deg-
radation patterns for some of the PS subspecies. Especially in plots
like S12 vs 108, CES1F and CES2C show well-defined separable clus-
ters. This supports previous biochemical findings that CES1F and
CES2C differ in their substrate preferences.**

PAF-AH forms a distinct cluster in the SO8 vs S12 plot, indicating it
can be differentiated from other enzymes using specific species com-
binations.

LPLA2 shows broader or even bimodal profiles for several species
such as POE10 and S12. This may be due to non-linear degradation
kinetics, where initially a rapid degradation (high affinity towards
certain subspecies) can be observed that slows down over time (sub-
species with little affinity are hydrolysed). In some scatter plots, the
data points, which represent the paired normalised intensities of two
polysorbate species, are spread across the full range, showing high
variability but still with a recognizable pattern.

PPT1 shows a preference for triester species, especially S12/12/14
and S12/12/16. This is reflected in the diagonal histograms, where
the intensities are close to zero, indicating rapid and consistent deg-
radation of these species. In contrast, monoesters such as S10 and
S12 retain high intensities, suggesting low activity on these sub-
strates. In scatter plots that include triesters, PPT1 forms a distinct
cluster, making it clearly distinguishable from the other hydrolases
due to its pronounced triester selectivity.

Overall, this visualisation illustrates the differences between
hydrolase degradation fingerprints. As the data is normalised to the
initial time point, the observed differences are independent of the
absolute degradation time or enzyme concentration, allowing direct
comparison between fingerprints even when the time point is
unknown. The class-specific clustering across multiple species sug-
gests that polysorbate degradation fingerprints contain sufficient dis-
criminatory information for hydrolase classification and provide the
basis for supervised model training.

Classification model performance

To evaluate whether the degradation fingerprints are sufficient to
predict the responsible hydrolase, different classification approaches
were compared (Tables 2 and 3). Models were trained on normalised
fingerprints from five CHO-derived hydrolases, using 80 % of the
dataset for training and 20 % for testing. Each fingerprint represented
a single time point and contained normalised intensities of 23 poly-
sorbate species. Due to the normalisation only the ratios at a specific
time point of the used PS20 species is evaluated, therefore the classi-
fication is independent of the PS concentration itself. Furthermore,
no information on incubation time or enzyme concentration was

included, ensuring that predictions relied solely on the degradation
pattern.

The models evaluated in this study were Logistic Regression (log-
Reg), Random Forest Classifier (RFC), Gradient Boosting (GB), Ada-
Boost (AB), Support Vector Classifier (SVC), and three Artificial Neural
Networks (ANNs) of either increasing depth or designed for multi-
class classification (Tables 2 and 3).

Fig. 4 shows the confusion matrices for the results of the seven
top-performing models and for AdaBoost. Logistic Regression, Ran-
dom Forest, Gradient Boosting, Support Vector Classifier and all three
ANNSs achieved perfect classification (accuracy = 1), producing identi-
cal confusion matrices. These results confirmed that even closely
related fingerprint patterns (e.g. CES1F and CES2C) could be reliably
separated without misclassifications. AdaBoost showed slightly lower
performance (accuracy = 0.92), with occasional misclassifications
between CES1F and CES2C and one misclassification of LPLA2 as
CESTF. Although pair plots of selected species (Fig. 3) reveal distinct
clusters for CES1F and LPLA2, this model still misclassified these
enzymes.

Overall, the results demonstrate that all evaluated models, except
AdaBoost, can accurately identify the enzyme from a single time
point fingerprint, confirming that the relevant discriminatory fea-
tures are embedded in the degradation pattern itself rather than
requiring kinetic information.

Feature importance and contribution of PS species

To understand which species contributed most to classification
performance, feature importance scores were extracted from the
trained Random Forest model (Fig. 5). These scores reflect how often
and how effectively each species was used to split the data during
training. A higher importance score indicates that the species was
frequently used in decision splits and significantly improved class
separation. Among these, the monoester S08 emerged as the most
informative feature, followed by the triester species S12/12/14 and
S12/12/16, and the isosorbide-based species 108. Additional contribu-
tors included S12 and S12/18, although their influence was compara-
tively lower.

This matches previous observations in the pair plots, where
enzymes showed specific patterns in these species. For example,
PPT1 consistently led to a rapid and complete depletion of triesters,
resulting in near-zero intensities across time points. This makes these
species particularly useful for distinguishing between hydrolases.
PAF-AH showed a pronounced degradation of the monoester SO8
while CES2C and CES1F showed distinct patterns for combinations
with 108 species.

From a practical perspective, the feature importance patterns sug-
gest that only a subset of polysorbate species is required for robust
enzyme classification. This indicates that future models could be built
on a reduced set of species, potentially decreasing data complexity
while maintaining classification accuracy.

External validation with spiked samples

To assess the robustness of the classification models beyond the
internal test set, an external validation was performed using a formu-
lation sample spiked with the hydrolase PAF-AH. This sample was
generated independently of the training dataset and was analysed at
four individual time points (t;-t4). The goal was to assess whether the
trained models could correctly assign the enzyme class based on the
polysorbate 20 fingerprint. Table 3 summarizes the classification
probabilities for each model across the four time points. The results
demonstrated that most models correctly identified PAF-AH at early
degradation stages with high confidence, while prediction certainty
decreases at later time points (Fig. 6).
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This observation indicates that fingerprint-based classification has
inherent limitations at advanced degradation stages. Initially, degra-
dation patterns are enzyme-specific and well-defined, allowing mod-
els to confidently assign classes. However, as degradation progresses,
many species are already degraded, and the fingerprints become less
distinctive. Consequently, specific fingerprint markers disappear and
become non-detectable, reducing classification accuracy and increas-
ing the likelihood of misclassifications. This highlights the impor-
tance of considering degradation stage when applying fingerprint-
based approaches.

Gradient Boosting and Logistic Regression achieved perfect or
near-perfect confidence for the first two samples, whereas confi-
dence dropped substantially for the last sample, which was misclassi-
fied by Gradient Boosting as PPT1 with full certainty. Random Forest

and Support Vector Classifier also showed declining confidence over
time, although Support Vector Classifier maintained correct predic-
tions across all four samples. AdaBoost exhibited moderate perfor-
mance, correctly classifying early samples but misclassifying the
latest time point.

ANN-2 and ANN-3 maintained high confidence for PAF-AH across
all time points, outperforming several tree-based models, while
ANN-1 showed inconsistent predictions and even misclassified late-
stage samples. A likely reason is that ANN-1 has only one hidden
layer and is therefore too shallow to capture the more complex pat-
terns in the data. ANN-2 and ANN-3, which each contain three hidden
layers, seem to extract these features more effectively. This allows
them to correctly classify PAF-AH even when PS20 is already heavily
degraded.
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Fig. 6. Predicted probability for an external PAF-AH spike sample. Predictions are shown for four samples taken at increasing degradation time points (sample t1 = earliest, sample
t4 = latest) for eight models: Logistic Regression (logReg), Random Forest (RFC), Gradient Boosting (GB), Support Vector Classifier (SVC), AdaBoost (AB), and three Artificial Neural
Networks (ANN-1, ANN-2, ANN-3). Probability values range from 0 to 1, with 1.0 indicating the highest level of confidence in a correct prediction. Bars are colour-coded by model.
Most models show high confidence at the earliest time points, while confidence decreases at later stages, reflecting reduced fingerprint specificity due to extensive degradation.

These findings have important implications for more complex sce- of any single class. Models that rely predominantly on a small set of
narios, such as mixtures of hydrolases in formulated drug products. dominant features, such as tree-based classifiers, tend to perform
At advanced degradation stages, fingerprints may reflect overlapping poorly under these conditions. In contrast, deeper neural networks
activity patterns from multiple enzymes, reducing the distinctiveness may benefit from their ability to integrate information across a large
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Table 4
Model-based classification probabilities for external test data using a PAF-AH spiked sample.
Model Sample CES1F CES2C LPLA2 PPT1 PAF-AH
Logistic Regression t1 0.00 0.00 0.00 0.00 091
2 0.00 0.00 0.00 0.01 0.99
t3 0.00 0.00 0.00 0.50 0.50
t4 0.00 0.00 0.00 0.56 0.44
Random Forest Classifier
t1 0.01 0.00 0.01 0.00 0.98
t2 0.00 0.00 0.08 0.20 0.72
t3 0.01 0.06 0.06 0.47 0.45
t4 0.02 0.21 0.21 0438 0.25
Gradient Boosting
t1 0.00 0.00 0.00 0.00 1.00
t2 0.00 0.00 0.00 0.00 1.00
t3 0.00 0.00 0.00 0.24 0.76
t4 0.00 0.00 0.00 1.0 0.00
Support Vector Classifier
t1 0.03 0.11 0.08 0.07 0.72
t2 0.03 0.07 0.05 0.22 0.64
t3 0.04 0.06 0.05 0.31 0.54
t4 0.04 0.07 0.07 0.28 0.54
AdaBoost
t1 0.00 0.16 0.00 0.00 0.84
t2 0.00 0.00 0.00 0.07 0.93
t3 0.00 0.00 0.00 0.08 0.92
t4 0.00 0.01 0.00 0.52 0.47
ANN-1
t1 0.00 0.00 0.00 0.00 1.00
t2 0.00 0.00 0.00 0.01 0.99
t3 0.00 0.00 0.00 0.99 0.01
t4 0.00 0.00 0.00 0.99 0.01
ANN-2
t1 0.00 0.00 0.00 0.00 1.00
2 0.00 0.00 0.00 0.00 1.00
t3 0.00 0.00 0.00 0.01 0.99
t4 0.00 0.00 0.00 0.01 0.99
ANN-3
t1 0.00 0.49 0.01 0.56 1.00
t2 0.00 0.13 0.01 0.83 1.00
t3 0.00 0.01 0.00 1.00 1.00
t4 0.00 0.02 0.13 0.95 1.00

number of features, enabling them to better approximate mixed sig-
nal patterns. To address this challenge, ANN-3 was trained as a multi-
label classifier, allowing it to predict multiple independent labels
(hydrolases) for a single input instance and to treat each label as an
independent binary decision.

As shown in Table 4, ANN-3 also assigns high likelihood values to
PPT1, especially at later sampling time points. This occurs because
both hydrolases have stronger preferences for di- and triesters com-
pared to the other investigated hydrolases. A more general, but also
more complex solution would be to incorporate training data that
mimic mixed-enzyme conditions into the current framework to
tackle the problem when having more than one hydrolase in the
same sample. This could be achieved for example by generating syn-
thetic fingerprints that combine profiles from different hydrolases.
Such an approach would help improve classification robustness
when multiple enzymes contribute simultaneously to polysorbate
degradation.

Prediction of unknown samples

To evaluate the applicability of the classification models beyond
controlled conditions, we applied them to degradation fingerprints
derived from a monoclonal antibody formulation. These model anti-
bodies were purified under a typical downstream purification process
and contained polysorbate 20 HP as part of the formulation. The com-
position and abundance of polysorbate hydrolases in these samples
are unknown, making them a realistic test case for fingerprint-based

classification. Degradation fingerprints were generated at four incu-
bation time points (2 months and 4 months at 25 °C, and 15 months
at 5 °C and 25 °C). Following data extraction and normalisation, the
fingerprints were submitted to the trained classification models.

The classification results are shown in Fig. 7. CES2C had the high-
est mean probability at all time points (0.63—0.92), indicating that it
is the most likely contributor to polysorbate degradation in the tested
mAb formulation. The second highest probability was observed for
CES1F.

At the first time point (two months), CES2C was not clearly domi-
nant, which may indicate that degradation was still in the early
stages and that the fingerprint was not yet specific enough. This is
supported by the fact that CES1F and CES2C are both carboxylester-
ases with a preference for monoester species, making them difficult
to distinguish when only minor changes have occurred. In the 15-
month sampling time point at 25 °C storage condition, the confidence
for CES2C decreased again. This is expected when a subset of polysor-
bate subspecies has already been fully hydrolysed, because fewer
informative species remain and the fingerprint provides less differen-
tiation between enzymes, making the signal less pronounced. In gen-
eral, classification is most challenging when degradation is either
minimal or advanced, because many values are close to one or zero,
which reduces class separability. For samples with very little change,
only a few of the 23 polysorbate species differ from the reference. In
this case, Random Forest trees may split on features that remain
almost unchanged, which can lead to less reliable predictions. If only
six of the 23 species show any deviation, the model may select
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Fig. 7. Model-based classification probabilities for a monoclonal antibody formulation at four sampling points. Panels show heatmaps of predicted class probabilities for five CHO-
derived polysorbate hydrolases (CES1F, CES2C, LPLA2, PPT1, PAF-AH), generated by seven classifiers at the following time points: 2 months (25 °C), 4 months (25 °C), 15 months (5 °
C) and 15 months (25 °C). Each cell represents the probability assigned by one model to one hydrolase at the given time point. The bottom row in each panel displays the mean

probability across all models. Colours encode probability from low (dark) to high (yellow).

features with values still close to 1, yielding near-random assign-
ments for individual trees. Aggregation across 100 estimators stabil-
ises the overall prediction, but the confidence remains lower. This
makes the Random Forest less reliable at these stages compared to
other applied algorithms here. Based on the probabilities for LPLA2,
PPT1 and PAF-AH (Fig. 7), these enzymes are unlikely to play a critical
role in this sample. Overall, the results suggest that CES2C is the most
likely contributor to polysorbate degradation in this sample, with
CESTF possibly contributing as well. A key advantage of the models is
their ability to clearly exclude hydrolases that are not relevant for
polysorbate degradation based on their mismatch with the observed
fingerprints.

The fingerprint-based classification approach presented in this
study offers several applications to improve biopharmaceutical
development. Fingerprint data enables the identification of hydro-
lases that consistently contribute to polysorbate degradation across
formulations. If certain enzymes emerge as dominant contributors
while others show negligible activity, this supports risk-based

prioritization of hydrolases. These findings can directly guide down-
stream process development. For example, polishing steps such as
ion exchange or hydrophobic interaction chromatography can be sys-
tematically optimised to selectively remove high-risk hydrolases.?*
Furthermore, the method allows comparison of different purification
trains.>® By analysing degradation fingerprints from the same mono-
clonal antibody purified through different downstream processes, it
can be systematically assessed whether certain hydrolases are consis-
tently removed or retained. This allows the evaluation which purifi-
cation strategy is most effective at mitigating specific enzymes.

The approach also supports cell line engineering. Once high-risk
hydrolases are identified, targeted gene knockouts can be imple-
mented to eliminate their expression in CHO production cell lines.
This strategy has already been applied successfully to reduce polysor-
bate degradation and improve product stability.?*>>:>

Beyond process optimisation, fingerprint analysis provides
insights into hitchhiking phenomena where specific hydrolases co-
purify with certain mAbs due to molecular interactions.” If a
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hydrolase consistently appears in fingerprints across multiple purifi-
cation trains for a given antibody, this may be indicative of a hydro-
lase-antibody binding interaction. Conversely, if the same
purification strategy yields different fingerprint profiles for different
antibodies, this suggests molecule-specific effects that cannot be
addressed by standardized purification approaches.

Recent studies indicate that certain host cell-derived hydrolases
can also associate with protein aggregates in formulated drug
products.*®° This observation highlights a critical limitation of con-
ventional HCP monitoring approaches that measure protein abun-
dance but do not provide information on functional activity. Enzymes
embedded in aggregates may be detected by proteomics, yet their
actual contribution to polysorbate degradation remains uncertain.
Conversely, low abundance hydrolases with high enzymatic activity
may not only remain undetected but are often underestimated.

Importantly, fingerprint-based classification can be combined
with LC-MS-based HCP profiling to strengthen enzyme identification.
While proteomics provides broad coverage, it may miss low-abun-
dance enzymes that are functionally active. This can be due to the
extreme dynamic range in monoclonal antibody drug products.*®*!
Integrating both methods could provide a more complete picture of
degradation risk and support systematic mitigation strategies.

A current limitation of the framework is that models were trained
exclusively on single-enzyme profiles. In real formulation samples,
however, multiple hydrolases may be present simultaneously, either
in additive or overlapping activity. This is particularly relevant at late
degradation stages, where multiple hydrolases may have contributed
to the degradation and where model confidence tends to decline. In
such cases, the fingerprint may not match one enzyme perfectly but
instead represent a hybrid pattern, resulting in lower confidence
scores or different class assignments at different time points within
the sample. While the framework performs well for isolated
enzymes, its interpretability decreases in the presence of complex
mixtures. In these scenarios, ANN-3 (multi-label classifier) is better
suited than strictly exclusive models because it does not force a single
class and can indicate partially overlapping patterns. However, since
it was trained only in single-enzyme profiles, such indications should
not be interpreted as definitive evidence of mixtures. Moreover,
when high-confidence assignment is not possible, predictions can
still narrow down the set of likely candidates. For example, if the
model consistently excludes certain enzymes across multiple time
points. This enables a targeted focus on a smaller subset of hydrolases
for further investigation.

One possible extension of the current approach would be to train
the model on simulated mixtures of enzyme fingerprints. For
instance, by linearly combining normalised degradation profiles from
two or more hydrolases. This could help the model to learn interme-
diate patterns and help improve classification robustness in mixed
samples.

In future work, predictions on unknown samples may be comple-
mented by orthogonal methods such as LC-MS-based HCP profiling,
allowing experimental confirmation of predicted enzyme identities
and refinement of classification in complex mixtures.

Conclusion and outlook

This work establishes degradation fingerprinting as a robust and
functional approach for classifying polysorbate-degrading hydro-
lases. The approach enables enzyme identification from single RP-
UPLC-MS measurements, independent of enzyme concentration or
degradation time, demonstrating that the degradation pattern itself
contains sufficient discriminatory information.

Comparable performance across multiple model classes indicates
that hydrolase identification is primarily driven by the degradation
fingerprints themselves rather than by the choice of algorithm. How-
ever, at sampling time points exhibiting increased PS20 degradation

(Fig. 6), ANN-2 and ANN-3 outperformed the other tested algorithms.
In this context, non-mutually exclusive models such as ANN-3 offer
particular advantages under conditions of reduced fingerprint speci-
ficity.

The current study focused on five highly active CHO hydrolases
that represent the main contributors to polysorbate hydrolysis at for-
mulation relevant conditions. Additional hydrolases with lower activ-
ity were excluded but can readily be integrated into the classification
framework as more data become available.

Future work should extend the current framework to mixed-
enzyme samples, as multiple hydrolases may act simultaneously in
real formulations. Generating in-silico mixed fingerprints could
improve model robustness for overlapping degradation profiles. In
addition, ensemble learning strategies combining multiple base
learners via a meta-classifier could further improve robustness and
confidence of hydrolase identification and represent a promising
direction for future work. Combining fingerprint-based classification
with orthogonal analytical methods such as HCP proteomics may fur-
ther strengthen enzyme identification in complex samples.

Overall, the method presented here offers a valuable tool for risk-
based prioritization of polysorbate degrading hydrolases. Finger-
print-based classification can help identify enzymes that are func-
tionally active under formulation conditions and thus guide targeted
mitigation of polysorbate degradation in therapeutic formulations.
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