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Early antimicrobial resistance prediction

Using urinary proteomics and machine learning
EMELIE LEMANN

Department of Mathematical Sciences
Chalmers University of Technology

Abstract

Antimicrobial resistance (AMR) is a growing global health challenge, requiring im-
proved methods for rapid and accurate resistance prediction. This study investigates
whether urinary proteomics data can be used to predict AMR phenotypes using
machine-learning approaches.

Mass spectrometry-based proteomics data from urine samples associated with E.coli
urinary tract infections were preprocessed, and analysed using multiple machine-
learning frameworks. Both multi-label and single-label classification approaches
were evaluated using stratified cross-validation, followed by feature selection and
stability-based analysis to reduce dimensionality while improving interpretability.
In addition, antibiotic-specific models were developed to account for variation in
resistance prevalence and class imbalance across antibiotics.

The results show that proteomics-derived protein abundance profiles contain predic-
tive information related to AMR phenotypes, although performance varied across
antibiotics and modelling strategies. Single-label classification generally outper-
formed the multi-label framework in terms of stability and interpretability. Feature
selection substantially reduced the dimensionality of the dataset while maintain-
ing comparable predictive performance, suggesting that a limited subset of proteins
captures a significant proportion of the predictive signal. However, class imbal-
ance and small sample size limited the ability to reliably predict minority resistance
phenotypes.

The findings demonstrate the potential of urinary proteomics combined with ma-
chine learning for AMR phenotype prediction, while highlighting key methodological
challenges such as class imbalance, high dimensionality, and limited generalisability.
These results support further development of proteomics-based predictive models
and validation on larger, independent clinical cohorts.

Keywords: AMR, Proteomics, UTI, Machine learning, Classification, Feature selec-
tion, Targeted methods
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1

Introduction

Antimicrobial resistance (AMR) is one of the most pressing global challenges in
modern healthcare. The rising prevalence of resistant bacterial infections compli-
cates treatment decisions, increases hospitalization time, and contributes to higher
healthcare costs and mortality [1]. Rapid and reliable identification of resistance
profiles is therefore essential for guiding effective antibiotic therapy [2].

Current diagnostic workflows for urinary tract infections (UTIs) rely on culture-
based antimicrobial susceptibility testing, which is time-consuming and delays the
availability of resistance profiles. In routine clinical microbiology, urine samples
constitute a major proportion of laboratory workload, although a large fraction of
these samples do not yield clinically relevant culture results. These limitations have
motivated interest in computational approaches that can support earlier sample
stratification and predict antimicrobial resistance phenotypes from molecular data

3].

Mass spectrometry-based proteomics have enabled large-scale measurement of pro-
tein abundance directly from clinical samples. Since proteins represent functional
downstream biological activity, proteomic profiles may capture molecular signatures
associated with AMR mechanisms. In parallel, machine learning (ML) has become
an important tool in biomedical research due to its ability to model complex pat-
terns in high-dimensional data. The combination of proteomics and ML therefore
offers a promising approach for improving resistance prediction and supporting fu-
ture clinical decision-making [4].

1.1 Aim

The aim of this study was to investigate whether urinary proteomics data can be used
to predict antimicrobial resistance phenotypes using ML. This will be addressed by
transforming high-dimensional proteomics into predictive models through systematic
preprocessing, comparison of different modelling strategies, and evaluation of feature
selection approaches, with the goal of developing a final predictive pipeline.
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1.2 Limitations

This study has several limitations, both in dataset and the analytical framework.
The dataset consisted of a relatively small patient cohort, which limits generalis-
ability and increases sensitivity to sampling variability. In addition, strong class
imbalance was present for several antibiotics, making minority resistance pheno-
types difficult to predict reliably. The study also focused exclusively on FE. coli-
associated UTIs, meaning that the findings may not directly generalise to other
bacterial species, infection types, or clinical populations.

Proteomics data are characterized by high dimensionality, where thousands of pro-
tein features are measured from a relatively small number of samples, increasing
the risk of overfitting. In addition, missing values are common due to stochastic
sampling and low-abundance proteins falling below detection limits, which requires
careful preprocessing [5].

Taken together, these factors limit generalisability and highlight the challenges of
working with high-dimensional clinical proteomics data. The study therefore pri-
marily serves as a proof-of-concept for applying ML to urinary proteomics for AMR.
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Theory

This chapter presents the theoretical background of the study, covering both the
clinical context and the ML principles relevant to the analysis. It introduces the
biomedical setting of AMR and proteomics, as well as the core concepts required for
modelling and evaluating high-dimensional biological data. Together, these founda-
tions support the development of predictive models based on proteomics data.

2.1 Clinical and Biological Background

This section introduces the clinical and biological concepts relevant to this study,
including AMR, UTTIs, and proteomics-based analysis. Together, these concepts
provide the biological context for the ML methods applied throughout the study.

2.1.1 Antimicrobial Resistance

AMR refers to the ability of microorganisms, such as bacteria, to survive or prolif-
erate despite exposure to antimicrobial agents that would normally inhibit growth
or eliminate the organism [6]. AMR has emerged as a major global public health
challenge due to increasing resistance against commonly used antibiotics or other
pathogen drugs, leading to prolonged infections, increased mortality, and reduced
treatment options [1].

Bacterial resistance can arise through several biological mechanisms. Common
mechanisms include modification of antibiotic target sites, reduced membrane per-
meability, active drug efHux, and enzymatic inactivation of antimicrobial compounds.
Resistance traits may develop through spontaneous genetic mutations or through
gene transfer between bacteria [7].

In clinical microbiology, antimicrobial susceptibility testing (AST) is routinely per-
formed to determine whether bacterial isolates are susceptible or resistant to specific
antibiotics. Susceptibility outcomes are commonly categorized into three classes:
susceptible (S), intermediate (I), resistant (R). Susceptible isolates are expected to
respond to standard antibiotic treatment, whereas resistant isolates are unlikely
to respond sufficiently. Intermediate classifications represent isolates with reduced
susceptibility or uncertain treatment outcomes [8].
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Rapid identification of AMR phenotypes is clinically important for selecting effec-
tive antibiotic treatments. Delayed or inappropriate therapy may increase the risk
of complications, contribute to the spread of resistant bacteria, and promote further
resistance development. Conventional culture-based susceptibility testing methods
are often time-consuming, motivating the development of computational and molec-
ular approaches capable of predicting resistance phenotypes more rapidly [2].

2.1.2 Urinary Tract Infections

UTIs are among the most common bacterial infections worldwide and represent
a substantial clinical burden. UTIs may affect different parts of the urinary tract,
including the bladder and kidneys, and are commonly diagnosed using urine samples
[9]. The most common causative pathogen of UTIs is Escherichia coli (E.coli), and
is also the most associated with resistance [10].

Urine-based diagnostics are clinically advantageous because they provide relatively
non-invasive sampling while containing information related to both bacterial infec-
tion and host response. Rapid identification of resistant pathogens in urine samples
is particularly important for guiding antibiotic treatment decisions and reducing
unnecessary use of broad-spectrum antibiotics [11].

Because treatment selection depends strongly on bacterial susceptibility profiles, im-
proved prediction of AMR phenotypes could contribute to faster and more targeted
therapeutic interventions.

2.1.3 Proteomics

Proteomics is the large-scale study of proteins expressed in a biological system,
often referred to as the proteome. In clinical and biomedical research, proteomics
is commonly used to measure the characteristics of the protome such as peptide
expression, interactions and modifications of proteins [12].

A common method for analyzing complex protein sample is mass spectromy (MS).
Mass spectrometry (MS) works by first ionizing molecules and converting them into
the gas phase. The ions are then separated in the mass analyzer according to their
mass-to-charge ratio (m/z), producing a mass spectrum with peaks representing
different molecules [13]. In proteomics, proteins are usually broken into peptides
before analysis (“bottom-up” MS). These peptides can then be fragmented further
in tandem mass spectrometry (MS/MS), where the fragment patterns help identify
the peptide sequences and, ultimately, the original proteins [4].

The resulting MS/MS spectra are matched against theoretical peptide sequences
derived from protein databases in a process known as peptide-spectrum matching.
This enables identification of peptides, which are subsequently mapped back to their
originating proteins, allowing inference of protein-level abundances [13].

In this study, proteomic measurements were generated using a timsTOF-based mass
spectrometry platform. The timsTOF system combines trapped ion mobility spec-

4
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trometry (TIMS) with time-of-flight (TOF) analysis, that allows more rapid and
efficient analysis [14].

2.2 Machine Learning

This section introduces the ML concepts and statistical learning principles relevant
to this study. Particular focus is placed on supervised classification, preprocessing,
different classifications strategies and algorithms, and model evaluation.

2.2.1 Preprocessing

Preprocessing is applied to raw data before analysis or classification in order to im-
prove data quality and reduce noise. Real-world data often contain inconsistencies,
noise, or variables with different scales, making preprocessing an important step
before training ML models [15].

Log transformation

Log transformation is commonly used to reduce skewness and stabilize variability
in data, especially when outliers are present. By compressing extreme observations,
the transformation can reduce the influence of outliers and improve the validity of
statistical analyses [16].

Normalization

Median normalization centers the data around the median value of each sample:

?jz'j = yij — median(yz-) (21)

where y;; is the value of variable j in sample 4, and ¢;; is the normalized value. Me-
dian normalization is preferred over mean normalization when outliers are present,
since the median is more robust to extreme values [17].

Scaling
Z-score normalization, or scaling, standardizes data by subtracting the mean and

dividing by the standard deviation:

_ X —pu(X)

=)

(2.2)

where p(X) is the mean and o(X) is the standard deviation of the variable X [15].

This transformation produces data with mean 0 and standard deviation 1, making
variables with different scales easier to compare and analyze.
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2.2.2 Supervised Learning

Supervised learning refers to a model that is trained on samples with annotated class
labels, it simply allows systems to learn from the information provided by the data
in order to make predictions [4]. Supervised learning can either be a classification or
a regression problem, where classification is categorical and regression is numerical
[18]. The fundamentals of supervised ML can be described as using a dataset:

D:={(y»,x)i=1,...,N}, (2.3)

where x = (x1,...,1,) are features and y is the target.

The goal of supervised learning is to find a function f that maps features to the
target:

(z1,...,2,) Ly (2.4)

A central challenge in applying supervised ML techniques to proteomics is to con-
struct models that performs well and without overfitting, due to the high dimen-
sionality [5]. Proteomics datasets are typically characterized by high dimensionality,
meaning that the number of measured variables substantially exceeds the number
of available samples.

2.2.3 Classification Strategies

Single-Label Classification

Single-label classification is the most common classification problem [19]. Classifica-
tion is a method where a model, based on its supervised learning on known classes,
predicts the class of new samples without annotations [4]. In classification problems,
the response variable y is categorical.

The aim is to construct a classifier C'(x) that assigns an observation with feature vec-
tor x to one of J possible classes, where J = 2 in binary classification problems [18].
Unlike regression problems, where prediction accuracy is commonly evaluated using
the mean squared error (MSE), classification problems require a different objective
since the outputs are discrete class labels rather than numerical values. Instead, the
quality of a classifier is measured using the mean classification error (MCE), defined
as:

MCE(C) = E[I(y # C(x))]. (2.5)
where [(-) is the indicator function, taking the value 1 when the statement is true
and 0 otherwise [18].

A common probabilistic approach to classification is based on the conditional prob-
ability:
pi(x) =Py = j | %), (2.6)
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which represents the probability that an observation belongs to class j given the
feature vector x [18].

The optimal classification rule, known as the Bayes classifier, assigns an observation
to the class with the highest conditional probability:

C(x) = arg max p; (x). (2.7)

The Bayes classifier minimizes the mean classification error and therefore provides
the theoretically optimal classification rule [18].

In the binary classification setting, where y € {0, 1}, the conditional probability can
be written as:

p(x) =Py =1]x), (2.8)
while
1—p(x) =Py =0]x). (2.9)

An observation is classified into class 1 if:
p(x) > 0.5, (2.10)

and into class 0 otherwise [18].

Multi-Label Classification

Classification problems are commonly formulated as single-label classification prob-
lems. However, some classification tasks are more ambiguous and require other
approaches and multi-label classification was developed to address such problems.
In multi-label learning, each observation can be associated with multiple labels at
the same time [20].

A common approach to multi-label classification is to decompose the problem into
multiple binary classification tasks, where one classifier is trained independently
for each label [19]. The mapping is similar to Eq. (2.4), and can in this case be
described using m target functions:

Fx) = (F(x), fox), -, (), (2.11)

where each f; is learned by fitting a separate classifier:

fix—=y, j=1...,m. (2.12)

2.2.4 Classification Algorithms

Random Forest

Random Forest (RF) is an ensemble classifier that can handle large number of fea-
tures and is efficient on high-dimensional datasets [4]. The RF classifier consists
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of multiple decision trees trained independently. For each tree, a random subset of
K features is selected and used for training, and this process is repeated to build
a forest of trees. Each tree votes for a class, and the final prediction is given by
majority vote. The Figure 2.1 illustrates a RF classifier.

Dataset

! ! !

Result 1 Result 2 Result 3
I Majority voting I

|
Random forest prediction

Figure 2.1: A RF classifier with multiple decision trees. The figure is adapted
from Widodo et al. (2022) [22].

Logistic Regression

A common way to model the unknown conditional probabilities in classification
is to use parametric approaches. Among these, logistic regression is one of the
most widely used methods. Logistic regression models the conditional probability of
belonging to a class by transforming a linear predictor through a nonlinear sigmoid
function. For the binary case, where y € {0, 1}, the probability is defined as in Eq.
(2.8). This probability is modeled as:

e B

S 2.13
1+emT5’ < )

p(x)

where '8 = By + 2181 + - -+ + 1,0, is a linear combination of the input features

[18].

The logistic function ensures that predicted probabilities are always restricted to the
interval [0, 1], unlike simpler linear probability models which may produce invalid
probability values outside this range. For this reason, logistic regression is preferred
for classification [18].

A classification decision is then made using a probability threshold, the same as in
Eq. (2.10):

(2.14)

_ )1 ifp(x) > 0.5,
v= 0 otherwise.
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Support Vector Machines

Support Vector Machine (SVM) is a supervised learning method for classification
that constructs a decision boundary, called a hyperplane, which separates data
points of different classes [23].

Consider a dataset similar to Eq. (2.3) consisting of feature vectors x; € R? and
corresponding class labels y; € {—1,+1}. In the linear case, SVM assumes that the
classes can be separated by a linear decision boundary in the feature space. SVM
assumes that the classes can be separated by a linear decision boundary in the input
space. In the linear case, the decision function is defined as a linear model:

f(x)=w'x+0, (2.15)

The points for which f(x) > 0 are assigned to class +1, while points for which
f(x) < 0 are assigned to class —1. So basically this classification rule assigns a class
label based on the sign of the decision function:

y = sign(f(x)). (2.16)

The hyperplane divides the feature space into two half-spaces corresponding to the
two classes, and is defined by:
w'x+b=0. (2.17)

If the data is linearly separable, the SVM finds the hyperplane that maximizes the
margin between the two classes. This is formulated as the optimization problem:

1
m1?§\|wl|2 subject to  y;(w'x; +b) > 1, Vi (2.18)

)

The constraint ensures that all training samples are correctly classified and lie out-
side the margin boundaries [23].

2.2.5 Hyperparameters

Hyperparameters are settings in a ML model that are chosen before training, and
is therefore not learned from the data. They control how the algorithm behaves,
and the model’s performance can depend heavily on them. [24] Examples of hyper-
parameters n__estimators, min_samples_leaf and C, where n_ estimators describes
number of trees, min_samples_ leaf the number of samples required in a leaf node
and C is regularization strength [25][26].

2.2.6 Feature Selection

Proteomics datasets typically contain thousands of protein features while only in-
cluding a limited number of patient samples. This high feature-to-sample ratio
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increases the risk of overfitting, where ML models learn noise or sample-specific
patterns rather than biologically meaningful relationships [27].

Feature selection aims to reduce dimensionality by identifying informative variables
while removing redundant or irrelevant attributes [4]. Reducing the number of
features may improve computational efficiency, data quality, and data understanding
[28]. In biomedical applications, feature selection is particularly important because
selected proteins could be potential biomarkers [4].

Filter Methods

Filter methods select features before training a model by using general properties of
the data, independent of any learning algorithm. They are called filters because they
remove irrelevant features and keep only the most promising ones. These methods
are fast and general because they do not depend on how a specific model works. [29]

A common filter approach is based on statistical hypothesis testing. The idea is to
test whether a feature is useful for distinguishing classes. We define the hypotheses as
Hy, the feature is not important, and H,, the feature is important for distinguishing
classes. In a t-test, which is used for binary classification, the means of a feature in
two classes are computed. A significant p-value is computed, which measures the
probability of observing such a difference under the assumption that Hy is true. [29]

Embedded Methods

Embedded methods combine ideas from both filter and wrapper methods. [30] Like
filter methods, they evaluate the importance of features based on some criterion,
but like wrapper methods, they generate feature subsets which are used to train a
learning algorithm, and the best feature subset is selected. LASSO and elastic net
are two embedded methods, which are described based on Fonti and Belitser (2017)
[30].

LASSO

One widely used embedded method is LASSO (Least Absolute Shrinkage and Selec-
tion Operator), a regularization method used in linear regression that performs both
parameter estimation and feature selection. It works by minimizing the squared er-
ror while adding an L1 regularization penalty on the magnitude of the coefficients.
L1 regularization refers to a penalty based on the absolute values of the model co-
efficients, which encourages sparsity by shrinking some coefficients exactly to zero.

The LASSO optimization problem is:

B = argmin (<Y = X3+ Al (2.19)

10
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where:
n

1Y — X812 =Y (Y, — (XB))% 168h = Z EA (2.20)

=1

and A > 0 controls the strength of the regularization term.

A larger X increases shrinkage of coefficients toward zero, while A\ = 0 reduces the
method to ordinary least squares regression.

The key property of LASSO is that the L1 penalty can force some coefficients to
become exactly zero:

pi(A) =0 (2.21)

This means that the corresponding features are removed from the model, making
LASSO a powerful embedded feature selection method.

Elastic Net

Elastic Net is an extension of LASSO that combines L; and L, (Ridge) regulariza-
tion:

N ) 1
B = argmin (=Y = XBI3 + AllBll + Xall 818 (2.22)

2.2.7 Model Evaluation

Hold-Out test

The hold-out test is a simple method for evaluating a predictive model by splitting
the dataset into two separate sets, a training set and a testing set. The model
is trained on the training set and then evaluated once on the testing set, which is
treated as unseen data. A common split is, for example, 80% of the data for training
and 20% for testing. [31]

Stratified K-fold Cross-Validation

Cross-validation (CV) is a method used to evaluate how well a predictive model
generalises to unseen data by repeatedly splitting the dataset into training and
testing parts. [32] In k-fold CV, the dataset is divided into k equal, or nearly equal,
parts called folds. In each iteration, one fold is used as the test set, while the
remaining k£ — 1 folds are used for training. This process is repeated k times so that
each fold is used exactly once as the test set. The final performance is obtained
by averaging the results over all folds [31]. This approach provides a more reliable
estimate of model performance, reduces dependence on a single train-test split, and
helps reduce overfitting by evaluating the model on multiple different subsets of the
data [32].
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Stratified k-fold CV is a variant of k-fold CV in which the folds are constructed
so that each fold preserves the same class proportions as the full dataset. In other
words, each fold maintains the original distribution of the classes by using stratified
sampling instead of random splitting. This is especially useful for classification
problems with imbalanced classes, since it ensures that every fold is representative
of the overall data distribution [22].

Performance Metrics

In a binary classification task, instances are typically predicted as either positive or
negative. A positive label often indicates the presence of an illness or resistance ,
while a negative label indicates no deviation from the baseline. Each prediction can
therefore be classified into one of four categories: true positive (TP), true negative
(TN), false positive (FP), and false negative (FN). A TP is a correctly predicted
positive case, a TN is a correctly predicted negative case, a FP is a negative instance
incorrectly predicted as positive, and a FN is a positive instance incorrectly predicted
as negative [33].

From these values, several standard evaluation metrics are derived. Accuracy mea-
sures the proportion of correctly classified instances among all predictions:

TP+TN
TP+TN+ FP+ FN

Accuracy = (2.23)

It provides an overall measure of performance but can be misleading in imbalanced
datasets [33].

Precision and recall focus on the positive class. Recall is the fraction of correctly
identified positive cases:

TP
Recall = m <224)

Precision is the fraction of correctly predicted positive cases among all predicted
positives:

TP
Precision = m (225)

The F1-score combines precision and recall using their harmonic mean:

2 - Precision - Recall
Fl= 2.26
Precision + Recall ( )

For multiclass problems, different averaging strategies are used. The macro F1-score
computes the Fl-score independently for each class and then averages them equally:
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1 N
Flooero = — Z F1; (2.27)
N i
where

F1, — 2 - Precision; - Recall;

(2.28)

Precision; + Recall;

The weighted F1-score accounts for class imbalance by weighting each class by its
support:

N
Flweighted = szFlz (229>

i=1

where

TP, + FN;
Z;V:l(TPj + FNj)

(2.30)

Ww; =

Macro F1 treats all classes equally, while weighted F1 gives more importance to
frequent classes, making it more suitable when class distributions are imbalanced

[34).

Confusion Matrix

A confusion matrix is a table used to evaluate the performance of a classification
model by comparing true labels with predicted labels. It summarizes correct and
incorrect classifications and serves as the basis for many evaluation metrics such as
accuracy, sensitivity, and false-positive rate [32].

The matrix contains information about actual and predicted classes, where predicted
classes are typically shown along the horizontal axis and actual classes along the
vertical axis. Each entry of the matrix indicates how many instances of a given
actual class are classified into a given predicted class [22]. In this way, it directly
shows the number of correct and incorrect predictions made by the model, which
can also be expressed as a percentage.

2.3 Reproducibility and Reliability

Reproducibility is an important consideration in biomedical ML research, particu-
larly in studies involving complex datasets, such as high-dimensional data, multi-
modal data integration, and datasets with limited sample sizes. In addition, certain
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ML algorithms contain inherent stochasticity during model training, while the condi-
tions under which stochastic methods should be applied are not yet fully established.
The design of such studies is therefore essential for ensuring reliable and reproducible
results [27].

Data Leakage

Data leakage occurs when information from validation or test datasets unintention-
ally influences model training. Leakage can lead to artificially inflated performance
estimates and poor generalization to unseen data [35].

Pre-processing leakage is a common source of leakage in ML. For example, during
feature selection, if features are selected using the full dataset prior to train—test
splitting, information from the test data becomes indirectly incorporated into the
model. To avoid leakage, all test data should remain completely unseen until the
final evaluation stage [35].

Leakage prevention is especially important in proteomics datasets because the num-
ber of measured features substantially exceeds the number of samples. Without
careful validation procedures, ML models may appear highly predictive while failing
to generalize to independent datasets [36].
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Methods

This chapter describes the methodological framework used to investigate whether
urinary proteomics data can be used to predict AMR phenotypes using ML. The
workflow consists of four main components: data collection and preprocessing, devel-
opment of classification frameworks, model evaluation and validation, and feature
selection with stability analysis. An initial exploratory phase was used to com-
pare different modelling strategies, followed by the construction of a final predictive
pipeline based on stable feature selection and antibiotic-specific optimisation. To-
gether, these steps define a structured approach for transforming high-dimensional
proteomic measurements into predictive models of AMR.

3.1 Data and Preprocessing

The dataset used in this study was obtained from Sahlgrenska University Hospital
and consisted of mass spectrometry—based urinary proteomics data. The cohort ini-
tially comprised 104 patients, from which protein abundance profiles were generated
using timsTOF-based proteomic workflows applied to clinical urine samples. Pro-
tein identifications were obtained using pathogen-specific databases, enabling the
detection of both host-derived and pathogen-associated proteins. Corresponding
AMR phenotypes were available for 93 of the initially included patients, providing
matched proteomic and clinical outcome data for supervised learning.

Several exclusion criteria were applied to ensure a clinically homogeneous study
population. Patients who had undergone organ transplantation and were receiv-
ing immunosuppressive treatment were excluded due to their potential influence
on urinary proteomic profiles. In addition, samples in which Klebsiella pneumo-
niae was identified as the dominant pathogen were removed to maintain focus on
E.coli—associated infections. Following these exclusions, the final dataset consisted
of 85 patients with complete proteomic and AMR profiles.

To formulate the task as a binary classification problem, intermediate susceptibility
classes (I) were merged with resistant classes (R). This grouping was performed to
reduce class sparsity and align with clinically conservative interpretation of reduced
susceptibility. Susceptibility labels represented resistant (R) and susceptible (S)
outcomes. Five antibiotics (Trimetoprim, Ciprofloxacin, Ceftazidim, Tobramycin,
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Piperacillin/Tazobactam) were selected for analysis based on class representation,
requiring the minority class to contain at least eight samples.

3.1.1 Preprocessing

Raw peptide intensity data were imported and processed using Python. Peptide
intensity values were converted to numerical format, and invalid entries were mapped
to missing values (NaN). Peptides containing exclusively zero or missing intensity
values across all samples were removed, as they were considered non-informative for
quantitative analysis.

To account for peptides mapping to multiple proteins, intensity values were first
adjusted by dividing each peptide signal by the number of associated proteins, re-
ducing bias introduced by shared peptide assignments. Peptide-level intensities were
then aggregated to the protein level by computing the median across all peptides
mapped to the same protein group.

Protein intensities were then log-transformed to stabilize variance and improve
comparability across samples. To reduce systematic technical variation, median-
centering normalization was applied across samples while preserving relative biolog-
ical differences. The normalization was performed according to Eq. (2.1). Missing
values were imputed using a small constant value (107%) to approximate signals
below detection limits while minimizing distortion of relative abundance patterns.
Where appropriate, additional feature scaling, performed according to Eq. (2.2), was
applied for specific modelling and visualization purposes.. The final preprocessing
pipeline resulted in a dataset comprising 15,336 protein features across all samples.
This confirms the high-dimensional nature of the problem, where the number of
predictors substantially exceeds the number of observations.

3.2 Overall Modelling Strategy

An iterative modelling framework was developed to evaluate the predictive perfor-
mance of urinary proteomics for AMR classification. Given the high dimensionality
of the data, limited sample size, and heterogeneous resistance patterns across an-
tibiotics, a stepwise approach was used to progressively refine model complexity and
feature representation.

The analysis began with a multi-label classification approach to assess whether re-
sistance phenotypes could be jointly predicted within a single model. This was
compared to independent single-label models, where each antibiotic was treated as
a separate binary classification task. Subsequently, feature selection methods were
introduced to reduce dimensionality and reduce the risk of overfitting, followed by
stability-based selection of consistently informative protein features across CV folds.
Finally, based on the observed variability in predictive performance across antibi-
otics, antibiotic-specific modelling considerations were introduced. This included
adapting decision thresholds to better reflect differences in class distribution and
biological differences between antibiotics.
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3.3 Machine Learning Framework

This study evaluated two complementary classification strategies for predicting AMR
from urinary proteomics data: multi-label and single-label classification. All models
were trained and evaluated using identical feature matrices to ensure comparability.

3.3.1 Multi-Label Classification

A multi-label classification approach was first implemented to jointly predict resis-
tance phenotypes across the five selected antibiotics. A multi-output RF model was
used, where each output node corresponded to a specific antibiotic. The response
matrix was structured such that each column represented a binary resistance la-
bel (susceptible or resistant), and each row corresponded to an individual patient
sample.

3.3.2 Single-Label Classification

In the single-label setting, separate binary classifiers were trained independently for
each antibiotic. This formulation treats each resistance phenotype as an individual
prediction task, without assuming dependencies between antibiotics. The approach
was included to evaluate whether antibiotic-specific models provide improved per-
formance and stability compared to joint multi-label prediction.

3.3.3 Classification Algorithms

Three supervised learning algorithms were evaluated and compared: RF, Logistic
Regression, and SVMs. All models were trained within the single-label classification
framework and evaluated using identical CV and performance metrics to ensure
comparability. Default hyperparameters from the Scikit-learn implementation were
used for the comparison. Later in the analysis, the hyperparameters shown in Table
2.1 were used for the RF classifier.

Table 3.1: Hyperparameter tuning for RF classifier. The descriptions are based on
the Scikit-learn documentation [25]

Hyperparameter Value Description

n_estimators 1000 MNumber of trees in the forest
min_samples_leaf 5 Minimum samples required in a leaf node
max_features “sgrt” Features considered when splitting a node
max_depth 5 Maximum depth of each tree
class_weight "balanced”  Adjust class weights for imbalance

17



3. Methods

3.4 Validation Strategy and Model Evaluation

Model evaluation was conducted in two distinct stages: an initial exploratory evalu-
ation phase and a final model validation phase. In the initial phase, all classification
strategies, including multi-label and single-label models as well as feature selection
approaches, were evaluated exclusively using stratified 5-fold CV. This phase was
used for comparative model assessment and selection of the most suitable modelling
framework. No independent test set was used at this stage.

Following this exploratory analysis, a final modelling pipeline was constructed. For
this final model, the dataset was split into a training set (70%) and an independent
hold-out test set (30%). Within the training set, stratified 5-fold CV was applied to
perform feature selection and identify stable protein features. Feature selection was
therefore fully nested within the training data to avoid information leakage from the
test set.

After identifying stable features, a final RF classifier was trained on the full training
set using only these selected features. The performance of the final model was then
evaluated once on the independent hold-out test set, providing an unbiased estimate
of generalisation performance.

3.4.1 Performance Metrics

Model performance was evaluated using accuracy, macro-averaged Fl-score, and
weighted Fl-score. Accuracy provides a global measure of classification performance
but is sensitive to class imbalance, which is present across several antibiotic resis-
tance phenotypes in this dataset. To address this limitation, macro F1l-score was
used to assess performance equally across classes, independent of their frequency,
while weighted Fl-score accounts for class imbalance by weighting each class ac-
cording to its support. Together, these metrics provide a balanced evaluation of
predictive performance under imbalanced class distributions.

3.5 Feature Selection

Feature selection was performed to reduce the high dimensionality of the proteomics
dataset and to improve model generalisation and interpretability. Given the large
number of protein features relative to the number of samples, multiple complemen-
tary feature selection strategies were evaluated.

3.5.1 Feature Selection Approaches

Three feature selection strategies were considered. First, a missingness-based fil-
tering step was applied to remove proteins with a high proportion of missing or
unreliable intensity values. This step reduced noise and ensured that analyses were
performed on consistently observed features.
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Second, univariate statistical filtering was performed using t-tests to identify proteins
significantly associated with AMR phenotypes. Features were ranked according to
their statistical association with the outcome, and subsets of the most informative
proteins were retained for model training.

Third, embedded feature selection methods were applied using regularised linear
models, specifically LASSO (L1 regularisation) and Elastic Net (combined L1 and
L2 regularisation). These methods perform feature selection during model fitting
by shrinking less informative coefficients towards zero, enabling simultaneous clas-
sification and dimensionality reduction.

3.5.2 Stable Feature Selection

To improve robustness and reduce variability in selected features, feature selection
was embedded within a stratified 5-fold CV framework, enabling assessment of fea-
ture stability across different training folds. Proteins that were consistently selected
across all CV splits were defined as stable features, reflecting reproducible predictive
signals rather than fold-specific artefacts.

Due to the resulting number of stable features, the top 30 proteins per antibiotic
were selected for further analysis based on their selection frequency and consistency.
Finally, a RF classifier was trained using only the stable feature set derived exclu-
sively from the training data. The final modelling workflow is summarised in Figure
3.1.

Training data 70% Test data 30%

l

Stratified cross validation

| Fold 1) | Fold 2| | Fold 3| [Fold 4 || Fold 5| F%ure seection

Selects all stable features

!

| Train random forest classifier |

|

Figure 3.1: ML pipeline for the final model

On training data with
only the stable features

3.6 Antibiotic-Specific Model Optimisation

Due to class imbalance and variation in resistance prevalence across antibiotics,
a common decision threshold was found to be suboptimal for certain outcomes.
To address this, antibiotic-specific decision thresholds were defined prior to final
model training. The decision thresholds are defined according to Eq. (2.10). For
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Ceftazidim, Ciprofloxacin, and Trimethoprim, the threshold was set to 0.45, whereas
for Piperacillin/Tazobactam and Tobramycin, the threshold was set to 0.60.

These thresholds were incorporated into the modelling pipeline to account for differ-
ences in class distribution and improve sensitivity to minority classes. The optimi-
sation was performed exclusively within the training data and applied after feature
selection and before training the RF Classifier.

3.7 Reproducibility and Reliability

All analyses were implemented in Python using the Scikit-learn, Pandas, and NumPy
libraries. Random seeds were fixed for all stochastic components, including data
splitting, CV, and model training, to ensure reproducibility of results. The full ML
pipeline was designed to be deterministic given identical inputs, and all preprocess-
ing, feature selection, and model training steps were executed in a controlled and
consistent computational environment.
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Results

This chapter presents the results of applying ML to urinary proteomics data for AMR
prediction. Multiple modelling strategies were evaluated, including multi-label and
single-label classification, followed by feature selection and stability-based feature
reduction. Antibiotic-specific analyses were also performed to assess variation in
predictive performance across antibiotics.

4.1 Dataset Characteristics

This section summarizes the characteristics of the processed proteomics dataset prior
to ML analysis. The AMR phenotypes showed varying degrees of class imbalance
across antibiotics. Several antibiotics contained substantially fewer resistant sam-
ples compared to susceptible samples, creating challenges for model training and
performance evaluation. Tobramycin and Piperacillin/Tazobactom both have the
resistant as the dominant class. The distribution of resistant (R) and susceptible
(S) samples for each antibiotic is shown in Figure 4.1.

Class distribution per antibiotic

Trimetoprim
Tobramycin
Piperacillin/Tazobactam
Ciprofloxacin

Ceftazidim

0 20 40 60 80
Number of samples

Figure 4.1: Class distribution showing the number of resistant (R) and susceptible
(S) samples per antibiotic.
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To evaluate the effect of preprocessing and normalization, protein intensity distri-
butions before and after normalization were visualized in Figure 4.2. In addition,
heatmap visualizations were generated to assess overall similarity patterns between
samples and proteins following preprocessing, which is shown in Figure 4.3.

Protein intensity distributions before and after normalization
Before normalization After normalization

Log2 protein intensity

-10
Samples

Figure 4.2: Distribution of log-transformed protein intensities across samples be-
fore and after median-centering normalization.

Protein expression heatmap across all samples
Data visualized after transformation, normalization and no filtering

= Expression

Proteins
|
o

Samples

Figure 4.3: Heatmap showing normalized protein expression patterns across all
samples included in the study. Protein abundance values were log-transformed and
median-centered prior to visualization
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4.2 Classification Framework

This section evaluates the predictive performance of different classification frame-
works for predicting AMR phenotypes from urinary proteomics data.

4.2.1 Multi-label classification

A multi-label classification approach was initially applied to simultaneously pre-
dict AMR phenotypes across the five selected antibiotics using a multi-output RF
model. Preliminary comparisons between RF, Logistic Regression, and SVM clas-
sifiers showed that RF models provided the most stable and consistently highest
predictive performance across antibiotics. Consequently, subsequent analyses fo-
cused on the RF framework, while comparative results for alternative classifiers are
provided in Appendix A.

In the multi-label model, each antibiotic was represented as a separate output vari-
able, while a shared feature matrix was used across all targets. Model performance
was evaluated using stratified 5-fold CV. The model showed limited predictive per-
formance across antibiotics. CV results were more stable than bootstrap resampling,
which exhibited higher variability across iterations. Due to this increased stability,
stratified CV was used as the primary evaluation strategy. The mean performance
across all antibiotics under CV was:

Accuracy = 0.271 4+ 0.061

Flmacro = 0.368 = 0.031
Flyeighted = 0.627 = 0.046

Prediction behaviour indicated a strong influence of class distribution. In particular,
minority classes were rarely or never predicted, as reflected in the confusion matrices
in Figure 4.4, which show a pronounced bias toward the majority class.

Confusion matrices for antibiotic predictions
Multi-label classification using cross validation

Ceftazidim Ciprofloxacin Piperacillin/Tazobactam Tobramycin Trimetoprim

0.0% 0.0% 0.0% 0.0% 0.0%
(U]
>
=
0.0% 0.0% 0.0% 0.0% IOy 0.0%
s R s R s R s R s R

Predicted

Figure 4.4: Confusion matrices for the multi-label classification model, showing a
strong majority-class bias.
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These results indicated that the multi-label formulation was not optimal for this
dataset and motivated the subsequent evaluation of single-label classification models.

4.2.2 Single-Label Classification

In the single-label classification framework, separate binary classifiers were trained
independently for each antibiotic using the same underlying feature representation
as in the multi-label setting.

Overall, performance was comparable between the multi-label and single-label ap-
proaches, with slight improvements for certain antibiotics, as summarised in Table
4.1. Differences were most evident in minority class detection, as reflected in the
confusion matrices in Figure 4.5. The largely similar performance metrics between
the multi-label and single-label frameworks suggest that shared feature represen-
tations and class imbalance had a stronger influence on predictive behaviour than
modelling formulation alone. Based on these results, the single-label framework was
selected for subsequent feature selection and model refinement.

Table 4.1: Comparison of multi-label and single-label classification performance.

Antibiotic Multi-label Single-label
Mean Accuracy
Ceftazidim 0.905882 0.905882
Ciprofloxacin 0.847059 0.847059
Piperacillin/Tazobactam 0.823529 0.823529
Tobramycin 0.611765 0.611765
Trimetoprim 0.635294 0.588235
Mean Macro F1-score
Ceftazidim 0475189 0475189
Ciprofloxacin 0.458468 0.458468
Piperacillin/Tazobactam 0451613 0451613
Tobramycin (0.379365 0.379019
Trimetoprim 0.470550 0453257
Mean Weighted F1-score
Ceftazidim 0.861386 0.861386
Ciprofloxacin Q.777182 0777182
Piperacillin/Tazobactam 0.743833 0743833
Tobramycin 0482228 0.482351
Trimetoprim 0.556045 0.525293
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Confusion matrices for antibiotic predictions
Single-label classification using cross validation

Ceftazidim Ciprofloxacin Piperacillin/Tazobactam Tobramycin Trimetoprim

0.0% 0.0% 0.0% 0.0% 20.0%
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Figure 4.5: Confusion matrices for the single-label classification model across an-
tibiotics.

4.3 Feature Selection Analysis

Feature selection was performed to reduce the high dimensionality of the proteomics
dataset and to improve model generalisation and interpretability. Multiple feature
selection strategies were evaluated within the single-label classification framework,
where LASSO-based feature selection was selected for further analysis based on
comparative results presented in Appendix B. For the LASSO-based models, classi-
fication performance and corresponding confusion matrices are shown in Table 4.2
and Figure 4.6.

While LASSO demonstrated the most consistent performance across antibiotics,
improvements compared to alternative approaches were overall modest, with broadly
similar classification behaviour observed across methods. However, a large number of
proteins were still retained per antibiotic, motivating a subsequent stability-based
feature selection step to further reduce dimensionality and identify reproducible
protein signals across CV folds.

Table 4.2: Classification performance using LASSO-based feature selection, show-
ing mean accuracy, macro Fl-score, and weighted F1-score for each antibiotic.

Antibiotic Accuracy Macro-F1 Weighted-F1
Ceftazidim 0.898485 0.473104 0.850762
Ciprofloxacin 0.848485 0.458874 0.779221
Piperacillin/Tazobactam 0.813636 0.448442 0.744675
Tobramycin 0.578788 0.499563 0.547391
Trimetoprim 0.527273 0.380145 0.457485
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Confusion matrices for antibiotic predictions
Using LASSO as feature selection method

Ceftazidim Ciprofloxacin Piperacillin/Tazobactam Tobramycin Trimetoprim

0.0% 0.0% 0.0% 28.0% 22.5%
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Figure 4.6: Confusion matrices for the single-label classification model using
LASSO-selected features.

Feature selection was further evaluated within a stratified 5-fold CV framework.
Proteins consistently selected across folds were defined as stable features. Figure 4.7
illustrates the overlap of LASSO-selected proteins across antibiotics, where diagonal
elements represent within-antibiotic consistency and off-diagonal elements indicate
shared feature selection between antibiotic pairs.

Shared LASSO-selected features heatmap

Single-label classifier using cross validation
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Figure 4.7: Heatmap of shared LASSO-selected features across antibiotics, showing
within-antibiotic consistency (diagonal) and pairwise overlap in selected proteins.
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To improve interpretability and further reduce dimensionality, the most consistently
selected proteins per antibiotic were retained for downstream analysis. The result-
ing stable feature sets are summarised in Appendix C. Using this reduced feature
space maintained comparable predictive performance while improving interpretabil-
ity. Classification performance using the stable feature set is shown in Table 4.3,
with corresponding confusion matrices in Figure 4.8.

Table 4.3: Model performance using LASSO feature selection and training RF
classifier on the top 30 stable features

Antibiotic Accuracy Macro-F1 Weighted-F1
Ceftazidim 0.923077 0.480000 0.886154
Ciprofloxacin 0.884615 0.668085 0.853682
Piperacillin/Tazobactam 0.769231 0434783 0.702341
Tobramycin (0.384615 0.277778 0.363248
Trimetoprim 0.769231 0.745098 0.769231

Confusion matrices for antibiotic predictions
Training Random Forest classifier on top 30 stable features

Ceftazidim Ciprofloxacin Piperacillin/Tazobactam Tobramycin Trimetoprim

0.0% 0.0% 0.0%

True

R- QYOO 0.0% 25.0% 4.8%
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Figure 4.8: Classification performance using the top 30 stable features selected via
LASSO, showing mean accuracy, macro Fl-score, and weighted Fl-score for each
antibiotic.

The performance remained comparable to the full LASSO-based feature set, with
slight improvements observed for certain antibiotics, while others showed stable or
reduced performance. Notably, for Ciprofloxacin and Piperacillin/Tazobactam, the
confusion matrices indicate improved detection of the minority class compared to
earlier models, where predictions were more strongly biased toward the majority
class. This suggests improved class-wise sensitivity, although limitations due to
class imbalance remain.
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An additional analysis using the top 10 most consistently selected features per an-
tibiotic was performed to investigate whether further dimensionality reduction could
improve performance. As shown in Table 4.4 and Figure 4.9, reducing the feature
set further did not consistently improve performance, except for Tobramycin, which
showed a modest improvement in certain metrics.

Table 4.4: Model performance using LASSO feature selection and training RF
classifier on the top 10 stable features

Antibiotic Accuracy Macro-F1 Weighted-F1
Ceftazidim 0.846154 0.458333 0.846154
Ciprofloxacin 0.884615 0.668085 0.853682
Piperacillin/Tazobactam 0.615385 (0.380952 0.615385
Tobramycin 0.384615 0.369697 0.399534
Trimetoprim 0.500000 0.333333 0.435897

Confusion matrices for antibiotic predictions
Training Random Forest classifier on top 10 stable features

Ceftazidim Ciprofloxacin Piperacillin/Tazobactam Tobramycin Trimetoprim
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Figure 4.9: Classification performance using the top 10 stable features selected via
LASSO, showing mean accuracy, macro Fl-score, and weighted F1-score for each
antibiotic.

4.4 Antibiotic-Specific Optimisation

To further investigate resistance prediction, classification performance was evaluated
separately for each antibiotic using the model trained on the 30 stable features. Per-
formance varied substantially across antibiotics, reflecting differences in resistance
prevalence, class imbalance, and underlying biological variability. The resulting per-
formance is summarised in Table 4.5, with corresponding confusion matrices shown
in Figure 4.10.
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Table 4.5: Model performance using antibiotic-specific model.

Antibiotic Accuracy Macro-F1 Weighted-F1
Ceftazidim 0.480000 0.923077 0.886154
Ciprofloxacin 0.623188 0.846154 0.823857
Piperacillin/Tazobactam 0.556818 0.769231 0.745629
Tobramycin 0499259 0.500000 0.493333
Trimetoprim 0.640553 0.653846 0.661822

Confusion matrices for antibiotic predictions
Training Random Forest classifier on top 30 stable features with threshold tuning

Ceftazidim Ciprofloxacin Piperacillin/Tazobactam Tobramycin Trimetoprim

0.0% 20.0%

True

Predicted

Figure 4.10: Confusion matrices summarizing prediction outcomes when using
antibiotic-specific model.

Ciprofloxacin and Trimethoprim showed decreased performance under this setting,
whereas Tobramycin and Piperacillin/Tazobactam exhibited improvements com-
pared to earlier models. Overall, the results indicate that urinary proteomics con-
tains predictive information relevant to AMR phenotypes.
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Discussion

The results demonstrate that proteomics-derived protein abundance profiles contain
predictive information associated with AMR phenotypes. However, several charac-
teristics of the dataset influenced both model performance and interpretability. A
major challenge was the high dimensionality of the proteomics data, where the
number of protein features substantially exceeded the number of patient samples.
In addition, pronounced class imbalance across several antibiotics limited the ability
of the models to reliably predict minority resistance phenotypes.

A multi-label classification framework was initially evaluated under the assumption
that resistance phenotypes may share biological mechanisms and therefore could
be jointly predicted within a single model. While this approach enabled simulta-
neous prediction across antibiotics, predictive performance remained limited and
the models demonstrated a strong bias toward the majority class. In particular,
minority resistance classes were rarely, or never, predicted, despite relatively high
accuracy values for certain antibiotics. This discrepancy highlights the limitations of
accuracy as a performance metric under imbalanced class distributions and suggests
that weighted F1-score provides a more informative measure of class-wise predictive
performance in this study.

Compared to the multi-label framework, single-label classification models generally
showed more stable and interpretable predictive behaviour. The improved perfor-
mance observed for certain antibiotics suggests that AMR phenotype prediction
benefits from antibiotic-specific modelling strategies, likely due to differences in re-
sistance prevalence, class distribution, and underlying biological variability between
antibiotics.

5.1 Impact of Targeted Methods

Several targeted methodological strategies were explored throughout the study to
improve classification robustness, interpretability, and generalisation performance.

5.1.1 Feature Selection

Feature selection analyses demonstrated that dimensionality reduction could im-
prove interpretability while maintaining similar predictive performance. The im-
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proved performance observed for certain feature selection strategies may indicate
that removal of noisy or non-informative proteins reduced overfitting and improved
model generalisation. Because proteomics datasets contain large numbers of corre-
lated and potentially redundant protein measurements, reducing the feature space
may simplify the learning problem and improve robustness of the classifier.

The number of selected features also appeared important. Extremely large feature
sets may increase the risk of fitting technical noise and dataset-specific variation,
whereas overly restrictive filtering may remove biologically relevant proteins and
reduce predictive information. Consequently, balancing dimensionality reduction
against information preservation represents an important consideration in proteomics-

based ML workflows.

Although the identified protein signatures demonstrated predictive utility within
the current dataset, the biological relevance of these proteins remains uncertain.
Further biological validation would therefore be necessary to determine whether
the identified proteins are mechanistically associated with resistance phenotypes or
instead reflect indirect host or pathogen-related responses.

5.1.2 Antibiotic-Specific Modeling

A unified modelling strategy initially appeared attractive because resistance phe-
notypes may share biological mechanisms and a unified model give better repro-
ducibility. However, the results suggested that antibiotic-specific behaviour limited
the effectiveness of more generalized prediction approaches.

These differences likely reflect both methodological and biological factors. Variabil-
ity in resistance prevalence and class imbalance directly influenced the ability of the
models to identify minority resistance classes. At the same time, the results may also
indicate that resistance-associated proteomic signatures differ between antibiotics,
potentially reflecting differences in bacterial resistance mechanisms, host responses,
or proteomic detectability.

Antibiotic-specific modelling additionally improved interpretability by enabling di-
rect investigation of proteins associated with each resistance phenotype separately.
The improved performance observed for Trimetoprim following antibiotic-specific
optimisation further supports the importance of adapting modelling strategies to
antibiotic-dependent dataset characteristics rather than relying on a single gener-
alised framework.

5.2 Limitations and Sources of Error

Several limitations should be considered when interpreting the results of this study.
One major limitation was the relatively small cohort size. ML models trained on
small datasets are more sensitive to random variation and may exhibit limited gen-
eralisability to independent patient populations. Despite the use of CV and an
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independent hold-out test set, the risk of overfitting cannot be fully excluded due
to the high-dimensional nature of the dataset.

Class imbalance represented another important challenge. Several resistance phe-
notypes contained relatively few resistant samples, making robust minority-class
classification difficult and increasing uncertainty in performance estimates. This
imbalance also contributed to prediction behaviour biased toward the majority class.

Missing values are common in mass spectrometry-based proteomics data due to
incomplete peptide detection and stochastic sampling effects. Although prepro-
cessing and imputation strategies were applied to minimise the impact of missing-
ness, missing-value handling may still influence downstream analyses and model
behaviour. Additionally, technical variation originating from sample preparation,
instrument performance, and potential batch effects may introduce unwanted vari-
ability into the dataset.

Another limitation is that the identified protein signatures were not experimentally
validated biologically. Consequently, the observed associations should primarily
be interpreted as predictive patterns rather than confirmed biological resistance
mechanisms. Further experimental studies would therefore be necessary to validate
the biological relevance of the identified proteins.

Finally, because the study focused on a relatively homogeneous cohort of E. coli-
associated infections with varying bacterial loads, the findings may have limited
generalisability. In addition, all samples originate from a single clinical setting,
which further restricts external validity. As a result, the findings may not directly
generalise to other bacterial species, infection types, or patient populations without
additional validation. External validation using independent cohorts is therefore
necessary to assess the robustness and potential clinical applicability of the proposed
modelling framework.
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Conclusion

This study investigated whether proteomics-derived protein abundance profiles can
be used to predict AMR phenotypes using ML approaches. Urinary proteomics data
associated with UTIs from FE. coli were preprocessed and analysed using both multi-
label and single-label classification frameworks. Multiple ML models and feature
selection strategies were evaluated to assess predictive performance and identify
informative protein signatures associated with resistance phenotypes.

The results demonstrate that AMR phenotypes can be predicted from urinary pro-
teomics data, although predictive performance varies substantially between antibi-
otics. While a unified multi-label framework was initially explored, single-label
classification approaches generally provided more stable and interpretable results,
reflecting the influence of antibiotic-specific class distributions and underlying bio-
logical variation.

Feature selection analyses showed that substantial dimensionality reduction is pos-
sible without major loss of predictive performance. In particular, models trained on
reduced and stability-selected protein sets achieved comparable performance to full-
feature models, suggesting that a limited subset of proteins captures a significant
proportion of the predictive signal.

The study further highlights several important methodological considerations for
proteomics-based ML, including the impact of class imbalance, feature selection
stability, and antibiotic-specific modelling. These factors were found to strongly
influence model behaviour and should be carefully considered when developing pre-
dictive models in high-dimensional biological datasets.

Although the cohort size was limited and external validation was not performed,
the findings support the potential of urinary proteomics combined with ML as a
complementary approach for AMR phenotype prediction.

6.1 Future Work

Several directions for future research may further improve the robustness and clinical
relevance of the presented framework.

First, validation on larger and more diverse patient cohorts is necessary to evaluate
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model generalisability across independent datasets and clinical settings. Expanding
the analysis to include additional bacterial species and infection types would further
enhance the applicability of the approach.

Second, future studies could explore more advanced ML and deep-learning methods
capable of capturing complex nonlinear relationships in high-dimensional proteomics
data. Integration of additional omics layers, such as genomics or transcriptomics,
may further improve predictive performance and biological resolution.

Finally, future work should focus on the biological interpretation of the identified
protein signatures. This could include filtering and prioritising features using rele-
vant protein databases prior to model training in order to improve biological plau-
sibility and reduce noise. Another potential approach is the application of sequence
clustering methods, such as CD-HIT, to reduce redundancy when merging protein
or sequence databases [37].
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A

Comparison between different
classifiers

A.1 Random Forest

Table A.1: Classification performance using RF, showing mean accuracy, macro
F1-score, and weighted F1-score for each antibiotic.

Antibiotic Accuracy Macro-F1 Weighted-F1
Ceftazidim 0.898485 0473104 0.850762
Ciprofloxacin 0.848485 0.458874 0.779221
Piperacillin/Tazobactam 0.813636 0.448442 0.744675
Tobramycin 0.578788 0.499563 0.547391
Trimetoprim 0.510606 0.334795 0.429399

Confusion matrices for antibiotic predictions
Using Random Forest classifier

Ceftazidim Ciprofloxacin Piperacillin/Tazobactam Tobramycin Trimetoprim

S- 0.0% 0.0% 0.0% 28.0% 20.0%
(U]
3
=
R- PRTE 0.0% 0.0% 2.0% 23.6% 0.0%
S R S R S R S R S R

Predicted

Figure A.1: Confusion matrices for the RF classifier.



A. Comparison between different classifiers

A.2 Logistic Regression

Table A.2: Classification performance using Logistic regression classifier, showing
mean accuracy, macro Fl-score, and weighted F1-score for each antibiotic.

Antibiotic Accuracy Macro-F1 Weighted-F1
Ceftazidim 0.675758 0.488483 0.732202
Ciprofloxacin 0.598485 0.498921 0.631748
Piperacillin/Tazobactam 0.615152 0.516333 0.652402
Tobramycin 0.557576 0.520469 0.541153
Trimetoprim 0.442424 0410137 0.430311

Confusion matrices for antibiotic predictions
Using Logistic Regression classifier

Ceftazidim Ciprofloxacin Piperacillin/Tazobactam Tobramycin Trimetoprim

Bl /1.5%

True

el 60.0%

Predicted

Figure A.2: Confusion matrices for the Logistic regression classifier.
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A. Comparison between different classifiers

A.3 Support Vector Machines

Table A.3: Classification performance using the SVM classifier, showing mean
accuracy, macro Fl-score, and weighted F1-score for each antibiotic.

Antibiotic Accuracy Macro-F1 Weighted-F1
Ceftazidim 0.898485 0.473104 0.850762
Ciprofloxacin 0.848485 0.458874 0.779221
Piperacillin/Tazobactam 0.830303 0.453636 0.753333
Tobramycin 0.627273 0.385146 0.484253
Trimetoprim 0.627273 0.385146 0.496534
Confusion matrices for antibiotic predictions
Using Support Vector Machine classifier

Ceftazidim Ciprofloxacin Piperacillin/Tazobactam Tobramycin Trimetoprim

S- 0.0% 0.0%
(U]
3
=
R- PRTE 0.0% 0.0%
S R S R

0.0%

0.0%

Predicted

0.0%

0.0%

Figure A.3: Confusion matrices for the SVM classifier.

2.5%

0.0%

ITT



A. Comparison between different classifiers

IV



B

Comparison between different
feature selection methods

B.1 Filtering missing values

Table B.1: Classification performance when filtering missing values as feature
selection, showing mean accuracy, macro F1l-score, and weighted F1-score for each

antibiotic.

Antibiotic Accuracy Macro-F1 Weighted-F1
Ceftazidim (0.898485 0473104 0.850762
Ciprofloxacin (0.848485 0.458874 0779221
Piperacillin/Tazobactam 0.796970 0443247 0.736017
Tobramycin 0578788 0.463940 0.521946
Trimetoprim 0577273 0469726 0.529620
Confusion matrices for antibiotic predictions

Filtering based on missing values as feature selection method

Ceftazidim Ciprofloxacin Piperacillin/Tazobactam Tobramycin Trimetoprim

S- pJORL/E 0.0% 0.0% 0.0% pEioJoNOV
(U]
2
R- POJONNR 0.0% 0.0% 4.0%
s R s R s

Predicted

19.0%

17.9%

22.5%

24.0%

Figure B.1: Confusion matrices for the single-label classification model when fil-

tering missing values is used for feature selection.



B. Comparison between different feature selection methods

B.2 Statistical t-test

Table B.2: Classification performance using t-test as feature selection, showing
mean accuracy, macro Fl-score, and weighted F1-score for each antibiotic.

Antibiotic Accuracy Macro-F1 Weighted-F1
Ceftazidim 0.898485 0.473104 0.850762
Ciprofloxacin 0.763636 0.429394 0.729293
Piperacillin/Tazobactam 0.796970 0.492338 0.751169
Tobramycin 0.456061 0.351733 0.416546
Trimetoprim 0.543939 0.432435 0.501832

Confusion matrices for antibiotic predictions
Using statistical filtering (t-test) as feature selection method

Ceftazidim Ciprofloxacin Piperacillin/Tazobactam Tobramycin Trimetoprim

S- 0.0% 10.0% 10.0% 23.2%
()
Z
I—
R- QORSZY 0.0% 0.0% 6.0% 15.0%
S R S R S R S R S R

Predicted

Figure B.2: Confusion matrices for the single-label classification model using t-test
as feature selection.
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B. Comparison between different feature selection methods

B.3 LASSO

Table B.3: Classification performance using LASSO as feature selection, showing
mean accuracy, macro Fl-score, and weighted F1-score for each antibiotic.

Antibiotic Accuracy Macro-F1 Weighted-F1
Ceftazidim 0.898485 0473104 0.850762
Ciprofloxacin 0.848485 0.458874 0.779221
Piperacillin/Tazobactam 0.813636 0.448442 0.744675
Tobramycin 0.578788 0.499563 0.547391
Trimetoprim 0.527273 0.380145 0457485

Confusion matrices for antibiotic predictions
Using LASSO as feature selection method

Ceftazidim Ciprofloxacin Piperacillin/Tazobactam Tobramycin Trimetoprim

s- 0.0% 0.0% 0.0% 28.0% 22.5%
[}
2
(=
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Predicted

Figure B.3: Confusion matrices for the single-label classification model using
LASSO as feature selection.
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B. Comparison between different feature selection methods

B.4 Elastic net

Table B.4: Classification performance using Elastic net as feature selection, show-
ing mean accuracy, macro Fl-score, and weighted F1-score for each antibiotic.

Antibiotic Accuracy Macro-F1 Weighted-F1
Ceftazidim 0.898485 0473104 0.850762
Ciprofloxacin 0.848485 0.458874 0.779221
Piperacillin/Tazobactam 0.796970 0.443247 0.736017
Tobramycin 0.578788 0.499563 0.547391
Trimetoprim 0.527273 0.385079 0.465762

Confusion matrices for antibiotic predictions
Using Elastic net as feature selection method

Ceftazidim Ciprofloxacin Piperacillin/Tazobactam Tobramycin Trimetoprim
0.0%

0.0% 0.0% 28.0% VRSV N 22.5%

True

R- QEJOROVAY 0.0% 0.0% 4.0% 23.6% NN 9.0%

Predicted

Figure B.4: Confusion matrices for the single-label classification model using Elas-
tic net as feature selection.
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C. Top 30 stable features identified for each antibiotic

Top 30 stable features identified
for each antibiotic

Ceftazidim  Ciprofloxacin Piperacillin/Tazobactam Tobramycin  Trimetoprim
WP_002354936.1 NP_418718.4 P53985 Q9BSQ5 Q17RN3
HBWA268457.1 P&7870 HBWA267851.1 WP_013095032.1 P08034
NP_414897.1 MNP_416069.2 PO1772 Qscon MNP_415340.1
Q3UBUG CAH5607516.1 075173 QB8N511 HBW4270523.1
Q8WUF5 NP_418555.1 095450 PO2671 Q96HPS
060749 Q99470 MNP_417359.1 MNP_417259.1 HBWA4266481.1
Q96CPe HBWA267777.1 HBWA4267143.1 Q9BQ61 O75071
QBNBX0 Q86T13 P34897 043306 Q8N556
P51153 095352 WP_230134272.1 ADADZAR1IRE Q3ZCve2
Q9UBKS QSHB19 HBWA4271608.1 HBW4271603.1 WP_230134272.1
P31512 Q9enNZ9 Q96H55 P30679 NP_416876.1
Q96GES Q13564 WP_041080602.1 P83881 WP_002357765.1
Q9esL1 HBWA267668.1 Q9Yem7 Q8IXKD QeAl0E
QeUWFT Q9P0O35 Q96FF7 Q8MNHLE Q8TDWO
Q7Z794 QSHOQO 075880 NP_416367.1 Q99626
P36959 P0O7306 000115 Q9Y259 WP_219248991.1
NP_416861.1 NP_414847.3 P78329 Q8TED2 MNP_416693.1
QsuLs2 Q9Y2es NP_416142.1 WP_230134272.1 CAH5712960.1
NP_414828.1 P01258 Q93062 Q96LE4 P0O7359
AOADADMTES NP_415172.1 NP_416186.4 Q93052 Q9Y530
Q9MNWHS HBW4266729.1 QePKC3 HBWA4271608.1 HBW4269559.1
Q9NWEBG YP_026224.1 Q9Y4GE QOUHYT NP_418493.1
HBWA4266944.1 NP_416138.1 Q9UNWA1 HBWA4266515.1 014684
Q9BRT2 Q9NMNXE Qesr27 Q9BXWT QI9NXV2
Q9y3L3 MNP_415774.1 WP_002483004.1 HBWA4268500.1 HBWA4268838.1
P01871 Q92990 HEWA271044.1 Q15021 Q99996
075506 Q99962 HEWA4266176.1 Q9MR28 WP_001144069.1
Qsumz2 MNP_418239.1 PO1782 MP_415276.1 WP_089819505.1
Q8TBZ3 QsuLv4 HBWA4269346.1 P48449 Q99719
NP_418771.1 Q99983 Q6INE4 Q99727 Q5MNZ9
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