Journal Pre-proof INTERNATIONAL

SOCIETY
FOR INFECTIOUS
DISEASES

Investigating Infection and Clinical Data to Predict Effective Antibiotic
Therapy and Monitor Resistance Trends

Marco Benedetto , Giuseppe Piccinni, Cristina De Leo ,
Corrado Cirielli, Francesco Facchiano, Angelo Facchiano ,
Annarita Panebianco , Stefano Tagliaferri, Michele La Rocca ,
Paolo Marchetti, Roberto Tagliaferri, Antonio Facchiano

Pl S1201-9712(26)00477-7

DOI: https://doi.org/10.1016/].ijid.2026.108842
Reference: IJID 108842

To appear in: International Journal of Infectious Diseases
Received date: 28 November 2025

Revised date: 17 April 2026

Accepted date: 26 May 2026

Please cite this article as: Marco Benedetto, Giuseppe Piccinni, Cristina De Leo, Corrado Cirielli ,
Francesco Facchiano , Angelo Facchiano , Annarita Panebianco , Stefano Tagliaferri ,
Michele La Rocca, Paolo Marchetti, Roberto Tagliaferri, Antonio Facchiano, Investigating In-
fection and Clinical Data to Predict Effective Antibiotic Therapy and Monitor Resistance Trends,
International Journal of Infectious Diseases (2026), doi: https://doi.org/10.1016/}.ijid.2026.108842

This is a PDF of an article that has undergone enhancements after acceptance, such as the ad-
dition of a cover page and metadata, and formatting for readability. This version will undergo addi-
tional copyediting, typesetting and review before it is published in its final form. As such, this ver-
sion is no longer the Accepted Manuscript, but it is not yet the definitive Version of Record; we are
providing this early version to give early visibility of the article. Please note that Elsevier’s sharing
policy for the Published Journal Article applies to this version, see: https://www.elsevier.com/about/
policies-and-standards/sharing#4-published-journal-article. Please also note that, during the produc-
tion process, errors may be discovered which could affect the content, and all legal disclaimers that
apply to the journal pertain.

(©) 2026 Published by Elsevier Ltd on behalf of International Society for Infectious Diseases.
This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)



Journal Pre-proof

Highlights
(Benedetto et al.)

¢ Delays in antibiotic selection worsen patient outcomes and promote resistance.

e Machine learning helps rapid identification of optimal antibiotic treatments, based on
personal clinical history.

e XGBoost — based calculations achieved extremely relevant AUROC accurateness scores in
predicting antibiotic susceptibility.

¢ Routine clinical and microbiological data can be used to effectively predict antibiotic

resistance profiles.
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Abstract

Background: Data-driven approaches to effectively select antibiotics are crucial to improving
patient outcomes and reducing antibiotic resistance. This study aimed to determine whether
routinely collected clinical and microbiological data can be used to train machine learning (ML)

models to predict antibiotic resistance in patients with bacterial infections.

Methods: We conducted a retrospective observational study on clinical data from two separate
Italian hospitals, analyzing 15,581 bacterial isolates collected from 9,966 patients between 2018
and 2024 at a multi-department hospital located in Rome and secondary clinic located in
Capranica, about 70 Km away from Rome. Multiple ML models were trained, using both
unbalanced and SMOTE-balanced datasets. Performance was assessed using cross-validation
and independent test sets, comprising 2023-2024 isolates. Performance was measured using the
Area Under the Receiver Operating Characteristic curve (AUROC), F1 score, accuracy, precision,

and recall.

Results: XGBoost consistently outperformed other trained models, achieving AUROCs of 0.882

and 0.878 for Gram-positive and Gram-negative datasets, respectively. Species-specific models

further improved discrimination, reaching AUROC scores up to 0.946 for P. aeruginosa, 0.941 for
K. pneumoniae, 0.938 for E. faecalis, 0.919 for E. coli, 0.894 for P. mirabilis, and 0.891 for S.

aureus.

Conclusions: These results demonstrate the utility of ML models in accurately predicting antibiotic
susceptibility from routine clinical data, thus facilitating rapid initiation of targeted therapy. Such an
approach can potentially reduce treatment delays by up to 48 hours compared to traditional
diagnostic methods, presenting a useful tool to manage patients in critical conditions and combat

antibiotic resistance in clinical practice.

Keywords: Antimicrobial resistance; machine learning; precision medicine; antimicrobial

stewardship; antibiotic susceptibility prediction.
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Glossary

ACC: Accuracy

AM: Ampicillin

AMR: Antimicrobial resistance
AMX: Amoxicillin

AN: Amikacin

AST: Antibiotic susceptibility testing
AUROC/AUC: Area under the receiver operating characteristic curve
CC: Clindamycin

CFM: Cefixime

CIP: Ciprofloxacin

CN: Cefotetan

CST: Colistin

DAP: Daptomycin

ER: Erythromycin

ESBL: Extended-spectrum beta-lactamase
ETP: Ertapenem

FA: Fusidic acid

FEP: Cefepime

FOS: Fosfomycin

FTN: Ceftriaxone

GM: Gentamicin

ICU: Intensive care unit

IMI: Imipenem

LASSO: Least absolute shrinkage and selection operator
LEV: Levofloxacin

LNZ: Linezolid

LR: Logistic regression

MEM: Meropenem

ML: Machine learning

MXF: Moxifloxacin

OXS: Oxacillin
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PENG: Penicillin G

PIP: Piperacillin

PREC: Precision

RF: Random Forest

ROXH: Roxithromycin

SENS: Sensibility

SMOTE: Synthetic Minority Oversampling Technique
SPEC: Specificity

SXT: Trimethoprim/Sulfamethoxazole
TAX: Cefotaxime

TET: Tetracycline

TMP: Trimethoprim

TOB: Tobramycin

TPN: Teicoplanin

TZP: Piperacillin/Tazobactam

TZPN: Piperacillin/Tazobactam

VA: Vancomycin

WGS: Whole Genome Sequencing
WHO: World Health Organization

XGBoost: Extreme gradient boosting
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Introduction

Infections represent a constant threat to global health. Particularly, bacterial infections are a major
cause of morbidity and mortality worldwide. Investigating the way infections take place and develop
allows us to understand better how pathogens invade the human body, how they spread, and the
underlying pathogenic mechanisms, leading to the discovery of new and effective treatments,
vaccines, and preventive strategies. Infections affect individuals of all ages, especially more fragile
individuals such as infants, the elderly, and immune-compromised patients [1,2]. Investigating
personal data and other clinical features of infected patients may therefore help develop strategies

to prevent the spread of disease in communities, hospitals, and healthcare facilities [3-9].

We are currently facing increasing antibiotic resistance, with a progressive increase in strains
resistant to currently available antibiotics [10,11]. Such a condition is leading to an increasingly
serious emergence related to: i) increasing infection-associated mortality; ii) reducing treatment
options with an increase in time and costs for the treatment and iii) the rapid global spread of

resistant strains.

Therefore, developing innovative approaches to improve the clinical management of infections and
to reduce the use of ineffective antibiotics is a global clinical need. In fact, one of the most critical
aspects of current health management is the emergence and spread of antibiotic resistance,
exacerbated by the overuse and inappropriate use of antibiotics, both in humans and in animal
farming. Multidrug-resistant bacteria represent a global threat because infections easily treatable in
the past may now become potentially fatal. For example, Escherichia coli, Klebsiella pneumoniae,
Staphylococcus aureus, and Pseudomonas aerouginosa infections are often more difficult to treat
due to antibiotic resistance. In some cases, effective treatment options are lacking. We have
recently shown the use of a particular tobramycin formulation to treat chronic multidrug-resistant P.

aerouginosa infected ulcers, otherwise incurable [12].

An additional issue is the role of early diagnosis of serious infections. Under such clinically critical
conditions, it is essential to start as soon as possible an effective antibiotic treatment, to increase

the chances of successful treatment and reduce the toxicity of ineffective antibiotics [13,14]. Early
6
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diagnosis and effective therapy also help limit the spread of infections and prevent the overuse of
antibiotics, as targeted and timely treatment reduces the need for empirical or prolonged drug
administration. Previous research demonstrated that machine learning (ML) models can achieve
moderate to high predictive performance in various clinical settings. However, previous studies
typically focus on a single specimen type, specific bacterial species, or a single antibiotic, limiting
their broader application [5-9]. For instance, Mintz et al. developed an ensemble of several ML
algorithms, including LASSO, random forest, gradient-boosted trees, and neural networks, to
predict ciprofloxacin resistance in hospitalized patients, achieving an area under the receiver
operating characteristic curve (AUROC) of 0.837 when incorporating information on the infecting
bacterial species [9]. Similarly, Feretzakis et al. focused on ICU-specific data and Gram stain
classification to predict resistance profiles for several antibiotics, yielding an AUROC of 0.726, but
their approach was restricted to a specific clinical setting [8]. Further studies focused on urine tract
infections as a single specimen type, reporting AUROCSs of 0.74 [7], 0.77 [5], and 0.83 [6],
respectively. Integrating whole-genome sequencing (WGS) with high-throughput sequencing data
is an alternative approach that has been increasingly explored in the literature. Van Camp et al.
developed XGBoost-based models to predict drug resistance in five nosocomial Gram-negative
organisms using WGS data as input, achieving AUROC values ranging from 0.80 for cefotaxime to
0.97 for tobramycin [15]. Other bacterium-specific studies have also reported strong performance
in predicting antibiotic resistance by integrating WGS with antibiotic susceptibility test (AST) data,
with AUROC values up to 0.96 for Escherichia coli [16] and mean accuracies =0.98 for
Pseudomonas aeruginosa [17]. Despite their promising results, compared to traditional methods,
WGS remains relatively expensive, and its need for substantial storage capacity and high-
performance computing restricts its availability in clinical practice, thereby limiting the applicability

of these approaches [18].

In contrast, the current study integrates multiple specimen type, bacterial species, and a broad
panel of 34 antibiotics simultaneously, leveraging routinely collected data from 9,966 patients at
IDI-IRCCS (Istituto Dermopatico delllmmacolata - Istituto di Ricovero e Cura a Carattere

Scientifico) hospital from 2018 to 2024. During 10-fold cross-validation, ML model trained on the
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Gram-positive dataset achieved an AUROC of 0.882, while the model trained on the Gram-
negative dataset achieved 0.878. For models trained on a subset of isolates positive to a known
bacterial species, AUROC scores of 0.919 for E. coli, 0.938 for E. faecalis, 0.941 for K.
pneumoniae, 0.946 for P. aeruginosa, 0.894 for P. mirabilis, and 0.891 for S. aureus were

achieved.

Methods
Patient enroliment

Data for this clinical study were collected over seven years (2018-2024) from two sites owned by
the Fondazione Luigi Maria Monti, i.e. from IDI-IRCCS located in Rome and the hospital located in
Capranica, both in the Lazio region of Italy. The study was approved by the IDI-IRCCS Ethic
Committee (CE IDI, n. 695.1, June 7th, 2022). Patients were enrolled retrospectively according to
the protocol approved by the Ethics Commitiee, i.e. if they were = 18 years old and if they were
positive for any infection test at the IDI-IRCCS laboratory in the 2018-2024 time span. The dataset
consists of 15,581 isolates collected from 9,966 inpatient and outpatient individuals. It is worthwhile
to notice that during the COVID-19 emergency in Italy (2020-2021), routine microbiological testing
was reduced due to the reallocation of healthcare resources, the suspension of outpatient services,

and reduced inpatient admission for non-COVID conditions.
Bacterial susceptibility data

In the current study, bacterial cultures demonstrating susceptible-increased exposure or resistant
results were grouped as non-susceptible to address the class imbalance in the dataset, given that
the number of susceptible results exceeded the other outcomes. To further handle the class
imbalance and create a more balanced training set, we employed the synthetic minority
oversampling technique (SMOTE), an oversampling technique that creates new synthetic samples

of the minority class.
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The dataset contained the following variables of interest: age (numerical), sex (binary), specimen
type (blood, urine, sputum, swab, microbiology, miscellaneous; categorical), unit type (medical or
surgical; binary), admission type (inpatient or outpatient care; binary), Gram stain (positive or
negative; binary), bacterial species (categorical), 43 antibiotics (categorical), and their
corresponding antibiotic susceptibility results (susceptible or non-susceptible; categorical).
Additional features related to previous infections and antibiotic resistance were engineered from
the dataset. After data cleaning, the number of antibiotics used for model training was reduced to

34.
Identification of microorganisms and antibiotic susceptibility test

To identify microorganisms in the human samples under investigation, and to test the susceptibility
to antibiotics Antimicrobial Susceptibility Testing (AST), the Becton-Dickinson technology BD-
Phoenix was used, according to the diagnostics standards, at the Diagnostics Laboratory at IDI-
IRCCS in Rome. The BD-Phoenix 50 instrument was used along with the Epicenter software, and
the diagnostics procedures were followed, according to the user manual, as briefly reported below,

and following the EUCAST recommendations.

Phoenix technology uses a range of chromogenic and fluorogenic tests to identify the organism via
both growth and enzymatic reactions. The tests are based on the microbial degradation of specific
substrates detected by various indicator systems, such as phenol red indicator or other
chromogenic or flucrogenic producing a fluorescent coumarin derivative or a resazurin-based
indicator. In addition, other tests detect an organism's ability to hydrolyze, degrade, reduce, or

otherwise utilize a substrate.

Testing for susceptibility to antimicrobial agents was performed by determining bacterial growth in
Phoenix microwell panels containing various concentrations of the antibiotic and a growth indicator.
Incubation and reading of these panels were done by a continuous process in the instrument. This
technique was used according to diagnostic standards in AST predetermined panels, to measure
the susceptibility or resistance of any given microorganism to various antibiotics or antimicrobial

agents. For antibiogram and antibiotic resistance measures, Gram+ bacteria were tested with 23
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antibiotics while Gram- were tested with 20 antibiotics, using 1:2 serial dilutions. The AST Phoenix
method is a broth microdilution test, using an oxidation-reduction indicator to detect the growth of
organisms in the presence of any given antibiotic [19]. Continuous measurements of changes in
both indicator and bacterial turbidity were used to determine bacterial growth. All diagnostic tests
carried out were done according to the international EUCAST guidelines annually updated and

certified.

Feature Engineering and Data Preprocessing

The initial dataset contained multiple columns corresponding to susceptibility test results for 43
different antibiotics, with each antibiotic represented as a separate column indicating whether the
isolate was susceptible (S), susceptible-increased exposure (l), or resistant (R). After data
cleaning, we included in the dataset only those antibiotics included in at least 800 susceptibility test
results from more than 600 distinct patients. As a result, the total number of antibiotics considered
for further analysis decreased from 43 to 34. We transformed the dataset from a wide to a long
format to streamline the modeling process and enable the development of a predictive model with

a single output. This transformation involved two steps:

1. The multiple antibiotic-specific columns were combined into a single column,
representing the susceptibility outcome (susceptible (S) or non-susceptible (NS), which
includes susceptible with increased exposure (I) and resistant (R))

2. A new categorical column was introduced to indicate the name of the antibiotic

corresponding to each susceptibility result.

For each patient, new binary features were added to capture historical non-susceptibility identified
in previous antibiotic susceptibility test results. Accordingly, prior non-susceptibility to any antibiotic
included in this study was defined as the presence of at least one historical test result for that

antibiotic classified as resistant (R) or susceptible with increased exposure (1). This feature reflects

a previous infection caused by a bacterial strain exhibiting a reduced susceptibility phenotype. This

10
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restructuring allowed us to handle antibiotics as a categorical feature within the model and to
predict susceptibility outcomes across different antibiotics using a unified modeling framework. By
converting the dataset into a long format, we increased the effective sample size for each subset
and enabled the model to learn patterns applicable to various antibiotics, potentially enhancing

predictive performance.

During preprocessing, categorical variables were encoded using one-hot encoding, whereas

numerical variables, such as age, were standardized.

Statistical Analysis and Machine Learning Algorithms

A x?test was used to assess the association between bacterial distribution and the type of
admission. For pairwise comparisons of proportions, two-proportion z-tests were conducted for the
most detected bacteria. A Bonferroni correction was applied to account for multiple comparisons.

The significance level was set at P<.05.

We performed a comparative analysis of several ML algorithms: logistic regression [20], random
forest [22], eXtreme Gradient Boosting (XGBoost) [23], and TabNet [24]. Data collected between
2018 and 2022 (11,213 isolates collected from 7,395 patients) were used for model training and
hyperparameter fine-tuning, employing a 10-fold cross-validation to minimize overfitting. To
address class imbalance and evaluate its effect on model performance, training was performed
both with and without SMOTE. Since Gram staining results are available largely before full
bacterial identification, models were trained using both partial (i.e., only Gram staining) and

complete information (i.e., Gram staining plus full bacterial identification).

To minimize temporal bias, the models' performance in predicting antibiotic susceptibility results
(susceptible or non-susceptible) was assessed on the data collected from 2023-2024, ensuring
evaluation that approximate real-world clinical deployment conditions. To mitigate patient-level data
leakage, isolates from 648 patients included in the training set were later excluded from the test
set, thereby generating an additional test set. While this prevents inflated performance estimates, it

11
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may also result in underestimation, since this test set contains only patients without prior infection

or resistance history.

Models were trained and tested on subsets of Gram-positive, Gram-negative, E. coli, E. faecalis, K.
pneumoniae, P. aeruginosa, P. mirabilis, and S. aureus infected isolates. The pathogens were
selected based on their prevalence within the IDI-IRCCS institution. Performance statistical metrics
included the area under the receiver operating characteristic (ROC) curve (AUROC), F1 score,
accuracy, precision, and recall. As part of our analysis, we evaluated feature importance by
computing the normalized total reduction in the impurity criterion contributed by each feature,
known as the Gini importance [25]. To further improve model interpretability beyond aggregate
feature importance rankings, we applied SHapley Additive exPlanations (SHAP) to the XGBoost
model trained on E.coli isolates. SHAP values provide both global and local explanations of model
predictions, quantifying the contribution of each feature to single outcomes. Local SHAP plots were
generated for a representative set of patient profiles to illustrate how clinical features interact in

specific prediction scenarios.

Analyses were performed with R version 4.5.1 and Python version 3.12.3.

Results

Table 1 presents the summary statistics of clinical and microbiological data for the study
population, which included 15,581 isolates from 9,966 patients with a mean age of 61.9 + 21.4
years. The majority of the population was female (59.5%), with most patients receiving care in
medical units (98.0%) and primarily as outpatients (78.9%). The most frequently analyzed
specimens were urine (41.7%), followed by miscellaneous biological materials (23.9%), and swabs
from ulcers (21.9%). Gram-negative bacteria were predominant, accounting for 63.3% of isolates,
with E. coli being the most commonly identified species (28.6%). In the training set, 73.1% of
isolates were susceptible to the tested antibiotics, whereas 70.0% of isolates in the test set were

susceptible.

12
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The distribution of bacterial isolates differed significantly between inpatient and outpatient settings
over the seven-year study period, as shown in Figure 1. In inpatient care (Figure 1a),
Staphylococcus was the most frequently identified genus, accounting for 30.8% of isolates,
followed by Escherichia (20.5%) and Pseudomonas (17.5%). In contrast, outpatient settings
(Figure 1b) were dominated by Escherichia (28.4%), followed by Staphylococcus (24.2%) and
Pseudomonas (9.2%). Statistical analysis using a x? test confirmed a significant association
between bacterial distribution and type of care (P<.05). A two-proportion z-test indicated that
Staphylococcus was significantly more prevalent in inpatients than outpatients (P<.05), while
Escherichia was more frequent in outpatients compared to inpatients (P<.05). For Pseudomonas
and Proteus, the proportion was significantly higher in inpatients than outpatients (P< .05).
However, the prevalence of Klebsiella and Enterococcus showed no significant difference between
inpatients (7.7% Klebsiella-positive isolates, 6.4% Enteroccocus-positive isolates) and outpatients

(8.7% Klebsiella-positive isolates, 5.7% Enterococcus-positive isolates; P>.05).

Using prevalence data in the different hospital units led us to the observation of microbial
“fingerprints” that may discriminate the different units within a given hospital. Figure 2 illustrates
bacterial distributions across different hospital units. In the dermatology unit (Figure 2a),
Staphylococcus was the most frequently identified genus (38.6%), followed by Escherichia (22.2%)
and Pseudomonas (17.4%). The oncology unit (Figure 2b) had Escherichia as the dominant genus
(27.0%), while Staphylococcus and Klebsiella were present at 18.5% and 16.7%, respectively. In
the surgery unit (Figure 2c), Staphylococcus accounted for 23.9% of isolates, with Pseudomonas
(20.4%) and Enterococcus (15.0%) also frequently detected. In the IDI clinic (Figure 2d),
Escherichia was most prevalent over the five years (30.2%), followed by Staphylococcus (25.1%)

and Pseudomonas (9.6%).

Figure 3 presents the distribution of the three mostly present bacterial species across different
hospital departments. The dermatology unit consistently reported a high prevalence of S. aureus,
peaking at 46.9% in 2024, with the highest absolute number of cases occurring in 2019 (152

cases, 35.6%). E. coli remained the dominant pathogen in the outpatient IDI clinic, maintaining a

13
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stable presence at around 30% across all years. In the oncology unit, E. coli reached its highest
proportion in 2020 (40.5%), while the operating theatre exhibited fluctuating trends, with P,

aeruginosa prevalence peaking in 2018 (35.5%) and 2023 (40.0%).

Heatmaps in Figure 4 depict the increasing antibiotic resistance of Gram-positive and Gram-
negative isolates over time. Among Gram-positive bacteria (Figure 4a), the most resistant
antibiotics included penicillin G, ampicillin, ciprofloxacin, erythromycin, with ciprofloxacin resistance
exceeding 75% after 2021. For Gram-negative bacteria (Figure 4b), ampicillin, roxithromycin,
ciprofloxacin, amoxicillin, and cefepime displayed the highest resistance rates. Since mid-2021,

roxithromycin resistance in Gram-negative isolates surpassed 60%.

Figure 5 highlights resistance rates in different care settings: the rising resistance of K.
pneumoniae to cefepime and amoxicillin in inpatient care, with near-complete resistance to
ampicillin observed in both inpatient and outpatient settings throughout the study period. S. aureus
demonstrated high resistance to gentamicin, ciprofioxacin, erythromycin and penicillin G, while P.
aeruginosa showed increasing resistance to ciprofloxacin and cefepime reaching a peak in 2022

among inpatients and outpatients.

Predicting antibiotic susceptibility

Table 2 summarizes the performance of machine learning models used to predict antibiotic
susceptibility, while the corresponding ROC curves are shown in Figure 6. Model performance was
evaluated on both unbalanced and SMOTE-balanced datasets using 10-fold cross-validation and
independent test sets. Among all models, XGBoost demonstrated the highest discriminative ability.
On the unbalanced Gram-positive dataset, it achieved an AUROC of 0.882, an F1-score of 0.827,
and an accuracy of 0.834. The Gram-negative dataset exhibited a similarly strong results, with an
AUROC of 0.878, an F1-score of 0.834, and an accuracy of 0.841. Although XGBoost generally
outperformed other algorithms, random forest surpassed it in AUROC when trained on SMOTE-

balanced datasets and evaluated on the 2023-2024 datasets, achieving a 0.857 and 0.782 for the

14
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Gram-positive and Gram-negatives, respectively. Species-specific results further highlighted
XGBoost’s superior performance, with AUROC scores of 0.919 for E. coli, 0.938 for E. faecalis,
0.941 for K. pneumoniae, 0.946 for P. aeruginosa, 0.894 for P. mirabilis, and 0.891 for S. aureus.
Logistic regression, random forest, and TabNet performed worse than XGBoost during cross-
validation; however, random forest surpassed XGBoost when trained on SMOTE-balanced

datasets and evaluated on the independent test sets.

Figure 7 presents feature importance rankings in XGBoost models. Among Gram-positive isolates
(Figure 7a), moxifloxacin and roxithromycin had the highest importance, followed by specimen
type, ertapenem, and vancomycin. For Gram-negative isolates (Figure 7b), colistin, ceftriaxone,
roxythromycin were strong predictors. Historical non-susceptibility patterns ranked among the top
features for XGBoost trained on both partial (i.e., only Gram staining) and complete information

(i.e., bacterial species).

To illustrate case-level interpretability, we focused on the E. coli model, as it represents the most
prevalent pathogen in our dataset. Representative SHAP waterfall plots (Figure 8) highlight distinct
decision patterns across cases with higher versus lower predicted probability of non-susceptibility.
Panel A of Figure 8 shows the SHAP waterfall plot for a female inpatient aged 61 with an
extensive documented prior resistance history, including previous non-susceptibility to gentamicin,
carbapenems, and ciprofloxacin. Despite the tested antibiotic (amoxicillin) exerting a protective
contribution (SHAP = -0.26), the cumulative weight of historical resistance patterns drove the
model toward a non-susceptibility prediction, demonstrating its ability to integrate prior
microbiological data in a manner consistent with clinical reasoning. Similarly, panel B of Figure 8
illustrates how prior non-susceptibility to ciprofloxacin and ampicillin, combined with demographic
risk factors, contributes to a non-susceptibility prediction in an 85-year-old male inpatient.
Conversely, panel C of Figure 8 shows that, in a female inpatient aged 72 with no prior clinical
history, the model predicted non-susceptibility based solely on contextual features, including age,
admission type, and a winter sampling month, demonstrating its applicability even in newly

admitted patients with unknown resistance history. Overall, these examples indicate that the model

15
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integrates clinically meaningful predictors in a transparent and clinically plausible manner across

diverse scenarios.

Discussions

Investigating responses to antibiotics and bacterial resistance is essential for improving global
health management, given the continuous emergence of new antibiotic resistances [26]. The
findings of the present study may contribute to optimizing antibiotic selection, improving patient
outcomes, and reducing ineffective prescriptions. In fact, the ability to quickly and accurately
diagnose infections and determine effective treatments is crucial for limiting the spread of resistant

strains and minimizing the risks associated with inappropriate antibiotic use [27].

The proposed predictive models demonstrated strong discriminative performance, with XGBoost
achieving AUROC values of 0.882 and 0.878 for Gram-paositive and Gram-negative bacteria,
respectively, when the Gram-positivity or negativity was the only bacterium-type information
available. Performances further improved when XGBoost was trained on bacterium-specific
datasets (Table 2). These findings suggest that machine learning tools can be successfully applied
in clinical settings to improve decision-making in antibiotic therapy using data routinely collected

during clinical practice.

One of the most pressing issues in infection management is the delay in obtaining susceptibility
test results, often forcing clinicians to rely on broad-spectrum antibiotics. The approach tested in
the present study responds to the need for faster bacterial identification and characterization
methods [28] and its integration could significantly reduce the time required to initiate effective

treatment, thereby improving patient outcomes.

The economic burden of antimicrobial resistance (AMR) is substantial. Nelson et al. (2021)
estimate that multidrug-resistant infections cost the US healthcare system $1.9 billion annually and
contribute to over 11,000 deaths among elderly patients [29]. Furthermore, the World Health

Organization (WHO) reports that the European region experiences over 670,000 AMR-related

16
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infections annually, leading to approximately 33,000 fatalities [30-31]. The predictive models
presented in this study have the potential to optimize resource utilization and reduce hospital

admissions and patient stays, ultimately leading to significant cost savings for healthcare systems.

Interestingly, Figures 1-3 revealed distinct bacterial profiles across different units within the same
hospital. It is reasonable to expect that such patterns would likely differ across diverse
geographical contexts as well as across differently specialized hospitals. In fact, the infections-
patterns may differ according to the clinical and geographical characteristics of the patient
population, underscoring the importance of applying locally tailored analytical and predictive
approaches. By capturing these unit-specific patterns, the proposed approach concretely aligns
with precision and evidence-based medicine principles, supporting data-driven clinical decision-

making adapted to specific local epidemiological conditions.

Figure 6 and Table 2 confirm that the XGBoost model consistently outperformed other classifiers
and that prior non-susceptibilities to antibiotics are key predictors. Reliance on prior non-
susceptibilities reflects an important system feature: it mirrors the clinical reasoning process by
which physicians integrate prior medical history into therapeutic decisions. When such information
is available, incorporating it into predictive models strongly enhances its clinical value. We
acknowledge that applicability may be reduced in scenarios involving newly admitted patients with
no medical history; however, the proposed framework was designed to support “what-if’
simulations in cases of incomplete records, allowing clinicians to explore alternative scenarios
(e.g., assuming prior non-susceptibility to cephalosporins) and assess their potential impact on
treatment decisions. SHAP-based interpretability analysis (Figure 8) confirmed that the XGBoost
model's predictions are clinically plausible across diverse patient profiles. At the individual level,
prior non-susceptibility to antibiotics emerged as the dominant driver of resistance predictions in
patients with documented infection history, consistent with the known co-resistance mechanisms
associated with extended-spectrum beta-lactamase (ESBL) activity and multidrug-resistant E. coli
strains. In patients without prior microbiological data, the model appropriately relied on contextual

variable. These findings support the clinical translational potential of the proposed framework and
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address concerns regarding the interpretability of black-box machine learning models in clinical

settings.

This dual utility underscores the potential of the model both as a decision-support tool in routine
practice and as a means of guiding therapy when historical data are partial or absent. The
observed drop in performance on the independent test sets may be explained by XGBoost’s
reliance on prior non-susceptibility results. Indeed, as expected, models achieved higher
performances when tested on patients whose previous microbiological history was available
compared with patients lacking previous history. To prevent patient-level data leakage and
overestimated performance, isolates from patients admitted between 2018 and 2022 were
excluded in the test set. As a result, the additional test set comprised only patients without previous
clinical histories, potentially leading to an underestimation of the model’s real-world predictive
performance. The introduction of the SMOTE oversampling method to balance the training sets did
not lead to substantial improvements in model performance during cross-validation. Notably,
random forest models trained on SMOTE-=balanced data surpassed XGBoost when evaluated on
the independent test sets, suggesting that oversampling may enhance model generalization in

certain conditions, where no previous clinical history is known.

The study builds upon previous machine learning research, which demonstrated that predictive
algorithms could accurately determine antibiotic susceptibility. However, these earlier efforts were
narrowly focused on specific infections, clinical setting, bacterial species, or antibiotics, reducing
their generalizability [5-9]. In contrast, the present study proposes models that extend beyond
those narrow scopes by training on bacterial-positive isolates from multiple specimen types and
clinical contexts, while simultaneously incorporating antibiotic susceptibility data for 34 different
antibiotics. This integrative approach not only strengthens predictive performance but also
improves its applicability in real-world clinical settings. The broad coverage across bacterial
species, specimen types, and antibiotics overcomes the limitations of earlier narrow-focused
studies, establishing the proposed method as a more generalizable and clinically relevant tool for

guiding antibiotic therapy.
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Limitations

The primary limitations of this study are the dataset specificity and generalizability. Since the
models were trained on data from IDI-IRCCS clinics in a single Italian region, they may reflect local
infection patterns rather than broader global trends. This geographic limitation could affect the
models’ applicability to healthcare settings with different bacterial distributions and antibiotic
resistance profiles. Additionally, the dataset is largely derived from dermatology-focused units,
which may limit its relevance to other medical specialties, such as cardiology or gastroenterology,
where infection profiles and resistance dynamics could differ significantly. Nonetheless, this should
be viewed less as a limitation and more as a feature of the system. Complex biological
phenomena, such as bacterial infections, are naturally influenced by patient characteristics,
geographical factors, and disease-specific contexts. This reflects the context-dependent nature of

infectious disease dynamics rather than a shortcoming of the proposed modelling approach.

Another limitation is the study’s timeframe, which spans pre-pandemic, pandemic, and post-
pandemic periods. The COVID-19 pandemic led to disruptions in routine microbiological testing
and a reallocation of healthcare resources, skewing the dataset toward more severe infections and
potentially introducing biases in antibiotic resistance trends. Such limitations can be overcome by
periodic re-training for each hospital based on the most recent four or five years of microbiological

history.

Novelty

The novelty of the present study lies primarily in the methodological and evaluation framework,
rather than in the use of a single modeling technique. Compared with previous studies, we

propose:
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i) an integrated modeling approach that jointly considers multiple specimen types and a broader
panel of antibiotics; ii) a two-stage prediction framework that explicitly accounts for the temporal
availability of bacterial species identification, reflecting real diagnostic workflows; iii) robust
strategies to mitigate temporal bias and patient-level data leakage, which are frequently overlooked
in prior studies. These design choices are intended to ensure a fair and clinically realistic
evaluation of model performance, Specific attention was paid in approximating real-world

deployment conditions rather than simple retrospective assessments.

Arecent study by Valavarasu S. et al. [32] (published simultaneously to the submission of our
study), reports a multiple machine learning models trained on the ATLAS dataset, achieving high
AUC values with XGBoost. While the reported XGBoost performance is comparable or slightly
higher than that obtained in our study, a key difference lies in the evaluation methodology. In the
work of Valavarasu S. et al, model performance was assessed using only a random 80:20 split,

without evaluating the model’s ability to generalize across subsequent years.

In contrast to this common approach in the machine learning literature, we explicitly evaluate
temporal generalization by testing model performance on data from later years and by constructing
a test set composed exclusively of patients with no prior clinical history. This approach represents
a deliberately challenging and clinically relevant “worst-case” scenario, which we believe provides

more realistic insight into the performance expected at deployment time.

An additional novelty of our study compared to Valavarasu et al. consists of the type and number of
features used to perform the antibiogram prediction. In our study the patient-related features used
in the training set are more numerous, pointing toward a more personalized medicine-oriented

approach.

For these reasons, we believe our study offers meaningful novelty by emphasizing: robust
evaluation, performance assessment over time, prevention of data leakage (i.e. critical aspects for
the translation of predictive models of antibiotic resistance into clinical practice), real-life data

acquisition, use of patients-related features offering a more personalized approach analysis.
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Future work will address these limitations by expanding the dataset to include multiple centers in
different countries, or multiple hospitals from the same location, incorporating data from diverse
clinical units and settings. Such efforts will be crucial to enhancing the robustness and clinical utility
of ML-driven antibiotic resistance prediction tools. We are aware that training the system with data
obtained from multiple centers is necessary to give general clinical applicability to the current

findings.

Conclusions

This study demonstrates the high effectiveness of ML models in helping physicians predict
antibiotic susceptibility, significantly reducing the time required to determine the most appropriate
treatment. The timely selection of the right antibiotic can improve patient outcomes, shorten
hospital stays, and ultimately reduce healthcare costs. While the predictions are statistically based,
the approach is personalized for each patient, incorporating historical infection data, while the
physician's role remains crucial to integrate data-driven predictions with real-life experience.
Although this requirement for additional clinical data may seem a limitation, it enables personalized
medicine and capitalizes on hospital data digitization, which is increasingly available in modern

healthcare facilities.

Future research should focus on validating these models in multi-center studies and integrating
genetic resistance markers to enhance accuracy, particularly for complex resistance mechanisms
such as carbapenemase activity. By combining Al-driven predictive analytics with real-time
microbiology, healthcare providers can advance precision antimicrobial therapy, optimize infection

control strategies, and ultimately curb the growing threat of antimicrobial resistance.
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Figure 1 Distribution of bacterial genera in different care settings. Temporal distribution
of bacterial genera isolated over the seven years (2018-2024) in inpatient (A) and outpatient
(B) care settings. Outpatient care setting includes IDI clinic, Dermatology Day Hospital, Day
Hospital 5th unit, Dermatology Day Surgery, and Villa Paola clinic.
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Figure 2. Distribution of bacterial genera isolated from selected units. Temporal
distributions of bacterial genera isolated over the seven years (2018-2024), for the
dermatology (a) and oncology (b) units, the operating theatre (c), and IDI clinic (d). Panels
display temporal trends in isolation frequency within the operating theatre (n = 142),
oncology unit (n = 330), IDI clinic (n = 11,368), and dermatology unit (n = 1,610).
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Figure 3. Comparison of the three most frequently isolated bacterial species across
selected units. Comparison of distributions of the three most detected bacteria (i.e., S.
aureus, E. coli, and P. aeruginosa) across four different units from 2018 to 2022. Panels
display temporal trends in isolation frequency for each of the three bacterial species within
the operating theatre (n = 142), oncology unit (n = 330), IDI clinic (n = 11,368), and
dermatology unit (n = 1,610).
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Figure 4. Heatmaps of the antibiotic resistance in Gram-positive and Gram-negative
isolates. The heatmaps illustrate the percentage of resistance to the most commonly tested
antibiotics over the study period. Each cell represents the percentage of resistant isolates for
a specific antibiotic (horizontal axis) and month (vertical axis). The color scale ranges from
blue (0% resistance) to red (100% resistance).
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Figure 5. Comparison of antibiotic resistance rates in different care settings.
Percentage of resistant strains in inpatient (left-hand panels) and outpatient (right-hand
panels) care settings, for some representative antibiotics, exhibiting notable trends
(gentamicin [a, b], tobramycin [c, d], ampicillin [e, f], amoxicillin [g, h], ciprofloxacin [i, j],
erythromycin [k, 1], cefepime [m, n], penicillin G [o, p]).
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Figure 6. Comparison of ROC curves of ML models for antibiotic resistance
prediction. ROC curves of logistic regression (logreg), random forest (rf), XGBoost (xgb),
and TabNet for the Gram+ (a), Gram- (b), E. coli (c), E. faecalis (d), K. pneumoniae (e), P.
aeruginosa (f), P. mirabilis (g), S. aureus (h) datasets. The colors represent different
algorithms. AUC: Area under the receiver operating characteristic curve.

Figure 7. Comparison of feature importance plots of XGBoost models. Feature
importance plots of XGBoost for the Gram+ (a), Gram- (b), E. coli (c), E. faecalis (d), K.
pneumoniae (e), P. aeruginosa (f), P. mirabilis (g), S. aureus (h) datasets.
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Figure 8. SHAP-based local interpretability analysis of individual XGBoost model
predictions for E. coli isolates. Waterfall plots illustrate the contribution of individual
features to the predicted probability of non-susceptibility relative to the baseline expected
value (E[f(X)] = 0.444). Red bars indicate features increasing the predicted probability of
non-susceptibility; blue bars indicate features decreasing it. Panels show representative
cases for: a 61-year-old female inpatient predicted non-susceptible to amoxicillin (A); an 85-
year-old male inpatient predicted non-susceptible to amoxicillin (B); and a 72-year-old
female inpatient predicted non-susceptible to cefepime (C).
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Table 1. Summary of clinical and microbiological data.

Feature Raw dataset Training set Test set
(n=15,581) (n=11,213) (n=3,328)
Age, mean (SD), years 61.9 (21.4) 61.8 (21.0) 59.5 (23.3)
Sex, No. (%)
Male 6,317 (40.5%) 4,660 1,343
(41.6%) (40.4%)
Female 9,263 (59.5%) 6,553 1945 (59.4%)
(58.4%)

Specimen analyzed, No. (%)

Blood 221 (1.4%) 131 (1.2%) 87 (2.6%)

Sputum 165 (1.1%) 123 (1.1%) 34 (1.0%)

Miscellaneous 3,719 (23.9%) 2,810 844 (25.4%)
(25.1%)

Microbiology 1,679 (10.8%) 1,200 423 (12.7%)
(10.7%)

Swab 3,406 (21.9%) 2,593 578 (17.4%)
(23.1%)

Urine 6,391 (41.0%) 4,356 1,362
(38.8%) (40.9%)

Unit type, No. (%)
Medical 15,263 11,001 3,246
(98.0%) (98.1%) (97.5%)
Surgical 318 (2.0%) 212 (1.9%) 82 (2.5%)

Admission type, No. (%)

Inpatient care 3,285 (21.1%) 2,583 593 (17.8%)
(23.0%)
Outpatient care 12,296 8,630 2,735
(78.9%) (77.0%) (82.2%)
Department, No. (%)
Vascular surgery unit 25 (0.2%) 13 (0.1%) 9 (0.3%)
Dermatology unit 1610 (10.4%) 1,275 256 (7.8%)
(11.4%)
IDI Clinic 11,368 8,104 2,376
(76.0%) (76.1%) (72.5%)
General surgery unit 14 (0.1%) 12 (0.1%) 2 (0.1%)
Covid19 unit 140 (0.9%) 140 (1.3%) 0 (0%)
Plastic surgery unit 24 (0.2%) 21 (0.2%) 3 (0.1%)
Dermatology Day Hospital 115 (0.8%) 87 (0.8%) 21 (0.6%)
Day Hospital 5th unit 15 (0.1%) 15 (0.1%) 0 (0%)
Dermatology Day Surgery 3 (<0.1%) 3 (<0.1%) 0 (0%)
General Medicine unit 321 (2.2%) 125 (1.2%) 181 (7.4%)
Oncology unit 330 (2.2%) 230 (2.2%) 96 (2.9%)
Post-surgical care unit 40 (0.3%) 30 (0.3%) 9 (0.3%)
Operating theatre 142 (0.9%) 124 (1.2%) 15 (0.5%)
Clinical surveillance 1 (0.1%) 1(0.1%) 0 (0%)
Intensive care unit 59 (0.4%) 57 (0.5%) 2 (0.1%)
Self-paying patients unit 12 (0.1%) 6 (0.1%) 6 (0.2%)
Villa Paola clinic 727 (4.9%) 411 (3.9%) 296 (72.5%)
Other services 615 (3.9%) 559 (4.9%) 56 (1.7%)

Gram stain, No. (%)
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Feature Raw dataset Training set Test set
(n=15,581) (n=11,213) (n=3,328)
Negative 9,198 (63.3%) 7,168 2,231
(61.8%) (62.8%)
Positive 5,343 (36.7%) 4,045 1,097
(38.2%) (37.2%)
Bacterial species, No. (%)
Achromobacter spp. 10 (0.1%) 9 (0.1%) 0 (0%)
A. baumanii 24 (0.2%) 20 (0.2%) 4 (0.1%)
A. baumanii/calcoaceticus complex 25 (0.2%) 22 (0.2%) 3 (0.1%)
A. Iwoffiilhaemolyticus 1 (<0.1%) 1 (<0.1%) 0 (0%)
A. viridians 1 (<0.1%) 1 (<0.1%) 0 (0%)
C. davisae 1 (<0.1%) 0 (0%) 1 (<0.1%)
C. lapagei 1 (<0.1%) 1 (<0.1%) 0 (0%)
C. amalonaticus 1 (<0.1%) 1 (<0.1%) 0 (0%)
C. braakii 7 (<0.1%) 4 (<0.1%) 3 (0.1%)
C. farmeri 5 (<0.1%) 2 (<0.1%) 3(0.1%)
C. freundii 63 (0.4%) 43 (0.4%) 17 (0.6%)
C. koseri 229 (1.6%) 157 (1.5%) 50 (1.7%)
C. youngae 1 (<0.1%) 0 (0%) 0 (0%)
Citrobacter spp. 14 (0.1%) 8 (0.1%) 3 (0.1%)
E. aerogenes 153 (1.1%) 116 (1.1%) 28 (0.9%)
E. cloacae 298 (2.0%) 221 (2.1%) 65 (2.2%)
Enterobacter spp. 35 (0.2%) 23 (0.2%) 1(0.4%)
E. faecalis 850 (5.8%) 708 (6.7%) 104 (3.5%)
E. faecium 43 (0.3%) 36 (0.3%) 6 (0.2%)
E. raffinosus 1 (<0.1%) 1 (<0.1%) 0 (0%)
Enterococcus spp. 21 (0.2%) 18 (0.2%) 3 (0.1%)
E. coli 4,162 (28.6%) | 2918 (27.5%) | 831 (28.0%)
Escherichia spp. 4 (<0.1%) 3 (<0.1%) 1 (<0.1%)
H. alvei 2 (<0.1%) 2 (<0.1%) 0 (0%)
K. oxytoca 197 (1.4%) 142 (1.3%) 38 (1.3%)
K. pneumoniae spp ozaenae 19 (0.1%) 12 (0.1%) 5 (0.2%)
K. pneumoniae spp pheumoniae 934 (6.4%) 635 (6.0%) 189 (6.4%)
Klebsiella spp. 24 (0.2%) 17 (0.2%) 4 (0.1%)
K. ascorbata 1 (<0.1%) 1 (<0.1%) 0 (0%)
Moraxella species 1(<0.1%) 1 (<0.1%) 0 (0%)

(
33 (1.1%)

M. morganii 193 (1.3%) 151 (1.4%)
P. mirabilis 845 (5.8%) 623 (5.9%) 158 (5.3%)
P. vulgaris 24 (0.2%) 17 (0.2%) 5 (0.2%)
P. vulgaris/penneri 6 (<0.1%) 5 (<0.1%) 1 (<0.1%)
Proteus spp. 9 (0.1%) 6 (0.1%) 1 (<0.1%)
P. alcalifaciens 1 (<0.1%) 1 (<0.1%) 0 (0%)
P. rettgeri 36 (0.2%) 21 (0.2%) 10 (0.3%)
P. stuartii 27 (0.2%) 22 (0.2%) 4 (0.1%)
Providencia spp. 1 (<0.1%) 1 (<0.1%) 0 (0%)
P. aeruginosa 1,184

1,637 (11.2%) (11.2%) 354 (11.9%)
P. fluorescens 5 (<0.1%) 5 (<0.1%) 0 (0%)
P. luteola 1 (<0.1%) 1 (<0.1%) 0 (0%)
P. putida 8 (<0.1%) 6 (0.1%) 0 (0%)
Pseudomonas spp. 51 (0.3%) 40 (0.4%) 9 (0.3%)
S. liquefaciens 2 (<0.1%) 1 (<0.1%) 1 (<0.1%)
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Feature Raw dataset Training set Test set
(n=15,581) (n=11,213) (n=3,328)
S. marcescens 104 (0.7%) 86 (0.8%) 14 (0.5%)
S. plymuthica 5 (<0.1%) 1 (<0.1%) 4 (0.1%)
Serratia spp. 7 (<0.1%) 4 (<0.1%) 2 (0.1%)
S. boydii 1 (<0.1%) 1 (<0.1%) 0 (0%)
S. aureus 2,642
3,638 (25.0%) (24.9%) 851 (28.7%)
S. capitis 1 (<0.1%) 1(<0.1%) 0 (0%)
S. caprae 1 (<0.1%) 1 (<0.1%) 0 (0%)
S. cohnii spp urelyticum 1(<0.1%) 1(<0.1%) 0 (0%)
S. epidermidis 20 (0.1%) 14 (0.1%) 5 (0.2%)
S. haemolyticus 283 (1.9%) 255 (2.4%) 21 (0.7%)
S. hominis 36 (0.2%) 34 (0.3%) 1 (<0.1%)
S. intermedius 1 (<0.1%) 0 (0%) 1 (<0.1%)
S. lentus 1 (<0.1%) 1 (<0.1%) 0 (0%)
S. lugdunensis 2 (<0.1%) 2 (<0.1%) 0 (0%)
S. pasteuri 2 (<0.1%) 2 (<0.1%) 0 (0%)
S. saprophyticus 1 (<0.1%) 1(<0.1%) 0 (0%)
S. sciuri 4 (<0.1%) 4 (<0.1%) 0 (0%)
S. simulans 1(<0.1%) 0 (0%) 1 (<0.1%)
S. warneri 1 (<0.1%) 1 (<0.1%) 0 (0%)
Staphylococcus spp. 3 (<0.1%) 3 (<0.1%) 0 (0%)
S. maltophilia 30 (0.2%) 24 (0.2%) 5 (0.2%)
S. agalactiae 323 (2.2%) 238 (2.2%) 79 (2.7%)
S. anginosus 4 (<0.1%) 4 (<0.1%) 0 (0%)
S. dysgalactiae spp equisimilis 1(<0.1%) 0 (0%) 1 (<0.1%)
S. group A 9 (0.1%) 4 (<0.1%) 5 (0.1%)
S. group B 5 (<0.1%) 5 (<0.1%) 0 (0%)
S. group C 8 (0.1%) 8 (0.1%) 0 (0%)
S. group C/G 1 (<0.1%) 1(<0.1%) 0 (0%)
S. group G 7 (<0.1%) 7 (0.1%) 0 (0%)
S. pyogenes 82 (0.6%) 60 (0.6%) 22 (0.7%)

The test set presented in this table corresponds to the additional test set obtained after

excluding isolates from 648 patients
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Table 2. Performance metrics of machine learning models for predicting antibiotic

resistance.
AUROC F1-score Accuracy Precision Recall
Dataset Mode|Meth
I od TS|TS TS|TS TS|TS TS|TS TS|TS
CV1ZCV12CV12CV12CV12
Raw 0.815+0./0.8(0.8|0.759+0(0.7(0.7|0.785+0(0.7|0.7|0.768+0/0.7|0.7|0.660+0|0.7 0.6
006 [28|28| .004 |67|61| .004 (79|77| .008 |57|58| .006 |06|92
LR
SMO0|0.815+0./0.8/0.8]0.728+0(0.7|0.7|0.715+0|0.6|0.7]0.688+0(0.7|0.7|0.726+0|0.7 |0.7
TE| 005 |27(27| .006 |07|14| .006 |97|03| .005 [06|07| .005 |37(39
Raw 0.854+0./0.8/0.8|0.783+0|0.7|0.7|0.805+0(0.7|0.7|0.803+0/0.8|0.8|0.688+0|0.6|0.6
004 |50|48| .008 |71|65| .004 |94|91| .009 |16|18| .006 |97|87
RF
SM0|0.856+0./0.8(0.8]0.804+0(0.8|0.8/0.812+0|0.8(0.8|0.777+0/0.8|0.8|0.737+0|0.7 0.7
TE| 004 |58|57| .005 |07|03| .005 [(15|/14| .007 [04|09| .006 |54 |42
Gram+
Raw 0.882+0./0.8(0.8|0.827+0(0.8(0.8|0.834+0(0.8(0.8/0.809+0/0.8|0.8|0.764+0(0.7|0.7
XGBo 004 |49|44| .005 |03|01| .005 |14|13| .007 |07|09| .006 |46|38

st ISMO[0.881+0./0.8(0.8]0.828+0]0.8/0.8(0.833+0[0.8|0.8(0.803+0|0.8/0.8(0.770%0[0.7[0.7
TE | 004 |52(48| .005 (07|04 .005 |16(15| .007 [09|12| .006 |52 42

Raw 0.847+0./0.8/0.8|0.793+0|0.7|0.7|0.813+0/0.8|0.8|0.810+0/0.8|0.8|0.702+0|0.7|0.7
TabN 010 |[51|51| .012 |94(95| .008 (10|12| .010 |24|31| .017 |27|23

et SMO|0.831+0./0.8|0.8]0.787+0(0.7]0.7|0.791+0|0.7|0.7]0.745+0/0.7|0.6|0.725+0|0.7|0.7
TE | 122 |17(14| .013 (40|39| .015 |35|34| .022 [03|98| .012 |18|14

0.779+0./0.7|0.7|0.760+0|0.7|0.7|0.785+0(0.7|0.7|0.737+0|0.7|0.7 |0.646+0|0.6 | 0.6

Raw 005 |[87|74| .004 |67|55| .003 (78|69| .006 |35|24| .005 |92|77

LR

SMO|0.779+0./0.7{0.7]0.727+0/0.6|0.6|0.713+0(0.6|0.6|0.665+0|0.6|0.6/0.701+0|0.6|0.6
TE| 005 |86|73] .003 |55|45| .004 |40|30| .003 [62|55| .003 |95|85

0.845+0./0.7/0.7|0.798+0|0.7|0.7|0.820+0(0.7|0.7|0.815+0|0.7|0.7|0.688+0|0.6 | 0.6

Raw 004 |73|56| .003 |45(36| .002 (66|60 .005 |27|21| .005 |55|45

RF

SM0|0.826+0./0.7{0.7]0.799+0/0.7{0.7|0.811+0/0.7|0.7|0.769+0|0.7|0.7|0.706+0|0.6| 0.6

TE | 003 |97|82| .004 |66|57| .003 |76|69| .005 |31(23| .005 |92|81
Gram-

Raw 0.87810./0.8/0.7|0.834+0|0.7|0.7|0.841£0(0.7|0.7|0.80810/0.7|0.6|0.759+0|0.6|0.6
XGBo 003 |74|55| .003 |96|41| .003 |90|46| .005 |27|91| .004 |98|76

st ISMO[0.878%0./0.8(0.7]0.835%0]0.7|0.7(0.8390[0.7|0.7|0.799+0|0.7|0.6(0.7680[0.7|0.6
TE| 003 |69|52| .004 |51|37| .004 |94|39| .005 |97|83| .005 (00|77

Raw 0.813+0./0.7|0.7|0.791+0|0.7|0.7|0.808+0(0.7|0.7|0.773+0|0.7|0.7 |0.688+0|0.6 | 0.6
TabN 006 |(87|77| .005 |61(51| .004 (82|76 .011 |56|57| .008 |72|58

et SMO0|0.752+0./0.7|0.7]0.681+0(0.7|0.6|0.692+0(0.6|0.6]|0.670+0|0.6|0.6|0.657+0|0.6|0.6
TE| 032 |24({17| .181 |00|96| .169 |97|96| .059 |37|33| .056 |41 |32

0.811+0./0.8/0.8|0.794+0|0.8|0.7]0.822+0(0.8|0.8|0.732+0|0.7|0.7|0.619+0(0.6|0.6

Raw 006 (20|11| .003 |07|96| .003 |21|14| .011 |60|57| .005 |88|75

E. coli |LR

SMO|0.811+0.|0.8|0.8]0.746+0|0.6|0.6|0.721+0|0.6|0.6|0.657+0/0.6|0.6|0.731+0|0.7|0.7
TE| 006 |17(10| .004 |71|73| .004 |44|47| .004 |55|55| .006 |18|14
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AUROC F1-score Accuracy Precision Recall
Dataset Mode|Meth

I od TS|TS TS|TS TS|TS TS|TS TS|TS
cv 112 cv 112 cv 112 cv 112 cv 112
Raw 0.883+0./0.8/0.7|0.838+0|0.7|0.7|0.861+0(0.8|0.8|0.854%0/0.8|0.8|0.676+0|0.6|0.6
004 [40|91| .004 |86|74| .002 (35|17| .004 |73|65| .007 [43|22

RF
SM0|0.859+0./0.8(0.8]0.840+0(0.8|0.7|0.853+0|0.8(0.8|0.791+0/0.8|0.8|0.703+0|0.6|0.6
TE| 004 |28{11| .005 [05|90| .003 |31|20| .008 (18|17| .005 |67 |48
Raw 0.919+0./0.8/0.7|0.882+0|0.8|0.7|0.886+0(0.8|0.8|0.838+0|0.7|0.7|0.786+0|0.7|0.6
XGBo 002 |44|86| .004 |43|89| .003 |54|15| .007 |81|79| .007 |62|54

st ISMO0.917+0./0.8(0.7]0.881+0]0.8]0.7(0.885£0[0.8|0.8]0.813+0|0.70.7(0.7890[0.7|0.6
TE | 003 |54|85| .003 |65|93| .003 |18|10| .006 |92|47| .005 |09|74

Raw 0.841+0./0.8/0.8|0.824+0|0.8|0.8|0.846+0(0.8|0.8|0.794+0/0.7|0.7|0.663+0|0.6|0.6
TabN 008 (17|09| .006 |10({00| .005 (27|20| .013 |78|79| .012 |85|74

et SMO|0.771+0./0.7|0.7]0.709+0(0.7|0.7|0.698+0|0.7|0.7]0.651+0/0.6|0.6|0.670+0|0.6 |0.6
TE| 031 |68|55| .135 |58|46| .142 |59|49| .041 |[60|50| .029 |60 44

0.879+0./0.8/0.8|0.840+0|0.8|0.8|0.856+0(0.8|0.8|0.847+0/0.7|0.8|0.723+0|0.6|0.6

Rawl™ 014 |10[14| 013 |13|32| 011 |38l52| .023 |93|05| .019 |51|73

LR
SMO0I0.876+0./0.8/0.8/0.805+0/0.7]0.8]0.793+0[0.7|0.7]0.733+0/0.6]0.6]0.795+0[0.7 0.7
TE| 015 [05|11| .013 |77|00| .014 |60|60| .014 |79|80| .016 [39|52
Raw|0-930£0./0.7/0.810.876:0/0.8/0.810.882+0/0.8|0.80.855:0|0.7|0.70.7980/0.6(0.6
010 |63|01| .010 {01[12| .009 |20|22| .014 |27|18| .020 |50(72

RF
SMO0J0.926+0./0.7(0.8/0.8676+0|0.8(0.8]0.879+0[0.8|0.8]0.843+0(0.7]0.7]0.807+0[0.6|0.6
c TE| 010 [81|00| .010 |02[10| .008 |16|16| .008 |16|07| .021 |57|82
faecalis Ray 0-9380/0.8/0.8/0.890:0(0.8(0.8/0.894:0/0.8|0.80.87310|0.8|0.7(0.8200(0.7/0.6
XGBo 009 (89(14| .010 [36|30| .009 |66|47| .017 |70|79| .013 |55|80

st [SMO[0.938+0./0.8(0.8(0.893+0]0.8]0.8]0.896£0|0.8|0.8/0.870+0]0.80.7|0.830%0/0.8|0.6
TE| 011 |79({13| .010 (29|34| .009 |51(48| .017 |67|76| .014 |66 |93

Raw 0.841+0./0.6/0.6|0.824+0|0.7|0.7|0.842+0/0.8|0.8|0.821+0|0.7|0.7|0.702+0|0.5|0.5
TabN 017 |82|78| .017 |73|79| .012 (19|22| .027 |78|60| .029 |85|83

et SMO|0.853+0.|0.7(0.7]0.716+0(0.8|0.8|0.703£0|0.8|0.8]0.694+0/0.7|0.7|0.752+0|0.7 0.7
TE | 055 |81]92| .142 |08|16| .130 |06(09| .050 |06|08| .074 |14|41

0.832+0./0.8/0.7|0.817+0|0.7|0.7|0.830+0(0.7|0.7|0.820+0|0.7|0.7|0.731+0|0.7|0.7

Raw 018 (20|97 .011 |89|57| .010 (90|57 | .018 |48|14| .014 |44|15
LR
SMO0|0.832+0./0.8|0.7]0.792+0/0.5|0.5|0.788+0[0.5|0.5]|0.738+0|0.6|0.6|0.757+0|0.6|0.6
TE| 019 |11(94| .017 |93|78| .018 |84 |72| .019 |56|51| .018 |72|60
K;veumo Raw 0.882+0./0.7|0.6|0.849+0|0.7|0.6|0.856+0/0.7|0.6|0.842+0|0.6|0.6|0.782+0|0.6|0.5
lr)iiae 009 |20|67| .010 |07|67| .009 (26|84 | .012 |61|08| .015 |21|87
RF

SMO|0.876+0./0.8(0.7]0.829+0(0.7|0.7|0.836+0|0.7(0.7]0.808+0(0.7|0.7|0.760+0|0.7 0.6
TE| 009 |04(73| .014 |76|48| .013 |85|62| .020 (46|25| .017 |10|76

XGBo Raw 0.941%0./0.8/0.7|0.89110/0.8|0.7/0.893+0(0.8|0.7|0.878+0/0.8|0.7|0.847+0/0.8|0.7
ost 009 (10|65, .010 |70|71| .010 |81|77| .015 |51|38| .013 |33|16
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AUROC F1-score Accuracy Precision Recall
Dataset Mode|Meth
I od TS|TS TS|TS TS|TS TS|TS TS|TS
CV12CV12CV12CV1ZCV12

SMO0|0.939+0./0.8|0.7]0.890+0(0.8|0.7]0.892+0(0.8|0.7|0.872+0/0.7|0.7|0.852%0|0.7|0.7
TE| 009 |16(81| .013 (00|84| .013 |07|96| .018 |75|75| .016 |40 (17

Raw 0.833+0./0.7|0.7|0.817+0|0.6|0.6/0.829+0/0.6|0.6|0.814+0/0.6|0.6|0.733+0|0.6|0.6
TabN 021 (00|01| .013 |86|67| .012 |75|55| .021 |37|30| .016 |57|51

et SMO0|0.833+0./0.7|0.7]0.820+0{0.5|0.5|0.823+0{0.5|0.5|0.784+0|0.6|0.6/0.761+0|0.6|0.6
TE| 018 |82(72| .014 |72|60| .015 |63|56| .023 [35|37| .016 |48|43

0.840+0./0.7|0.6|0.794+0|0.5|0.5|0.798+0(0.5|0.5|0.792+0|0.7|0.7|0.770+0|0.5|0.6

Raw 011 |08(92| .010 |18|28| .009 |86(86| .011 (17|10| .010 |94 |05

LR
SMO|0.839+0./0.7(0.6|0.769+0|0.4|0.4|0.766+0/0.5|0.5|0.754+0(0.7|0.7|0.764+0|0.5|0.5
TE| 012 |09|93| .008 |32|27| .008 (40|31, .008 [15|06| .010 |49 |54
Raw 0.921+0./0.7(0.7|0.850+0(0.6|0.6|0.854+0(0.7|0.7|0.860+0|0.7|0.7|0.826+0|0.7|0.7
008 |39|47| .006 |90|91| .006 |03|02| .007 |51|52| .007 (08|13

RF
SMO|0.917+0./0.7|0.7]0.845+0|0.6|0.6]|0.849+0|0.7|0.7]0.850£0|0.7|0.7|0.823+0(0.7|0.7
P. TE | 007 |39|45| .007 |97|95| .007 (09/05| .008 [53|52| .007 [13|16

aerugin

osa Raw 0.941+0./0.8(0.7|0.876%0(0.8(0.6|0.877%0(0.7|0.7|0.873+0/0.8|0.7|0.862+0|0.8|0.7
XGBo 005 |[39|40| .008 |04(97| .008 (41|06| .009 |49 43| .009 (17|16

oSt [SMO0.946%0.0.8(0.7(0.870+0]0.8/0.60.871+0[0.8]0.7(0.868+0]0.80.7|0.855+0[0.8/0.7
TE| 005 |49(50| .007 (02|97| .007 |21|06| .008 (49|48| .008 |16(17

Raw 0.871+0./0.8(0.6|0.824+0(0.8(0.7|0.831+0(0.7|0.7|0.844+0|0.7|0.7|0.794+0/0.7|0.7
TabN 013 |11|75| .011 |09|01| .009 |81|10| .010 |93|49| .013 (92|20

et SMO0|0.876+0./0.8{0.7]0.819+0/0.8|0.6|0.821+0(0.7|0.7]0.814+0|0.7|0.7|0.801+0|0.7|0.7
TE| 012 |07(71| .014 |03|94| .014 |81|05| .018 |74|51| .014 |81|16

0.825+0./0.7/0.7|0.750+0|0.6|0.7|0.753+0(0.7|0.7|0.740+0/0.6|0.6|0.727+0|0.6|0.6

Rawl™ 017 ls1]91| 017 |94|15| .017 |02|19| .019 |88|95| .018 |70|82

LR
SMO[0.:825+0.]0.7/0.7/0.742+0[0.7]0.7[0.739+0(0.7]0.7[0.732+0/0.7|0.6 0.744+0/0.7|0.7
TE | 017 |82|92| .016 |12[13| .016 |09|09| .016 |00|96| .016 [08|10
iy 0-87220{0.7/0.8(0.799:0/0.7[0.7/0.80420/0.7 0.7/0.8010/0.60.7|0.77420/0.6[0.7
015 |84(01| .014 |07|26| .014 |06|22| 016 |92|06| .015 |94|18

RF
SMO.873+.0]0.7/0.8/0.800+0[0.7[0.7[0.802+0(0.7[0.7[0.792+0/0.7]0.7(0.782+0/0.7]0.7
o TE| .017 |92|08| .015 |15|25| .014 |12|20| 016 |06|15| 016 [15|33
mirabilis =y 0-894£0.0.8/0.8(0.81620(0.7/0.7(0.8170/0.70.7/0.81020|0.80.7|0.7980/0.70.7
GBo 011 |79|04| .010 |87|07| .010 |83|01| .011 |00|01| .011 [57|17

st [SMO[0.893+0./0.8(0.8(0.816+0]0.7]0.6/0.818%0(0.7|0.6/0.809+0]0.7|0.6/0.800%0[0.7|0.7
TE| 010 |78|05| .008 |96|95| .008 |93|89| .009 |97|98| .009 |66|13

Raw 0.823+0./0.8/0.8|0.749+0|0.7|0.7|0.753+0(0.7|0.7|0.740+0|0.7|0.7|0.727+0|0.7|0.7
TabN 014 |08|02| .015 |82(32| .016 (08|34 .018 |03|11| .015 |03|04

et SMO|0.826+0./0.7(0.7]0.748+0(0.7|0.7|0.746+0|0.7|0.6|0.735+0/0.6|0.6|0.743+0|0.7 0.6
TE| 015 |92(78| .015 (20|01| .015 |00|96| .013 |98|83| .014 |04 |97
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AUROC F1-score Accuracy Precision Recall
Dataset Mode|Meth
I od TS|TS TS|TS TS[TS TS|TS TS[TS
(o I I o1 2 e B 4 o o I R I oA A I
Ray 0-859:00.8(0.8(0.804:0/0.8(0.8/0.822+0/0.8/0.810.830£0|0.7|0.8[0.714:0/0.7/0.7
005 |62|63| .007 |08|09| .006 |13|16| .009 |93|01| .008 |66 |58
LR
SMO|0.859+0./0.8]0.8]0.766+0[0.7]0.7|0.756+0|0.7|0.7|0.722+0|0.7]0.7]0.762+0[0.7]0.7
TE| 005 |[61|62| .004 |37|42| .004 |28|33| .004 [26(26| .004 |58|60
Raw 0-87400.8(0.8(0.826:0(0.8(0.8/0.837+0/0.8/0.810.829+0|0.8(0.8(0.7510/0.7/0.7
004 |67|61| .006 |18|14| .005 |27|26| .007 |28|36| .007 |63|51
RF
SMO|0.877+0./0.8(0.8]0.825+0[0.8]0.8/0.832+0|0.80.8/0.807+0|0.8/0.8]0.760+0[0.7[0.7
S TE| 003 |[73|71| .005 |16|12| .004 |24|23| .005 [18(27| .008 |64|52
aureus Ray 0-890+00.8(0.8(0.839:0/0.8/0.7/0.846+0/0.8/0.810.826+0|0.7(0.7(0.7780(0.7/0.7
XGBo 004 [49|44| .004 |01|98| .004 |05|04! .006 |84|81| .006 |57 |50

st [SV0}0.89120./0.8]0.8]0.840£00.8]0.7|0.844+00.8/0.8/0.817+0(0.7|0.7]0.785%0[0.7(0.7
TE| 003 [51|47| .005 |00|97| .005 |04|01| .005 |80|75| .006 |60]|52

Raw 0.874+0./0.8/0.8|0.821+0|0.8|0.8/0.837+0/0.8|0.8|0.85510/0.8|0.8 0.734+0|0.7|0.7
TabN 006 |66|66| .005 |[14(11| .005 (25|24 | .014 |32|37| .007 |56|47

et SMO|0.861+0./0.8/0.8]0.806+0(0.8|0.8|0.813+0|0.8(0.8|0.786+0/0.8|0.8|0.739+0|0.7|0.7
TE| 017 |68({69| .019 (13|11| .024 |20(20| .040 (09|12| .016 |65|56

Performance metrics of machine learning models to predict antibiotic susceptibility results
(susceptible or non-susceptible) across various test sets. The prediction was performed
according to the antibiograms available for each patient. XGBoost consistently achieved the
highest discriminative metrics, outperforming all other classifiers. The highest score for each
metric is highlighted in bold. Abbreviations: LR, Logistic Regression; RF, Random Forest;
XGBoost, eXtreme Gradient Boosting; AUROC, Area Under the Receiver Operating
Characteristic curve; CV: cross-validation; TS1: test set that includes patients appearing in
the training set; TS2: test set where patients appearing in the training set were excluded.
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