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Background: Antimicrobial resistance (AMR) poses an important challenge to
public health on a global scale, with traditional methods of susceptibility testing
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sequencing (WGS) coupled with machine learning (ML) offers a promising,
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information.

Methods: We have created and evaluated a computational pipeline which
extracts k-mer, gene presence-absence, and single nucleotide polymorphism
(SNP) features from assembled bacterial genomes and then uses four supervised
classifiers (logistic regression, support vector machine [SVM], random forest
[RF], and gradient boosted trees [XGBoost]) to predict resistance to six clinically
important antibiotic groups in Escherichia coli, Klebsiella pneumoniae, and

Staphylococcus aureus strains. Performance of the models was assessed using
nested cross-validation and measured with accuracy, sensitivity, specificity, F1
score, and area under the receiver operating characteristic curve (AUC-ROC).
The most important features were identified using permutation tests.

Results: Tree ensemble models performed significantly better than linear
models, with random forest showing the best mean AUC-ROC of 0.93, and
XGBoost the next best with 0.91; logistic regression and SVM peaked at 0.84 and
0.86, respectively. Beta-lactamase and efflux pump genes proved to be the most
consistent high-ranking predictors of resistance across different antibiotic classes
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fluoroquinolones and poorest for genotyping-poorly defined resistance
mechanisms.

Conclusion: Supervised machine learning models based on WGS-derived
genomic features provide high-quality predictions of AMR phenotypes and
uncover biological predictors of resistance. Independent prospective testing is
necessary prior to clinical and surveillance application of these tools.
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1. Introduction

Antimicrobial resistance (AMR) has been designated by the World Health Organization as one of the
top global public health threats, driven largely by the overuse and misuse of antimicrobial agents in
clinical medicine, agriculture, and food production [1]. Resistant infections are associated with prolonged
hospitalization, increased morbidity and mortality, and substantial healthcare costs, and current
surveillance data indicate that resistance continues to rise across a large share of monitored pathogen-
antibiotic combinations worldwide [1].

Traditional antimicrobial susceptibility testing (AST) relies on culture-based phenotypic methods that,
while considered the diagnostic reference standard, typically require 24 to 72 hours to yield results. This
delay forces clinicians to initiate empirical, often broad-spectrum, therapy before resistance profiles are
known, which in turn contributes to further selective pressure and resistance emergence. The falling cost
of whole-genome sequencing (WGS) has made genotype-based resistance prediction increasingly
feasible, and a growing body of work has shown that machine learning (ML) models trained on WGS-
derived features can predict resistance phenotypes with accuracy approaching that of phenotypic AST

[2].

A recent systematic review of 26 studies encompassing more than 100,000 microbial samples reported
that random forest, XGBoost, and logistic regression were the most frequently applied and best-
performing algorithms for WGS-based AMR prediction, with mean AUC values of 0.89, 0.87, and 0.87
respectively, and random forest showing the widest and generally highest performance range across
pathogens and antibiotic classes [3].

Complementary work in Acinetobacter baumannii has demonstrated that combining k-mer features
extracted directly from WGS data with random forest, support vector machine, and XGBoost classifiers
can accurately predict minimum inhibitory concentrations across multiple antimicrobial agents without
requiring prior curated knowledge of resistance mechanisms [4].

Related work integrating quantitative phase microscopy with deep learning and WGS has further
shown that rapid, imaging-based phenotypic signals can complement genomic prediction for infection
and resistance detection [5], while reviews focused on foodborne pathogens have similarly highlighted
the complementary role of WGS and spectroscopic technologies in ML-based AMR surveillance [6].

Despite this progress, several methodological questions remain open: which feature representations
(k-mer composition, gene presence/absence, curated SNP panels) generalize best across pathogen species;
how ensemble tree-based methods compare with linear and kernel-based classifiers under consistent
evaluation conditions; and which genomic features consistently drive model predictions in a biologically
interpretable way. Addressing these questions is important both for building trustworthy clinical
decision-support tools and for prioritizing which resistance determinants deserve further wet-laboratory
validation.

In this study, we present a reproducible bioinformatics framework for predicting antimicrobial
resistance phenotypes from bacterial whole-genome sequences. We benchmark four supervised machine
learning algorithms across three clinically important bacterial species and six antibiotic classes, evaluate
model performance using rigorous cross-validated metrics, and characterize the genomic features that
most strongly drive resistance predictions. Our objective is to provide a methodological reference that
other laboratories, including those with limited computational infrastructure, can adapt for local AMR
genomic surveillance.
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2.  Materials and Methods
2.1.Study Design and Data Source

This was a retrospective, in-silico comparative study. Bacterial genome assemblies and their paired
phenotypic susceptibility results were compiled from public AMR genomic repositories, including the
PATRIC/BV-BRC bacterial bioinformatics resource [7].

The working dataset comprised 1,200 bacterial genome assemblies distributed across three species:
Escherichia coli (n = 480), Klebsiella pneumoniae (n = 400), and Staphylococcus aureus (n = 320). Six
antibiotic classes were considered: beta-lactams, fluoroquinolones, aminoglycosides, tetracyclines,
macrolides, and glycopeptides (the last restricted to S. aureus isolates). Each isolate carried a binary
resistant/susceptible phenotype label derived from standard AST breakpoints.

2.2. Genome Assembly and Quality Control

Raw paired-end reads were quality-trimmed using Trimmomatic [8] and assembled de novo using
SPAdes with default k-mer ranges [9]. Assembly quality was assessed with QUAST [10], and genomes
with N50 below 20 kb or more than 200 contigs were excluded.

Species identity was confirmed using average nucleotide identity (ANI) against reference type strains [11],
and multi-locus sequence typing (MLST) was performed to characterize clonal background [12].

2.3.Feature Extraction

Three complementary feature representations were extracted from each assembly. First, known
resistance genes and point mutations were identified using ABRicate [13] against the CARD [14] and
ResFinder [15] databases, yielding a binary gene-presence/absence matrix; predictions were cross-
checked against the AMRFinderPlus curated reference gene set for consistency [16].

Second, genome-wide k-mer profiles (k = 11) were generated to capture sequence variation
independent of prior annotation, following dimensionality reduction via a chi-squared feature-selection
filter retaining the 5,000 most informative k-mers per antibiotic class. Third, core-genome SNPs were
called against species-specific reference genomes using Snippy [17] and filtered for quality and
recombination using Gubbins [18].

2.4.Machine Learning Models
Four supervised classifiers were trained independently for each species-antibiotic combination:
(i) L2-regularized logistic regression,
(if) Support vector machine with a radial basis function kernel,

(iii) Random forest (500 trees, feature subsampling at each split) [19], and (iv) gradient-boosted
decision trees (XGBoost) [20].

Hyperparameters were tuned using nested five-fold cross-validation (inner loop for tuning, outer loop
for unbiased performance estimation) to avoid optimistic bias. Class imbalance was addressed using
synthetic minority oversampling (SMOTE) applied only within training folds [21].

2.5. Model Evaluation and Feature Importance

Model discrimination was assessed using accuracy, sensitivity, specificity, F1-score, and AUC-ROC,
averaged across the ten outer cross-validation folds (2 repeats x 5 folds) with 95% confidence intervals
derived from the fold-level distribution. Feature importance was quantified using mean decrease in Gini
impurity for tree-based models and permutation importance for logistic regression and SVM, and the top-
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ranked genomic features were cross-referenced against the CARD ontology to assess biological
plausibility.
2.6. Statistical Analysis

Differences in AUC-ROC between classifiers were compared using the DeLong test with Bonferroni
correction for multiple comparisons. All analyses were performed in Python 3.11 using scikit-learn 1.4
[22] and the XGBoost library [20], with statistical significance set at p < 0.05. Analysis code and
configuration files are provided as supplementary material to support reproducibility.

3. Results

3.1 Overview of the Analytical Pipeline

Figure 1 summarizes the end-to-end bioinformatics workflow, from raw sequencing reads through
genome assembly, three-way feature extraction, model training, and nested cross-validated evaluation.

Raw WGS Quality Control De Novo Genome N QC/ Species ID
Paired-End Reads & Trimming Assembly (ANI, MLST)

Nested
Cross-
Validation
&

Evaluation
. (AUC-ROC)
Feature Extraction

4
-

Gene Presence / K-mer Profiles Core-Genome SNPs

(CMQ"’;:’;:M") (k = 11, filtered) (Snippy, Gubbins)

Supervised ML Classifiers

LR | SVM | Random Forest | XGBoost

Figure 1. Bioinformatics pipeline for WGS-based antimicrobial resistance prediction.

3.2 Overall Model Performance

Across all species-antibiotic combinations, random forest achieved the highest mean AUC-ROC (0.93,
95% CI 0.90-0.95), followed by XGBoost (0.91, 95% CI 0.88-0.94). Logistic regression and SVM achieved
lower but still clinically informative performance (AUC-ROC 0.84 and 0.86, respectively).

The performance advantage of ensemble tree-based models over linear classifiers was statistically
significant for four of the six antibiotic classes (p < 0.05, DeLong test with Bonferroni correction). Table 1
and Figure 2 summarize performance by model.
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Table 1. Mean cross-validated performance metrics across all species-antibiotic combinations

e o F1- AUC-
Model Accuracy Sensitivity Specificity score ROC
Logistic
. 0.81 0.79 0.83 0.80 0.84
Regression
SVM (RBF 0.83 0.81 0.85 0.82 0.86
kernel)
Random 0.90 0.89 0.91 0.90 0.93
Forest
XGBoost 0.88 0.87 0.90 0.88 0.91
1.01

o
@
.

e
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o
-
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Figure 2. Mean cross-validated ROC curves by classifier, pooled across species and antibiotic classes.
3.3 Performance by Antibiotic Class

Predictive performance varied by antibiotic class. Beta-lactam and fluoroquinolone resistance were
predicted with the highest accuracy across all models, consistent with the well-characterized genetic basis
of resistance mechanisms such as beta-lactamase production and gyrA/parC mutations.

Glycopeptide resistance in S. aureus showed the lowest performance, reflecting both the rarity of
resistant phenotypes in the dataset and the comparatively heterogeneous genetic basis of reduced
vancomycin susceptibility. Table 2 and Figure 4 present AUC-ROC values stratified by antibiotic class
and model.
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Table 2. Random forest AUC-ROC by antibiotic class.

Antibiotic Class Species n (Resistant) AUC-ROC (RF)

Beta-lactams E. coli /K. 410 0.96
pneumoniae

Fluoroquinolones E. coli / K 365 0.94
pneumoniae

Aminoglycosides K. pneumoniae 220 0.91

Tetracyclines E. coli 198 0.92

Macrolides S. aureus 150 0.90

Glycopeptides S. aureus 42 0.78

1.00

Beta-lactams
0.95

Fluoroquinolones 0.90

0.85
Aminoglycosides
0.80 U
2
<
Tetracyclines
- 0.75
Macrolides -0.70
-0.65
Glycopeptides 0.68 0.71
—- 0.60

Logistic SVM Random XGBoost
Regression (RBF) Forest

Figure 4. AUC-ROC by antibiotic class and classifier.

3.4 Feature Importance and Biological Interpretability

Beta-lactamase genes (blaCTX-M, blaTEM, blaSHV) and their upstream promoter variants were
consistently ranked among the top predictive features for beta-lactam resistance across both random
forest and XGBoost models. Mutations in gyrA and parC dominated fluoroquinolone-resistance
predictions, while efflux-pump regulatory genes (acrAB-tolC, mepRAB) contributed meaningfully across
multiple antibiotic classes, suggesting that non-specific resistance mechanisms are being captured
alongside canonical resistance genes.

Figure 3 summarizes the ten most influential genomic features pooled across antibiotic classes. K-mer-
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derived features that could not be mapped to annotated resistance genes accounted for a modest but non-
trivial share of model importance (8-15% depending on antibiotic class), indicating the presence of
resistance-associated genomic signal not yet captured in curated databases such as CARD and ResFinder.

blaCTX-M (beta-lactamase) 0.142
gyrA mutation

blaTEM (beta-lactamase)
parC mutation
acrAB-tolC (efflux)
blaSHV (beta-lactamase)
mepRAB (efflux)
tetA/tetB

ermB (macrolide)

aac(6')-1b (aminoglycoside)

0.00 0.02 0.04 0.06 0.08 0.10 012 0.14 0.16
Mean Relative Feature Importance (Random Forest, Gini)

Figure 3. Top 10 genomic features driving AMR predictions (random forest, mean Gini importance).

3.5 Generalization Across Species

Models trained on one species and tested on another showed a marked performance drop (mean AUC-
ROC decrease of 0.15-0.22), confirming that species-specific genomic background limits direct cross-
species transfer of resistance-prediction models, even when the underlying resistance genes are shared.
This finding supports training species- or genus-specific models rather than a single pan-bacterial
classifier for routine surveillance applications.

4. Discussion

This study demonstrates that ensemble machine learning models trained on whole-genome-
sequencing-derived features can predict antimicrobial resistance phenotypes with performance
comparable to, and in some antibiotic classes exceeding, previously reported benchmarks. Our finding
that random forest and XGBoost outperformed linear classifiers is consistent with a recent systematic
review reporting mean AUC values of 0.89 for random forest and 0.87 for both XGBoost and logistic
regression across 26 studies and more than 100,000 microbial samples [3], and mirrors species-specific
work in Acinetobacter baumannii showing that combining k-mer features with random forest, support
vector machine, and XGBoost classifiers can accurately predict resistance phenotypes without requiring
prior curated knowledge of resistance mechanisms [4].

The superior performance of tree-based ensembles likely reflects their ability to model non-linear
interactions between resistance genes, compensatory mutations, and genomic background, which linear
models cannot capture without explicit feature engineering [19,20]. The consistent ranking of beta-
lactamase and efflux-pump genes among the most important predictive features supports the biological
plausibility of the models, rather than reliance on spurious correlations, and is concordant with the
mechanistic annotations curated in CARD and ResFinder [14,15].
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The reduced performance observed for glycopeptide resistance highlights an important limitation of
genotype-based prediction: resistance mechanisms that are polygenic, poorly characterized, or dependent
on gene-expression changes rather than discrete genetic variants remain difficult to predict from sequence
data alone. This is consistent with broader observations in the field that ML-based AMR prediction
performs best for resistance mechanisms with well-defined genetic determinants and is comparatively
weaker for mechanisms involving regulatory or epigenetic changes not captured by standard variant-
calling pipelines [3].

The marked drop in cross-species model transfer performance observed in this study reinforces that
genomic background and population structure must be accounted for when deploying WGS-based AMR
prediction tools, and argues against a one-size-fits-all pan-bacterial classifier in favor of species- or genus-
specific models, an approach also emphasized in prior reviews of foodborne pathogen surveillance
combining whole-genome sequencing with complementary phenotyping technologies [6]. This study has
several limitations.

Class imbalance for rarer resistance phenotypes (e.g., glycopeptide resistance) constrains model
reliability in exactly the settings where early detection matters most, even after mitigation with synthetic
oversampling [21]. Finally, k-mer-based features, while improving raw predictive accuracy, are less
immediately interpretable than curated gene-presence features and may complicate clinical or regulatory
acceptance of ML-based AMR prediction tools.

5. Conclusion

Machine learning models trained on whole-genome-sequencing-derived genomic features,
particularly random forest and gradient-boosted tree ensembles, can predict antimicrobial resistance
phenotypes with clinically meaningful accuracy across multiple bacterial species and antibiotic classes,
while also surfacing biologically interpretable resistance determinants.

Prospective, multi-center validation, together with strategies to address class imbalance and cross-
species generalization, will be necessary before such pipelines can be integrated into routine clinical
microbiology or public health genomic surveillance workflows.
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