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Gene copy-number features generalize
better than SNPs for antimicrobial
resistance prediction in Staphylococcus
aureus

Check for updates

Bruna F. Fistarol1 , Joao D. Gervasio1 & Gergely J. Szöllősi1,2

Rapid prediction of antimicrobial resistance (AMR) from genome sequences is essential for timely
therapy, yet models based on curated marker panels or core-genome Single Nucleotide
Polymorphisms (SNPs) often fail to generalize to novel bacterial lineages.We evaluate AMRprediction
in Staphylococcus aureus using pan-genome features that encode homologous gene copy number
(including absence) and compare them toSNP-basedmodels across six antibiotics and 4255 isolates.
Gradient-boosted decision tree ensembles (XGBoost) trained on gene copy number achieve macro-
averaged F1-scores of 0.925–0.988, surpassing SNP-based models (0.838–0.935). Under lineage-
held-out evaluation, whichwithholds entire clades tomimic previously unseen lineages, gene-content
models retainmarkedly higher performance (F1 = 0.875 and0.904 across two split schemes), whereas
SNP-based models degrade substantially (F1 = 0.557 and 0.638). Feature ablation indicates that
predictive signal is distributed acrossmany homologous gene families rather than dominated by a few
markers, a structure consistent with stronger cross-lineage generalization. Because gene-content
features can be robustly obtained even from low-coverage sequencing, this approach extends
genome-based AMR prediction to real-world clinical and epidemiological datasets. Together, these
results show that copy-number-based pan-genome representations provide a robust alternative to
SNP-only approaches, particularly when models must generalize to lineages not represented in
training data.

Staphylococcus aureus is a Gram-positive bacterium that can inhabit the
human body under physiological conditions, typically as a commensal
organism1.However, if this balance shifts, S. aureus can become pathogenic,
leading to disease. Clinical presentations range from skin syndrome2 to
pneumonia3; notably, S. aureus is a major cause of sepsis4 and a frequent
pathogen in hospital settings 5.

Antimicrobial-resistant (AMR) S. aureus was observed not long after
the first antimicrobial drug was clinically available5. During the last half of
the twentieth century and the first decades of the twenty-first, the burden of
drug-resistant S. aureus has become a global public-health concern: in 2019,
methicillin-resistant S. aureus (MRSA) alone accounted for more than
100,000 deaths attributable to antimicrobial resistance, and S. aureus overall
was associated with approximately 1.1 million deaths worldwide6,7. Con-
sistent with this global burden, regional surveys from America 8, Africa9,10,

Europe11 and Asia12 show that up to 58% of all isolates are methicillin-
resistant.

The traditional way for identifying the AMR profile of S. aureus
involves culturing bacteria in the presence of the antibiotics of interest13.
Although reliable, culture is time-consuming, delaying diagnosis and
potentially leading to inappropriate therapy8. Faster molecular diagnostics
detect known resistance determinants - specific SNPs or resistance genes -
and are already in use for other pathogens such as Mycobacterium
tuberculosis14. Toour knowledge, however, there is no such test for S. aureus.
Moreover, molecular assays are typically restricted to a predefined set of
markers14, which limits their predictive power and motivates the develop-
ment of models that exploit broader genomic information15. Because, as
with any other phenotype, machine-learning predictors are at risk of
learning to predict resistance solely based on population (sample) structure
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and not actual phenotypic drivers, although evaluation should quantify
performance on previously unseen lineages.

To address these limitations, machine-learning methods have been
applied to predict AMRdirectly from genomic data, with the goal ofmodels
that generalize and remain accurate on previously unseen lineages. Core-
genome k-mer representations can predict resistance even in the absence of
known resistance genes16, but may miss signals carried by accessory genes.
Ren et al. combined single-nucleotide variants (SNVs), k-mer profiles and
known resistance genes to train whole-genome models17, achieving high
accuracy relying on complete, well-annotated assemblies. More recently,
large cross-species analyses have shown that sampling bias and population
structure can confoundmachine-learning prediction of AMR, especially for
SNP-based models18. These findings highlight the need for approaches that
can generalize and remain accurate on previously unseen lineages.

Antibiotic resistance, however, can arise not only from specific resis-
tancegenesor SNPsbut also fromdifferences in gene content across lineages
driven by horizontal gene transfer, gene gain/loss, and copy-number
change. Because the bacterial pan-genome encompasses both shared (core)
and variable (accessory) genes, it provides a more complete representation
of genetic determinants of resistance. Analysing homologous gene copy
number (including absence) therefore, captures duplication - and deletion-
driven copy-number variation alongside horizontally acquired genes.

Building on this rationale, we model the pan-genome using gene
content - specifically, homologous gene copy number variation (including
absence) - as machine-learning features. This approach captures both core
andaccessory genomeelements, allowingus to assess genomic variation that
may be overlooked by models relying solely on known resistance genes or
conserved loci. Previous studies have shown that gene content can predict

phenotypes such as aerobicity in bacteria19, supporting itsbroaderpredictive
potential. Here, we test whether gene content can be used to predict anti-
biotic resistance in S. aureus, without depending entirely on predefined
marker genes.We compare gene-contentmodels to SNP-basedmodels and
assess generalizationunder lineage-held-out evaluation.Weshowthat gene-
content features yield higher accuracy andmarkedly better generalization to
novel lineages than SNP-based features, indicating that variation in gene
content at the level of homologous clusters likely driven by horizontal gene
transfer play key roles in resistance.

Results
Gene-content features enable prediction of antibiotic resistance
We asked whether antimicrobial resistance (AMR) in S. aureus can be
predicted from genome-wide features rather than curatedmarker panels of
known genes and mutations used by tools such as Mykrobe, ARIBA,
ResFinder, and CARD20–23. We assembled a dataset of 4255 isolates with
laboratory susceptibility calls to six antibiotics (Fig. 1; Methods) and
encoded three representations of genomic variation: (i) homologous gene
copy-number per homologous gene cluster (including absence; “gene-
content”), (ii) binary presence/absence (PA), and (iii) SNPs from core-gene
alignments. We trained gradient-boosted decision tree ensembles
(XGBoost) to classify resistant versus susceptible isolates using
phylogenetically stratified splits (see Materials and Methods for
details). Performance was summarized by macro-averaged precision,
recall and F1-score on held-out data, with additional lineage-held-out
evaluations to quantify generalization to previously unseen lineages
(Figs. 2, 3; Supplementary Tables 1, 3, 5).

For homologous gene cluster copy number variation, macro-averaged
F1-scores ranged from 0.925 for oxacillin to 0.988 for methicillin (Fig. 2A,
Supplementary Table 1). PA representations performed similarly, although
HGC yields better scores for four antibiotics (Supplementary Table 1). F1-
scores dropped to ~0.5 when susceptibility labels were randomized, sug-
gesting that distinct genomic signatures are associated with resistance
phenotypes (Supplementary Fig. 1).

We next evaluated SNP-based models trained on core-gene align-
ments. Across the six antibiotics, macro-averaged F1-scores ranged from
0.838 for erythromycin to 0.935 for methicillin (Fig. 2B; Supplementary
Table 1). Under a label-permutation control, F1-scores collapsed to ~0.5
(Supplementary Fig. 1), indicating that the classifier learned non-trivial
genotype-phenotype signal from core-genome variation. Although SNP-
basedmodels underperformed gene-content models overall, they remained
clearly above chance. The variation in performance across drugs suggests
that the concentration of predictive signal in core versus accessory genomic
regions differs by phenotype; we did not map SNP features to specific loci
and therefore refrain from mechanistic interpretation.

Antibiotic resistance is predicted by a broad set of genomic
features
To assess how concentrated the predictive signal is, we performed an
importance-ranked, cumulative feature ablation. At each step we removed
the current top-ranked features (by XGBoost feature importance) and re-
evaluated performance, continuing until the macro-averaged F1-score fell
below 0.5. We ran this procedure for both gene-content (copy number,
including absence) and core-genome SNPs. For gene content, accuracy
declined gradually: F1-scores remained above 0.5 even after removingmore
than 30% of the most influential clusters in both representations (Fig. 2C).
This indicates a distributed - and partly redundant - predictive architecture,
rather than reliance on a few dominant markers; such architectures are
naturally more portable across lineages and are consistent with the stronger
lineage-held-out performanceof gene-contentmodels. In contrast, for SNP-
based predictions F1-scores declined rapidly with feature ablation, reaching
0.5 after removing 8–17% of SNPs.

We next examined the identity of high-importance homologous gene
cluster copy number features. Among the top ten gene-content features per
antibiotic, we found 38 unique Homologous Gene Clusters (HGCs), 14

Fig. 1 | Global diversity and phenotype balance of the S. aureus dataset.
A Maximum-likelihood core-genome phylogeny of 4255 S. aureus isolates; tip
colours denote geographic region. B Counts of susceptible (S) and resistant (R)
isolates per antibiotic. Bars give the number of genomes per phenotype for each drug;
totals per antibiotic are indicated above bars.
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recurrent across at least two antibiotics. Using BLASTX against NCBI
protein databases24, ten HGCsmatched gene families previously implicated
in antimicrobial resistance (Table 1). The direction of association between
copy number (or presence) and phenotype varied by antibiotic (Supple-
mentary Fig. 2). These associations are descriptive rather than causal;
together with the ablation results they indicate that numerous accessory loci
contribute predictive signal, which plausibly supports better performance
on previously unseen lineages.

Phylogenetic analysis reveals multiple independent gains of
resistance
Trees constructed from core-gene SNPs reflect sequence-level divergence
among strains, whereas trees based on gene content capture gene gain/loss
dynamics (Supplementary Fig. 3). The two trees are broadly concordant,
with differences mostly among closely related isolates in the gene-content
tree (Fig. 3A, B; Supplementary Fig. 4). Most genomes were collected in the

UK, followed by theUSA, theNetherlands, Thailand and Singapore; isolates
from the same country often cluster, indicating geographic structure
(Fig. 1A).

We propagated resistant/susceptible states over each tree using unor-
dered (Wagner) parsimony25 and counted inferred transitions. Both the
gene-content and core-genome trees showed partial clustering by pheno-
type (Supplementary Fig. 3). Visually inspecting the reconstructed states
from gene-content, multiple and independent gains of resistance can be
identified more clearly. (Supplementary Fig. 3).

Gene-content models outperform SNP-based models under
lineage-held-out evaluation
We evaluated generalization under two lineage-held-out schemes that
withhold clusters of related strains to mimic deployment to previously
unseen lineages. In practice, we derived partitions from pairwise similarity:
(i) gene-content similarity (presence/absence of homologous clusters) and

Fig. 2 | Model performance and feature ablation. AMean and standard deviation
bars of macro-averaged precision, recall, and F1-score across 10 train/test replicates
of gradient-boosted decision trees (XGBoost) trained on homologous gene copy
numbers (gene content, including absence). BMean and standard deviation bars of
macro-averaged precision, recall, and F1-score across 10 train/test replicates of SNP-
based models using core-gene SNPs. Gene-content-based models consistently

outperformed SNP-based models across antibiotics, with statistical significance
evaluated using the Wilcoxon rank-sum test (Supplementary Table 2). C Feature
ablation (importance-ranked, cumulative): macro-averaged F1-score as top-ranked
features are sequentially removed until reaching 0.5. Pink, copy-number (gene-
content) model; green, SNP-based model.
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(ii) core-gene sequence similarity. Because the trees were constructed from
the same similarity information, this approach is analogous to using clade-
based splits while allowing more partitions and stable evaluation. Under
both partition schemes, SNP-based models degraded substantially (mean
macro F1 = 0.556 and 0.638, respectively; Fig. 3E, F; Supplementary Tables
3, 5). In contrast, gene-content models retained high performance (0.875
and 0.904; Fig. 3C,D; SupplementaryTables 3, 5). These results indicate that
signals encoded by gene copy-number variation generalize more readily
across lineages than core SNP patterns.

Taken together, the distributed nature of the predictive features,
the recurrence of high-importance accessory loci and the stability of
performance under lineage-held-out evaluation support the conclu-
sion that copy-number-based pan-genome representations capture
portable signals that generalize across S. aureus lineages, whereas
SNP-only models are more sensitive to population structure and strain
turnover.

Discussion
Several studies have shown that pan-genome features paired with tree-
ensemble models can predict antimicrobial resistance (AMR). Moradigar-
avand et al.26 reportedgoodperformance inEscherichia coliusing allele-level
features on a relatively modest dataset, and Do et al.27 combined gene
content with SNP to obtain competitive accuracy in E. coli and Klebsiella
pneumoniae. However, these approaches adopt different operational defi-
nitions of the pan-genome: Moradigaravand et al. treat distinct alleles as
separate features, whereas Do et al. restrict to homologous gene clusters
present in > 65% of strains. Here we follow a broader definition similar to
Tettelin28, including all homologous groups (HGs) - core and accessory -
and we encode homologous gene copy number (including absence). Direct
numerical comparison across studies is not straightforward given species,
feature, and split differences; nevertheless, for the overlapping antibiotic
ciprofloxacin our accuracy is comparable despite focusing on S. aureus, a
Gram-positive pathogen.

Fig. 3 | Lineage-held-out evaluation and cross-lineage performance. A Gene-
content (copy number) tree coloured by erythromycin phenotype (resistant, red;
susceptible, blue). B Core-gene SNP tree coloured by the same phenotype.
C Distribution of precision, recall and F1-scores for XGBoost trained on gene-
content features under lineage-held-out splits derived fromhomologous gene cluster
PA pairwise similarity. D As in (C), but lineage-held-out splits derived from core
sequence similarity. EDistribution of precision, recall, and F1-scores for SNP-based

models under the splits used in (C). Except for ciprofloxacin, gene-content-based
models consistently outperformed SNP-based models across antibiotics, with sta-
tistical significance evaluated using the Wilcoxon signed-rank test (Supplementary
Table 4). F As in (E), but under the splits used in (D). Gene-content-based models
consistently outperformed SNP-based models across antibiotics, with statistical
significance evaluated using the Wilcoxon signed-rank test (Supplementary
Table 6).
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For S. aureus, k-mer-based models29,30 and core-genome feature sets16

have achieved strong performance. A recent preprint extended allele-based
features to S. aureus and compared deep learners with tree ensembles,
finding that gradient boosting was typically superior31. Our results are
consistent with that pattern: gradient-boosted decision trees applied to
gene-content features perform well across six antibiotics.

An important caveat, highlighted by Yu et al.18, is that AMR predictors
can overfit population structure and perform poorly on novel lineages. We
therefore evaluated models under lineage-held-out schemes that withhold
groups of related strains, which approximate clade-level partitions. Under
these conditions, SNP-based models degraded substantially, whereas gene-
content models retained high F1. Two observations help explain this dif-
ference. First, feature ablation showed that compared to SNPs a larger frac-
tion of high importance HGC copy number features needed to be removed
before predictive accuracy declined, indicating a distributed (and partly
redundant) predictive architecture rather thandependenceon a fewmarkers.
Second, among high-importance HGCs we recovered a mixture of families
previously implicated in AMR and additional accessory loci. Together, these
patterns are consistent with transferable signals carried by the accessory
genome - including copy-number changes and horizontally acquired ele-
ments - being less tied to specific lineages than core-SNP patterns32,33.

When the analysis is restricted to variation among core homologous
gene clusters, predictive accuracy declines substantially, still these core-
based models generalize better than SNP models under lineage-held-out
evaluation (Supplementary Fig. 5). This pattern supports the view that the
accessory genome captures the determinants of resistance that are not
entirely present in the conserved genomic background. It has been pre-
viously demonstrated, agreeing with our findings, that the use of the core
genome alone incurs a lower recall metric16. From a healthcare perspective,
misclassifying a resistant bacteria as susceptible is a much bigger issue than

the other way around, therefore low recall rates should be kept to a mini-
mum, which is the case for the models presented here.

A common concern is whether models “learn phylogeny” rather than
resistance. In practice, these goals intersect. Gene content is correlated with
clade structure, but lineage-held-out evaluation reduces direct leakage of
lineage identifiers, and the stability of gene-content performanceunder such
splits suggests that a substantial fraction of the predictive signal transfers
beyond the training phylogeny.

This work has limitations. Copy-number estimates can be affected by
assembly fragmentation and coverage variation; although we treat absence
explicitly and use tree ensembles that down-weight noisy features, pro-
spective assessment on read-depth-normalized copy-number variation calls
would be informative. Our lineage-held-out schemes rely on clustering
genomes by pairwise gene-content or sequence similarity; alternative par-
titions or external cohorts would provide additional validation. We did not
benchmark other learners (e.g., LightGBM/CatBoost) or perform calibrated
probability assessment, andwe did not pursue causal attribution for specific
HGCs. These are natural extensions.

Beyond its predictive accuracy, an important practical implication of
this framework is that homologous gene copy number can be robustly
inferred even from draft assemblies or low-coverage sequencing data.
Unlike SNP-based approaches, which require high-quality alignments and
high coverage for core regions, gene-content features tolerate assembly
incompleteness and heterogeneous sequencing depth. This makes copy-
number-based pan-genome modelling potentially highly suitable for clin-
ical datasets, where sequencing conditions and quality can vary widely.

In summary, modelling the pan-genome with homologous gene copy
number yields accurate AMR prediction in S. aureus and, critically, mark-
edly better generalization to previously unseen lineages than SNP-based
models. The distributed contribution of many HGCs, together with

Table 1 | Functional annotations of the top gene clusters contributing to antibiotic resistance prediction

HG Cluster Description based on Blast results Comment References

Cluster2814* Transposes for iteration sequence-like
element IS431mec

Associated with bleomycin resistance https://doi.org/10.1007/s002530050783

Cluster3468* GdpD - Glycerophosphodiester
phosphodiesterase domain containing

Associated with vancomycin resistance in enterococci https://doi.org/10.1056/NEJMoa1011138

Cluster687* IS1182 family transposase Associatedwith immune evasion and its deletionmight be
related to antimicrobial resistance

https://doi.org/10.1371/journal.pone.
0187288

Cluster696* Beta-lactam sensor/signal
transducer MecR1

Associated with methicillin susceptibility https://doi.org/10.1111/j.1440-1681.2007.
04705.x

Cluster502* Penicillin-binding protein PBP2a Associated with penicillin resistance, presence is not
enough to resist methicillin

https://doi.org/10.1002/iub.1289

Cluster5269 MaoC family dehydratase Proposed as a target for drugs, to disrupt the cell
membrane

https://doi.org/10.1016/j.bbapap.2025.
141082

Cluster5022* Replication/maintenance of protein RepL Mobile Genetic Element associated with AMR https://doi.org/10.3389/fmicb.2021.
656306

Cluster5773 Hydroxymethylglutaryl-CoA synthase Proposed as a target for drugs https://doi.org/10.1073/pnas.84.21.7488,
https://doi.org/10.1038/s42003-023-
04639-y

Cluster3813 Class I SAM-dependent methyltransferase Proposed as target, ribosomal protein https://doi.org/10.1126/science.1200877

Cluster3529* 23S rRNA (adenine(2058)-N(6))-
methyltransferase Erm(C)

Associated with AMR https://doi.org/10.1128/jb.169.8.3857-
3860.1987

Cluster3520* 23S rRNA (adenine(2058)-N(6))-
methyltransferase Erm(A)

Associated with AMR https://doi.org/10.1128/jb.169.8.3857-
3860.1987

Cluster3154* Aminoglycoside
nucleotidyltransferase ANT(9)

Confer resistance to spectinomycin https://doi.org/10.1128/spectrum.
00620-23

Cluster583* Tyrosine-type recombinase/integrase(9) Mobile Genetic Element associated with AMR https://doi.org/10.1371/journal.pone.
0001315

Cluster125 SdrD adhesin Not related to antimicrobial resistance, but as it is an
adhesin there are some hypothesis that could be a target,
to avoid the formation of biofilm

Annotations are based on BlastX results against NCBI’s nr database. Where available, links to known resistance functions or gene families are included. Genes associated with AMR are marked with “*".
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recurrence of AMR-linked families, supports the view that accessory-
genome variation provides portable predictive signal. Given its robustness
under lineage-held-out evaluation, this representation is a plausible alter-
native for genomic susceptibility prediction and a practical starting point for
discovering candidate markers for downstream validation.

Methods
Genome data acquisition
Antimicrobial resistance (AMR)phenotypes for S. aureuswere downloaded
from the Bacterial and Viral Bioinformatics Resource Center (BV-BRC)
(accessed on January 21, 2025)34.We filtered for bacterial strains containing
the phenotypes susceptible or resistant to six antibiotics with evidence from
laboratory-derived experiments. We chose to work with cefoxitin, cipro-
floxacin, clindamycin, erythromycin, methicillin and oxacillin, since they
have more than 840 samples each and a balanced distribution of resistant
and susceptible strains (Fig. 1B). Assembled genomes for each bacterial
strain were retrieved from the BV-BRC FTP server.

Genome data processing and feature extraction
Coding DNA sequences (CDS) for the genome assemblies were predicted
using Prodigal (v2.6.3)35. The predicted CDSs were clustered using CD-Hit
(v4.8.1 - 2019)36 with 80% of sequence similarity and word-length of 5,
resulting in non-redundant clusters of similar genes across genomes. The
gene content was represented as a two-dimensional matrix, where each
column is a cluster and each row is a strain. Eachentry in thematrix contains
the number of copies of a given cluster in a genome, with a value of 0
assigned when the cluster is absent. The matrix of cluster presence/absence
is constructed substituting each count different than 0 by 1.

Core geneswere defined as those thatwerepresent in at least 99%of the
strains with exactly one copy. These core gene clusters were individually
aligned across strains, then concatenated to form a singlemultiple sequence
alignment. This alignment was encoded into a feature matrix by converting
each nucleotide or gap character into an integer: ’A’=0, ’C’=1, ’T’=2, ’G’=3,
and ’-’=4.

AMR prediction
The XGBoost classifier (v2.1.3)37 was used to classify strains as either sus-
ceptible or resistant to each antibiotic. We tested three feature representa-
tions. Thefirst twoused gene content: one as amatrix of gene cluster counts,
and the second as a binary presence/absence matrix, where nonzero counts
were converted to one. The third approach used SNP data, represented by
the integer-encoded alignment of concatenated core genes. For each anti-
biotic, strains were divided into non-overlapping training (80%) and testing
(20%) sets to evaluate model performance in ten replicates.

To assess the robustness of the models, resistance phenotypes were
randomly shuffled among genomes, and the classification procedure was
repeated. Adrop in performance to near-random levels was used to confirm
the biological relevance of the original features. This process were repeated
10 times for each one of the three approaches described above.

To evaluate model generalization to unseen lineages, we simulated
predictiononnovel strains.Weused clustalO (v1.2.4)38 to cluster the aligned
and concatenated set of core genes to create clusters with at most
200 sequences,whichwecanuse as test data inboth thegene content and the
point-mutation approach. Given that every sequence in a cluster is dis-
tinguished enough from every other cluster, we treat them as novel strains.
We filtered only novel strain sets with both resistant and susceptible strains.
Regarding gene content, we calculated the pairwise distance of the feature
matrix and used KMeans (implemented in scikit-learn39), to create 10
clusters of similar strains. Similarly to the sequence, each cluster is viewed as
a novel strain set. Clusters representing more than 30% of the dataset or
having only susceptible or resistant strains were excluded from evaluation.

Feature importance analysis
To assess the impact of individual gene clusters and SNPs, an iterative
feature removal strategy was applied on gene content datasets at each

iteration, the most important features (according to XGBoost’s feature
importance by weight) were removed, and the model was retrained. This
process continued until macro F1-score dropped below 0.5. Analyses were
repeated using both raw gene count and SNPs.

Phylogenetic tree construction
Two phylogenetic frameworks were constructed for each antibiotic: one
based on concatenated core gene alignments, and another using binary
presence/absence matrices of all gene cluster alignments were constructed
using concatenated sequences from 313 core homologous gene cluster that
were present in ≥99% of strains with exactly one copy, while gene cluster
matrices were binarized for each genome. Trees were inferred using IQ-
TREE (v2.4.0)40, employing the GTR+F+G4 model for nucleotide align-
ments and theGTR2model for binary data. These treeswere used to explore
evolutionary relationships and the distribution of resistance phenotypes. To
decide where the root of the tree lies, we retrieved 10 genomes of Staphy-
lococcus pasteur from BV-BRC, and processed them as it is describe on the
Genome Data Processing. Cophylogenetic plots were generated using the
cophylo function in the phytools R package (v2.4-4)41, which aligns the
tips of paired trees and provides a visual framework to assess topological
congruence between gene-content and sequence-based phylogenies.

Data availability
Processed datasets and analysis scripts are available at https://doi.org/10.
6084/m9.figshare.30230515.
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