KEGG Orthology-Based Machine Learning Reveals
Functional Determinants of Antimicrobial Resistance in
Acinetobacter baumannil
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3. RESULTS
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1. KEGG orthology-based functional representation 1. XGBoost performed strongly for -
consistently outperformed gene presence—absence carbapenem resistance prediction, while
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encoding across all machine learning models. TabPFN maintained robust performance
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4. KEY RESISTANCE DETERMINANTS 5. MULTIDRUG RESISTANCE
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5. CONCLUSION & SIGNIFICANCE
KEGG orthology provides a more informative functional Results reveal both canonical resistance genes and broader
representation than simple gene presence—absence. o metabolic or signaling contributors to resistance.
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The framework combines strong predictive performance This provides a foundation for rapid genome-based AMR
with biological interpretability. prediction and future precision antimicrobial therapy.
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