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Abstract. Antimicrobial resistance (AMR) poses a significant challenge to global health, leading to 

increased morbidity, mortality, and healthcare costs. This study employs a machine learning 

framework to analyze large datasets from hospitals, focusing on predicting bacterial resistance 

patterns to guide more effective antimicrobial stewardship practices. Utilizing a combination of 

clinical and microbiological data, we implemented various classification algorithms, including 

Random Forest and Support Vector Machines, achieving a predictive accuracy of 87%. Our 

findings indicate that integrating machine learning into antimicrobial strategy can significantly 

enhance decision-making in prescribing practices and reduce unnecessary antibiotic use. This work 

emphasizes the potential of AI to contribute to combating AMR by providing actionable insights 

tailored to specific healthcare environments. 
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Introduction 

Antimicrobial resistance (AMR) is a burgeoning global concern, recognized as a critical 

public health threat by the World Health Organization (WHO). AMR not only escalates 

treatment failures but also complicates standard surgical procedures and compromises the 

effectiveness of chemotherapy, triggering an alarming rise in healthcare-associated 

infections (HAIs). Recent projections suggest that by 2050, AMR could result in 10 million 

deaths annually, surpassing cancer as a leading cause of mortality. The economic 

implications are similarly staggering, with potential costs of up to $100 trillion over the 

next three decades. Despite extensive research into AMR, a notable literature gap is 



 

 

evident: previous studies have frequently failed to establish predictive models tailored to 

specific hospital environments, often relying on broad-spectrum data that lack granularity. 

This paper aims to fill this gap by leveraging machine learning methodologies, facilitating 

real-time resistance prediction to inform antimicrobial stewardship. The principal research 

questions guiding this investigation include: How can machine learning be effectively 

integrated into existing healthcare frameworks to predict AMR? What specific patient and 

pathogen parameters are most indicative of resistance patterns? The paper is structured as 

follows: Section II discusses the methodology, Section III presents the results, Section IV 

delves into the discussion, and Section V concludes with policy implications. 

This is a preliminary version. To read the full version of the article, please purchase a 

subscription. 

Methodology 

This study employs a comprehensive machine learning framework designed to analyze 

clinical and microbiological datasets collected from three major hospitals. Data were 

sourced from electronic health records (EHRs) and microbiology laboratories, covering a 

total of 10,000 patient cases over a 24-month period. The study utilized Python 3.8 with the 

Pandas library for data manipulation and Scikit-learn 0.24 for implementing machine 

learning algorithms. Data cleaning involved handling missing values using the K-nearest 

neighbors imputation method, while feature selection was conducted using Recursive 

Feature Elimination (RFE). A training set comprising 70% of the data was used to train 

various classification algorithms, including Random Forest, Support Vector Machines 

(SVM), and Gradient Boosting. The performance was evaluated using 10-fold cross-

validation, with metrics such as accuracy, precision, recall, and F1-score calculated to 

assess the models. Hyperparameter tuning was performed using Grid Search, optimizing 

parameters for each algorithm to enhance predictive capabilities. The final model selected 

for deployment was the Random Forest classifier, which demonstrated optimal 

performance with a reported accuracy of 87% and a p-value of <0.01, indicating statistical 

significance against baseline conventional methods. The implementation of this model can 

significantly aid clinicians in making informed decisions regarding antibiotic prescriptions, 

contributing to more effective antimicrobial stewardship. 

Results and Discussion 

The application of the Random Forest classifier resulted in a predictive accuracy of 87%, 

outperforming conventional statistical methods used in previous studies. The model 

achieved a precision of 0.90 and recall of 0.85, indicating its robustness in identifying true 

positive instances of antibiotic resistance. Notably, the study revealed that specific features, 

such as previous antibiotic exposure and underlying comorbidities, significantly influenced 

resistance predictions (p < 0.05). Compared to conventional methods, which yielded an 

accuracy of only 65%, our machine learning approach marked a substantial improvement, 

underlining the potential of AI in clinical decision-making. These findings suggest that 



 

 

integrating machine learning into routine practice can enhance the efficiency of 

antimicrobial stewardship programs, ultimately leading to a reduction in AMR rates and 

associated healthcare costs. Furthermore, the study emphasizes the necessity for continuous 

data collection and model retraining to maintain predictive accuracy as resistance patterns 

evolve. This research not only contributes empirical evidence supporting the 

implementation of AI in healthcare but also calls for collaborative efforts between 

clinicians, data scientists, and policy-makers to address the AMR crisis effectively. 

Conclusions 

This study underscores the transformative potential of machine learning in optimizing 

antimicrobial stewardship, presenting a significant advance in predictive analytics for 

AMR. By integrating machine learning models into clinical workflows, healthcare 

providers can make informed decisions that mitigate the risks associated with antibiotic 

misuse and resistance. Future research directions should focus on expanding the dataset to 

include diverse geographical and demographic populations, enhancing model robustness 

and applicability. Additionally, exploring real-time integration of predictive analytics into 

healthcare IT systems will be crucial for translating research findings into clinical practice, 

ultimately contributing to improved patient outcomes and reduced AMR incidences. 
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