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Construction of A Machine Learning Risk Prediction Model for Adverse Drug Reactions

Based on Real — World Medical Data
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Abstract: Objective To establish a machine learning risk prediction model for adverse drug reactions (ADRs) based on real -
world medical data,and to preliminarily explore its algorithmic rules and applicable strategies. Methods Initially, the real — world
ADRs were divided into severe ADRs and non — severe ADRs according to severity. Then,data preprocessing (including data pre —

screening, missing values handling, data standardization, dummy variable setting, and data balancing) was conducted. Subsequently, a
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machine learning risk prediction model for ADR was established through steps such as dataset partitioning, feature selection, and

algorithm screening. A comprehensive evaluation of the model was conducted from three aspects: performance, clinical practicality,

and interpretability. Finally,a preliminary exploration of the model deployment pathway was conducted. Results The process method

and data processing strategy for establishing a machine learning risk prediction model for ADR were proposed,and the applicable

scope and potential application effects of different algorithms were summarized. Conclusion This modeling process can provide a

reference path for the standardized construction of ADR risk prediction models, and offer methodological insights for enhancing the

safety of clinical medication decisions and reducing the occurrence of ADRs.

Key words:real — world data;adverse drug reaction;machine learning;prediction model;risk prediction
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Fig.1 Modeling flowchart of a machine learning risk prediction model for ADR
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