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Research Progress on Application of Causal Machine Learning in Medical Decision-making
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Abstract This paper summarises the core concepts and fundamentals of causal machine learning,as well as the research progress
of its application in healthcare, providing an important reference for medical researchers,doctors and policy makers. It introduces
the basic concepts of causal learning, the main causal models, and causal machine learning models, systematically sorts out the
progress and challenges of the application of causal machine learning in medical decision-making. This paper points out that causal
machine learning-related technologies can be effectively applied to the process of medical diagnosis, treatment, and prediction to
enhance the ability to control and identify the disease,thus helping doctors and decision makers better understand and predict the
treatment effect,and provide more effective medical solutions for patients. Therefore, causal machine learning has a broad applica-
tion prospect in medical decision-making,but it still faces challenges in data quality and model interpretability at the moment. Fu-
ture research should focus on how to overcome the existing challenges, provide more precise and personalised medical decision
support to maintain patients’ health to a greater extent.
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