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ABSTRACT Heterogeneity treatment effect (HTE) analysis systematically examines variations in treatment responses
across different patient populations in clinical research, enabling the advancement of personalized treatment strategies.
Machine learning methods, with their ability to identify complex interactions, provide an effective approach for more
accurately and efficiently identifying responsive populations in HTE analysis. This article systematically reviewed
machine learning models commonly used in HTE analysis within clinical research, categorizing them into four types,
i. e. penalized regression models, causal tree models, Bayesian models, and meta-learning models. We also outlined
the advantages, disadvantages, and suitable data types for each category within HTE analysis, and explored poten-
tial application scenarios for different machine learning methods in clinical research of traditional Chinese medicine
(TCM), so as to provide methodological support for implementing HTE analysis in TCM clinical research.

Keywords heterogeneity treatment effects analysis; machine learning; penalized regression models; causal tree

models; Bayesian models; meta-learning models
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