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[ Abstract ] Heterogeneity of treatment effect (HTE) refers to non-random variation in
the magnitude or direction of treatment effects across patient characteristics, disease states, or
clinical contexts. With the development of precision medicine, real-world evidence, and regulatory
science, HTE analysis has become an important methodological tool for bridging population-
average evidence and individualized clinical decision-making. Based on the framework of the
Guide on Methodological Standards in Pharmacoepidemiology (2nd edition), this article interprets
the core concepts, estimands, scale dependence, and causal identification assumptions of HTE. It
introduces three approaches of subgroup analysis, risk modelling, and effect modelling, with

emphasis on their principles, applicable scenarios, implementation steps, and representative case
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studies. Furthermore, this article discusses implementation workflows, credibility assessment, reporting, and

clinical translation in real-world data studies.

[ Keywords ] Heterogeneity of treatment effect; Pharmacoepidemiology; Real-world data; Subgroup

analysis; Risk modelling; Effect modelling; Causal machine learning; Precision medicine
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