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Figure 4: aspirin data. Plot of: (a) risk estimates of developing colorectal adenomas, (b)
absolute treatment effect measured as the difference in the risk of developing colorectal ade-
nomas estimates (aspirin minus placebo; a value below zero suggests that aspirin is better),
(c) relative treatment effect measured as the odds ratio estimates (aspirin vs. placebo; a value
less than one suggests that aspirin is better). Panels (b) and (c) also report the corresponding
95% confidence regions.

evidence for heterogeneity in the treatment effects among the subpopulations. On the one
hand, these results confirm the original study findings; that is, the 81 mg/day aspirin dose
reduces the risk of adenomas compared with placebo. On the other hand, they also suggest
that patients benefiting the most from the low-dose aspirin are those aged around 57 years.

5 Discussion

STEPP is a well established exploratory tool for identifying the presence of treatment-
covariate interactions. We remark that STEPP is not meant to be used to determine specific
cutpoints in the range of values of the covariate of interest, but rather to provide some indica-
tion regarding the ranges of values of the covariate of interest for which the treatment effect
might have a particular behavior. The permutation test p-value indicating the statistical sig-
nificance of treatment heterogeneity should always be presented together with the graphical
representation of STEPP to avoid over-interpretation of the results. Notably, STEPP makes
little or no modeling or distributional assumptions while estimating the treatment effects
across values of the covariate, so that it is essentially non-parametric in nature. Although
STEPP addresses the multiple testing issues in subpopulation analysis, as heterogeneity is
evaluated globally with an omnibus statistical test, it only does so for one covariate. One
still needs to address the multiple testing issue if several different covariates are examined. In
addition, the STEPP approach does not consider the issue of post-hoc analysis as opposed to
pre-specified analysis as well as issues of confounding if the analysis is based on retrospective
exposure assessments as opposed to randomized treatments. As is the case with any explo-
ration of subgroup treatment effects, hypothesis generating analyses should be distinguished
from those intended to evaluate pre-specified hypotheses. Finally, we remark that the STEPP
idea is not directly connected with the kernel conditional density estimator as illustrated in
Hyndman et al. (1996) and implemented in the hdrcde R package (Hyndman et al., 2022),
even if both approaches exploit the idea of generating subgroups based on the values of a
covariate of interest.

In this paper, we presented the stepp packages that allow researchers to perform an


