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1. Introduction

Subgroup analyses are pervasive among randomized con-
trolled trials (RCTs) in efforts to assess whether treatment
effects vary across patient characteristics such as biomarker
status, disease burden, or prior therapy. Regardless of the
overall trial result, subgroup analyses are routinely con-
ducted. In positive trials, they help to identify who benefits
most or least. In negative trials, they often serve as explora-
tory tools to uncover signals that could inform future clini-
cal trials. While these analyses can generate valuable
clinical insights, they come with substantial methodological
risks. Too often, noise rather than any biological signal
drives the narrative. Key concerns include inflated type I
errors, limited power, and misinterpretation of p values,
which can lead to false-negative and false-positive results.

Most RCTs are designed to detect an average treatment
effect, assuming homogeneity of the response across the
population. Yet in reality, patient populations are biologi-
cally and clinically heterogeneous. Subgroup analyses
attempt to capture this variability, but must be conducted
and interpreted with rigor and caution to ensure valid and
meaningful conclusions.

2. The statistical challenges
2.1. Inflated type I errors

Most RCTs are designed to test the overall treatment effect
and not for detection of effects in subgroups. With each
additional subgroup comparison, the likelihood of a false-

positive result increases. For example, testing five indepen-
dent subgroups yields a 23% chance of observing at least
one p value <0.05 by chance alone, which rises to 40% with
ten independent subgroups (Fig. 1A). Moreover, the proba-
bility of seeing a reversal of a treatment effect in at least
one subgroup is surprisingly high. With eight subgroups
and a modest treatment effect (standardized differ-
ence = 0.2), there is an 89% chance of observing a subgroup
in which the direction of an effect appears to be reversed,
purely due to chance.

2.2. Lower statistical power

If a subgroup is of interest, the hypothesis should ideally be
specified at the planning stage, with control for type I errors
and adequate power. For example, the phase 3 AMBASSA-
DOR trial (NCT03244384) was designed with disease-free
survival and overall survival (OS) as joint primary endpoints
for assessment of the treatment effect in both the overall
population and subgroups defined by PD-L1 expression sta-
tus [1]. The trial maintained rigorous control of type I error
at a one-sided level of 0.025 and used an iterative testing
procedure [2].

Subgroup analyses often face lower power because of
smaller sample sizes and fewer events. For instance, if only
50% of trial events occur in a subgroup, the power for detec-
tion of a hazard ratio of 0.75 can decline substantially, even
if the study has 85% power (Fig. 1B). This low power
increases the risk of false-negative results and instability
in estimating the treatment effect in the subgroup.
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Fig. 1 - (A) Probability of false positives as a function of the number of analyses of mutually independent subgroups. (B) Impact of an interaction effect and

sample size on statistical power.

2.3. Visual fallacy: separate subgroup significance tests can be
misleading

A common pitfall in subgroup analyses is interpretation of
separate tests of the treatment effect within subgroups as
evidence of differential efficacy. Suppose a treatment effect
is significant overall (eg, p = 0.045) and also appears to be

significant in one subgroup (p = 0.034) but not in another
(p = 0.48). This does not mean that the treatment works
in one group but not the other. Such conclusions are mis-
leading without formally testing of the interaction between
treatment and subgroup. The appropriate metric is the
interaction hazard ratio (HR), defined as the ratio of HRs
across subgroups, which is a direct measure of whether
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the treatment effects differ. As shown in Fig. 1B, the statis-
tical power decreases when a true interaction exists, which
underscores the importance of planning for such analyses
during trial design when supported by a biological rationale
[3]. In addition, subgroup misclassification (eg, because of
biomarker error) can further reduce the statistical power,
so larger sample sizes are needed to adequately detect
interaction effects [4].

3. Levels of evidence and the role of meta-analysis

The credibility of a subgroup claim depends on the study
design and context. Prespecified analyses with adequate
power, significant interaction tests, and a biological ratio-

nale carry more weight than post hoc findings (Fig. 2A). In
the CHAARTED trial, a prespecified subgroup analysis

(A)

A priori

showed that men with high-disease volume metastatic
hormone-sensitive prostate cancer (mHSPC) had longer OS
with androgen deprivation therapy (ADT) + docetaxel than
with ADT alone (hazard ratio 0.60, 95% confidence interval
0.45-0.81) [5], although the study was not designed to test
for an interaction between treatment and disease volume.
This was later confirmed in a meta-analysis of three mHSPC
trials [6]. Similarly, the STAMPEDE trial found no OS benefit
from prostate radiotherapy overall, but a prespecified sub-
group analysis suggested benefit for men with low meta-
static burden [7], which was confirmed in a pooled meta-
analysis [8]. Because single trials are often underpowered
for detection of interactions, meta-analyses can help in
improving the statistical power, confirming reproducibility,
and supporting robust conclusions, and can potentially
shape treatment guidelines.
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Fig. 2 - Subgroup analysis: (A) hierarchy of evidence and (B) best practices.
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4. Traditional versus data-driven subgroup definitions

Subgroup definitions have traditionally relied on clinical
judgment and biological rationale, such as classification of
patients by tumor stage, biomarker expression, or prior
treatments. These categories are grounded in existing
knowledge and are easier to interpret and communicate.
However, they may overlook more complex predictors of
treatment heterogeneity.

By contrast, data-driven methods such as recursive par-
titioning, clustering, and machine-learning algorithms can
uncover unrecognized subgroup effects. For example, an
approach called subgroup identification via differential
effect search (SIDES) uses tree-based algorithms to identify
subgroups with enhanced treatment-effect interactions [9].
While such approaches generate novel hypotheses for
future trials, they raise concerns about overfitting, repro-
ducibility, and interpretability. Regulatory acceptance will
probably require external validation and biological plausi-
bility. Integration of classical and data-driven approaches,
anchored in statistical rigor, represents a promising area
for future research.

5. Conclusions

Subgroup analyses must be approached with caution.
Unless such analyses are prespecified at the design stage,
any findings should be considered exploratory and con-
firmed in future trials (Fig. 2B). Poorly designed subgroup
analyses risk misleading interpretation and may erode trust
among clinicians, regulators, and the public. Credible sub-
group claims require safeguards such as prespecification,
adequate power, formal interaction testing, and meta-
analysis. Statistical reporting should emphasize effect sizes
and confidence intervals, in line with the 2016 guidance
from the American Statistical Association on the appropri-
ate use of p values [10].

Regulatory decisions are based not only on statistical sig-
nificance, but also on biological plausibility, safety, and the

totality of evidence. A well-thought, transparent approach
is essential to ensure subgroup findings contribute mean-
ingfully to evidence-based decision-making.
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