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Abstract
Background and Objectives: To investigate how subgroup analyses of published Randomized Controlled Trials (RCTs) are performed
when subgroups are created from continuous variables.
Methods: We carried out a review of RCTs published in 2016e2021 that included subgroup analyses. Information was extracted on
whether any of the subgroups were based on continuous variables and, if so, how they were analyzed.
Results: Out of 428 reviewed papers, 258 (60.4%) reported RCTs with a subgroup analysis. Of these, 178/258 (69%) had at least one
subgroup formed from a continuous variable and 14/258 (5.4%) were unclear. The vast majority (169/178, 94.9%) dichotomized the continuous variable and treated the subgroup as categorical. The most common way of dichotomizing was using a pre-specified cutpoint (129/169,
76.3%), followed by a data-driven cutpoint (26/169, 15.4%), such as the median.
Conclusion: It is common for subgroup analyses to use continuous variables to define subgroups. The vast majority dichotomize the
continuous variable and, consequently, may lose substantial amounts of statistical information (equivalent to reducing the sample size by at
least a third). More advanced methods that can improve efficiency, through optimally choosing cutpoints or directly using the continuous
information, are rarely used. Ó 2022 The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
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Randomized Controlled Trials (RCTs) are the gold standard for evaluating the benefit and harm of an intervention.
RCTs usually focus on the difference in pre-specified outcomes between treatment arms in a trial population, which
informs whether an intervention is beneficial overall. However, some interventions may behave differently in different
types (or ‘subgroups’) of patients. For example: 1) tumour
mutations are associated with the effect of targeted
oncology treatments [1,2]; 2) ferritin level is associated
with the effect of tocilizumab in hospitalized COVID-19
patients [3]; 3) greater baseline visual learning is predictive
of the effect of ketamine for major depressive disorder [4].
As understanding of diseases evolves, there is an
increasing number of subtypes being identified that may
have highly variable outcomes and responses to treatment.

https://doi.org/10.1016/j.jclinepi.2022.06.017
0895-4356/Ó 2022 The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/
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S.F. Williamson et al. / Journal of Clinical Epidemiology 150 (2022) 72e79

What is new?
Key findings
 Randomised Controlled Trials (RCTs) often report
subgroup analyses in which the subgroup is formed
from a continuous variable but analysed as binary.
What this adds to what was known
 To our knowledge, this review is the first to investigate the frequency of continuous subgroupdefining variables and how they are analysed.
 Categorisation of continuous variables is the most
adopted approach in practice (94.9%).
 More sophisticated methods that use the continuous information directly are rarely used in
practice.
What is the implication and what should change
now
 More RCTs should conduct and report analyses
that use the continuous information, rather than
relying on categorization.

This has led to an emerging area, known as ‘precision medicine’ (also referred to as individualized, personalized or
stratified medicine) [5]. Precision medicine aims to identify
patient subgroups that are most likely to benefit from an
intervention, and those that will likely receive no benefit
(or may be harmed). Even when it is not expected that
different subgroups will experience varying levels of
benefit, it may be of interest to demonstrate that an intervention has a consistent effect across subgroups [6]. This
is typically achieved by performing a subgroup analysis,
which investigates the effect of intervention(s) vs. control
in different subgroups to detect differential treatment effects. For each relevant subgroup-defining patient variable,
the treatment effect can be estimated (which we refer to as
‘separate analyses’) and tested for significance within the
subgroup, although this is generally not recommended in
isolation [7]. When assessing heterogeneity of treatment effect between subgroups, an interaction test [8] is appropriate. The most informative approach will implement
both separate analyses and an interaction test.
Several publications have investigated subgroup analysis
in RCTs. Sun et al. [9] showed that subgroup analyses are
common and a high proportion claim significant subgroup
effects. However, interpreting and reporting subgroup analyses can be challenging [10] and findings are often
misleading due to the increased risk of false positives
(owing to unadjusted multiple comparisons) and false negatives (owing to inadequate statistical power) [7,11].
Consequently, there are guidelines available to aid the
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design, analysis and reporting of subgroup analyses (e.g.,
[8,12,13]), as well as recommended criteria to evaluate
the credibility of a subgroup finding (e.g., [14,15]). Key
recommendations include: 1) pre-specifying a small number of subgroups that are well-justified (e.g., based on
observed data in previous studies or biological plausibility);
2) appropriately adjusting for multiplicity; 3) reporting all
subgroup analyses; 4) using interaction tests instead of just
separate analyses. An overview of guidance documents
from different regulatory agencies and key organizations
is summarized by Wijn et al. [11]. Provided appropriate
guidance is followed, several regulatory agencies advocate
the use of subgroup analyses in RCTs [16,17].
There are two potential approaches to conduct a subgroup analysis when the subgroup-defining variable is
based on continuous information. The first would be to split
the continuous variable into two (dichotomization) or more
(categorization) discrete subgroups, then use standard categorical subgroup analysis methods. For example, adult participants could be dichotomized into obese or nonobese
according to whether their body mass index is above or
below a certain cutpoint (e.g., [18]). The treatment effect
could be estimated for each of these categories together
with an interaction between treatment and category. A second approach would be to assess the interaction between
the continuous subgroup-defining variable and treatment effect directly, via a regression model with parameters representing the effect per unit increase in the variable, treatment
arm allocation, and interaction between them. The latter
approach allows direct estimation of the interaction parameter (representing the change in treatment effect from a
one-unit increase in the continuous variable). It is also
possible to plot how the estimated treatment effect from
the model varies with the level of a variable.
There are benefits and drawbacks to the two approaches.
Categorizing a continuous subgroup-defining variable will
be required to permit precision medicine (i.e., to use an
intervention on some patients but not others). Categorization is also considered to simplify the analysis and, from
a clinical perspective, lead to results that are easier to understand and communicate [19,20]. In addition, there may
be cases where dichotomizing reduces the impact of measurement error, compared to using continuous information
directly [21]. From a statistical perspective, categorizing
is not a natural way to analyze continuous data and drawbacks have been discussed extensively in the literature
[22]. One main limitation is the loss of information, which
results in a lower statistical power (equivalent to discarding
at least one-third of the sample [23]). The risk of false positive results may also increase [24]. Furthermore, there is
the issue of choosing the cutpoint for categorization, which
is generally poorly reported [25]. The cutpoint can be prespecified according to previous studies or well-established
clinical criteria. However, this may not lead to optimal statistical properties being used, especially if the cutpoint results in a subgroup with a low proportion of trial
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participants [26]. Instead, cutpoints could be chosen in a
data-dependent way e.g., by using the median of the
observed distribution of the subgroup-defining variable.
However, this complicates the comparison of results between different studies [27]. Approaches that avoid using
cutpoints may be more powerful [28]. When a cutpoint is
not chosen a priori, there is a risk of bias because it may
have been chosen to falsely demonstrate that a treatment
performs better in a particular subgroup [25]. There is a
rich literature on more complex approaches to choosing
the cutpoint [29].
The benefits of directly assessing the interaction are that
there will be a higher power to detect interactions and it
avoids having to specify a cutpoint. Drawbacks include
the model assumptions. For example, a regression model
may assume a linear relationship between biomarker-level
and treatment effect, whereas more complex biological relationships often exist [30]. Applying transformations or
other methods for allowing nonlinear relationships, such
as fractional polynomials [31], can address this, although
may be difficult to interpret.
The primary aim of this paper is to gain a better understanding of current practice by investigating how often subgroup analyses in RCTs use continuous subgroup-defining
variables and which methods are used to analyze them. This
will contribute to the longer-term aim of promoting wider
uptake and development of alternative methods for subgroup analyses in RCTs.

stage was conducted, in which 50 further articles were
double-reviewed. After this, the remaining papers were
single-reviewed. Any papers that were unclear thereafter
were flagged for independent assessment by SFW and JW.
For the purposes of this review, we restricted eligibility
to papers that reported and/or compared the treatment effect
within a subgroup and its complementary subgroup(s). For
example, a study presenting treatment effects in Japanese
participants and non-Japanese participants (such as [32])
would be eligible. However, a study where this was done
in Japanese participants only and the overall trial population (such as [33]) would not be eligible. Only subgroups
that were defined at baseline and applied to all arms of
the trial were considered. Moreover, we only included papers that explicitly reported the methods and corresponding
results. If a paper mentioned performing an interaction test
but this was not presented in the results or supplementary
material, it was excluded.
For each eligible paper, we proceeded with extraction of
the relevant information, which included the following key
questions:
1. What methods were used for subgroup analysis?
2. Were any subgroups based on continuous
information?
3. If 2. was true, were they categorized?
4. If 3. was true, how was the cutpoint determined?
The complete list of extraction questions, with a brief
description of each, is summarized in Supplementary
Table S1 of the Supplementary Materials.

2. Materials and methods
To investigate how often subgroup analyses in RCTs use
continuous variables, we searched PubMed on February 5,
2021, using the following search term:
(‘‘subgroup analysis’’ OR ‘‘sub-group analysis’’) AND
ffrft [Filter] AND clinical trial [Filter] AND (‘‘2016’’
[Date - Publication]: ‘‘3,000’’ [Date - Publication]) AND
English [Language] AND trial [Title/Abstract] AND (randomized [Title/Abstract] OR randomized [Title/Abstract]
OR clinical [Title/Abstract])
This restricted results to free-full-text clinical trial articles from 2016 that contained ‘‘subgroup analysis’’ in their
text and ‘‘randomized trial’’ in their title/abstract. This returned 410 articles for review. An additional search using
the term ‘‘moderator analysis’’ instead of subgroup analysis
returned a further 17 articles.
SFW and JW created an extraction spreadsheet with
accompanying slides containing further information and
illustrative examples, which were presented to the group to
discuss ambiguities. Following this, a pilot extraction of 40
papers was conducted, where each reviewer was allocated
the same ten papers as another reviewer. Discrepancies were
discussed as a group and used to inform further refinements to
the eligibility criteria and extraction spreadsheet; the final
version is provided as Supplementary File 1. A second pilot

3. Results
A total of 427 papers were returned from the search; an
overview of the main results is presented in Fig. 1. Once all
completed reviews were merged and finalized, 147 (34.4%)
papers had been independently reviewed by at least two
people.
Of the 427 papers reviewed, 258 (60.4%) reported a subgroup analysis according to our definition. The remaining
169 papers were considered noneligible due to: only reporting results in a subgroup (with no analysis of treatment effect); not being a RCT (including six meta-analysis
reports); and using post-baseline measurements to form
the subgroup.
The characteristics of the 258 eligible RCTs are summarized in Table 1. In most cases (141/258, 54.7%), the phase
of the trial was not stated or not applicable (e.g., due to a
nondrug intervention) so was recorded as unclear. For the
117/258 (45.3%) papers where the phase was available
(in the manuscript or corresponding ClinicalTrials.gov entry), the majority were phase three trials. In 90/258
(34.9%) papers, the subgroup analyses were pre-specified
and 55/258 (21.3%) were post-hoc, with 14/258 (5.4%)
containing both pre-specified and post-hoc subgroup
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Fig. 1. Overview of review process. The values in parentheses represent the number of papers in the analysis.

analyses. However, many papers (38.4%) did not clearly
state whether the subgroup analysis was pre-specified or
post-hoc.
Table 1 also reports the type of method used for subgroup analyses. Just over half of the papers reported both
separate analyses and an interaction test. However, a large
proportion of papers (42.6%) reported only separate analyses in the subgroups. Interaction tests were exclusively
reported in only 16/258 (6.2%) papers.
Table 2 summarizes how often continuous subgroupdefining variables were used and how they were analyzed
(see also Fig. 1). Across the 258 eligible RCTs, 178
(69%) included at least one subgroup analysis where the
subgroup was formed from a continuous variable (or combinations of continuous variables) and 14 were unclear. For
example, in an oncology study [34] where the subgroups of
interest were histological subtype and tumour grade, it was
not obvious whether the criteria used to make these
diagnoses were based on underlying continuous information. Similarly, in a RCT that classified patients with Alzheimer’s disease [35] into mild and moderate, these
subgroups were not explicitly defined. Although they are
likely to be based on some continuous measurement(s),
we cannot be sure from the details provided in the paper
alone, and hence such cases were reported as ‘unclear’.
However, if the criteria used to form the subgroup was
clearly reported in the text and included at least one continuous measurement, such as the National Heart, Lung and
Blood Institute criteria used to classify asthma severity in

[36], then the subgroup was recorded as being based on
continuous information.
Amongst the 178 papers that had a subgroup based on
continuous information, 169/178 (94.9%) dichotomized
(or categorized) the variable and analysed using standard
binary approaches (e.g., logistic regression). Out of these
169 RCTs, the majority (76.3%) appeared to use specified
cutpoints that had been chosen a priori. In some cases,
these were clearly stated as being standard for the clinical
area. For example, when investigating outcomes in patients with metastatic castration-resistant prostate (e.g.,
[37]), it is routine to dichotomize at the age of 75. In a
subgroup analysis of patients with high and low levels
of pain [38], a cutpoint of 20 is used, in line with the pain
catastrophising scale [39]. In cases where the choice of
cutpoint was not explicitly stated, with no reference to
standard practice or the baseline data, we assumed that
these had also been specified (e.g., adopted from previous
studies). In the 26/174 papers that used the data to determine the cutpoint, most of them (69.2%) used the sample
median as the cutpoint. Other quantiles (including tertiles,
quartiles, deciles) and the mean were also reported. Meyer
et al. [40] used the Youden index [41] to select the cutpoint in plasma concentration that optimized the area under the mortality receiver operating characteristics curve.
As well as dichotomizing based on the Youden index, the
plasma biomarker concentration was divided into deciles
to emulate testing it as a continuous variable and to
‘‘maximize information content’’. In some cases, multiple

76

S.F. Williamson et al. / Journal of Clinical Epidemiology 150 (2022) 72e79

Table 1. Summary of extracted data. The denominator for computing percentages (given to 1 decimal place) is stated in each heading
Eligible?
Yes
No
Phase of the trial?
1/2
2

n (% out of 427)
258 (60.4%)
169 (39.6%)
n (% out of 258)
1 (0.4%)
25 (9.7%)

2b

3 (1.2%)

2/3

4 (1.6%)

3
3/4
4
Unclear
Was the subgroup analysis pre-specified or post-hoc?

65 (25.2%)
1 (0.4%)
18 (7%)
141 (54.7%)
n (% out of 258)

Pre-specified

90 (34.9%)

Post-hoc

55 (21.3%)

Both

14 (5.4%)

Unclear

99 (38.4%)

What methods were used for subgroup analysis?
Separate
Interaction test
Separate and interaction

cutpoints were used. For example, in Macarulla et al. [42],
patients were stratified by age at cutpoints of 65, 70 and
75 to allow ‘‘exploration of outcomes in older patients
with greater sensitivity than the pre-specified subgroup
analysis with a single cutpoint at age 65’’. One RCT
[43] used clustering of baseline covariates to form
subgroups.

n (% out of 258)
110 (42.6%)
16 (6.2%)
132 (51.2%)

We found only ten examples (5.6%) where a continuous
subgroup-defining variable was directly used in regression
analysis to explore statistical interactions (six of which
were returned from the ‘‘moderator analysis’’ search).
These are highlighted in the completed extraction spreadsheet (Supplementary File 1). Of these, six used the continuous information directly and did not dichotomize; one

Table 2. Summary of how often subgroups were formed from continuous information and how this was accounted for in the analysis
Were any subgroups based on continuous information?
Yes

n (% out of 258)
178 (69%)

No

66 (25.6%)

Unclear

14 (5.4%)

How was continuous information used in the analysis?
Dichotomized only

n (% out of 178)
166 (93.3%)

Used directly

6 (3.4%)

Used directly and dichotomized

3 (1.7%)

Used directly and unclear whether also dichotomized

1 (0.6%)

Unclear

2 (1.1%)

How was the cutpoint determined?
Specified

n (% out of 169)
129 (76.3%)

Using the data

26 (15.4%)

Unclear

14 (8.3%)

S.F. Williamson et al. / Journal of Clinical Epidemiology 150 (2022) 72e79

used the continuous information directly and it was unclear
whether they dichotomized; and three did both.
We highlight the following examples as good practice of
conducting subgroup analyses when the subgroup-defining
variable is continuous. In Murray et al. [44], pre-specified
subgroup analyses for baseline HbA1c, baseline score of
the ‘Problem Areas in Diabetes’ (PAID) scale and duration
of diabetes were undertaken, in which each variable was
dichotomized for the separate analyses but treated directly
as continuous in the interaction. The significance of the
interaction between each continuous subgroup and the
intervention was assessed using a Wald test. Although
interaction P-values for the categorised subgroup variables
weren’t presented, duration of diabetes had a significant
interaction with intervention on PAID without strongly
inconsistent effect estimates in the dichotomized duration
categories. Asche et al. [45] included 14 variables for subgroup analysis, of which body mass index, systolic blood
pressure and diastolic blood pressure at baseline were
treated as continuous variables in the treatment by subgroup interaction test. These variables were also categorized, with the treatment effect in each category
summarized by odds ratios (and corresponding 95% confidence intervals). There was no disagreement in significance
between the two approaches, although for diastolic blood
pressure, the P-value for interaction was 0.01 with the
continuous variable and 0.04 with the categorized variable.
Krampe et al. [46] investigated how the ‘pretreatment willingness to change’ score was associated with the estimated
intervention effect using a Johnson-Neyman plot. This illustrates when a significant intervention effect becomes
non-significant and is an informative alternative to dichotomizing. Lastly, Ferris et al. [47] assessed several immune
score variables both as continuous expression levels (with
a square root transformation) and dichotomizing at  5
or O 5 percent positive cells. The results in their supplementary material indicate that no significant interaction effects were found with either method.
Other interesting examples that used Bayesian analysis
and incorporated data from previous trials were also highlighted during the search, as has been previously recommended by Song and Bachmann [48]. In a follow-up trial
[49], which aimed to confirm a previously reported subgroup analysis, a Bayesian repeated measures linear model
was used for the primary endpoint analysis, with 30% of
the subgroup information borrowed from the previous trial.
Iglesias et al. [50] also used Bayesian methods for the primary and subgroup analyses, with priors constructed using
data from each subgroup of patients in a previous trial.
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that, although this is common, the statistical analysis usually ignores the continuous nature through categorizing
and applying methods for binary subgroups. This was the
case for nearly 95% of the papers reviewed. Consequently,
many subgroup analyses in RCTs may be less efficient than
they could be. We also found limited use of sophisticated
methods for defining a cutpoint, despite the availability of
such methods [29], and only a few examples where the
rationale for dichotomization, and choice of cutpoint, was
justified. Obtaining a better understanding of why dichotomization is the preferred approach in practice and the
perceived barriers of using continuous information directly
in subgroup analyses would help inform development of
alternative methods.
Unlike previous reviews, which typically focus on a specific disease area, this review captures an extensive range of
RCTs, covering a variety of disease areas, interventions and
countries. The main difficulty we encountered was that the
quality of reporting varied substantially. Several items, such
as the type of analysis performed and whether the subgroup
analysis was pre-specified or post-hoc, were poorly reported (consistent with previous reviews [8]). However,
through two pilot phases, regular discussions between reviewers to resolve discrepancies and over a third of the papers being double (or triple) reviewed, we improved the
consistency and accuracy of our extractions. By restricting
our search to freely available papers that mentioned ‘‘subgroup’’ or ‘‘moderator analysis’’, our review is not exhaustive. The focus of this review is on the subgroup analysis
methods used in RCTs; further work could explore the proportion of these that reported significant subgroup effects.
In conclusion, we have found that it is very common for
subgroup analyses in RCTs to categorize continuous
subgroup-defining variables. Ideally, we would recommend
that at least one reported analysis keeps them continuous,
which was only done in 10/178 of the papers reviewed.
Further investigation into the rationale for categorization,
together with the development and dissemination of better
methods, would facilitate more informative subgroup analyses and increased efficiency.

Appendix A
Supplementary data
Supplementary data to this article can be found online at
https://doi.org/10.1016/j.jclinepi.2022.06.017.
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